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Abstract

Technology-enabled work-at-home (WAH) has been widely adopted and accelerated by
the COVID-19 pandemic. The rapid growth of WAH is likely to transform the modern
workplace and people's behaviors regarding work, housing, and transportation. This
study presents a comprehensive analysis of the temporal and spatial trends of WAH in
the U.S. between 2013 and 2022 at both the county and census tract levels. We combined
multi-year and multi-scale American Community Survey data to illustrate the trend. Two
different regression models were performed to evaluate various factors associated with
the WAH rate and the change in the WAH rate, respectively. After accounting for the
fixed effects of years and states, our panel model indicated that the WAH rate was
negatively associated with population density, car-driving commuters, long-distance
commuters, and bedrooms per capita. It was positively associated with high socio-
economic status, middle-aged populations, married people, the presence of children, and
house size. The model focusing on the change of WAH was largely consistent with the
panel model but highlighted the potential impact of WAH in aggravating spatial
disparities regarding race and ethnicity, income, education, and age. It may also reduce
car driving and increase the demand for single-family houses. We discussed the policy
implications relevant to our results, including issues of suburbanization, social equity,
an age-friendly and family-friendly society, and transportation and housing choices.
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Introduction

Traditional workplace dynamics have been rapidly transformed with the advancement of
information and communication technologies (ICTs), which enable people to complete many
work tasks virtually (Ellison 2004). An increasing number of workers in a wide variety of
occupations have adopted work-at-home (WAH) as a common workplace arrangement in the
recent decade (Althoff et al. 2022). This trend has been accelerated by the COVID-19 pandemic,
which forced many employers and workers to transition from office-based work to telework
(Belzunegui-Eraso and Erro-Garcés 2020). Although concerns about virus infection diminished
over time, WAH remains ubiquitous after the pandemic (Sostero et al. 2020). People may benefit
from the flexibility and cost saving offered by WAH (He and Hu 2015; Parra-Lokhorst 2021),
but they are also exposed to the risks of social isolation, overwork, and lack of accessibility
(Beckel and Fisher 2022). A rich body of literature has explored the impacts of WAH on
individuals, including work-life balance, health and well-being, productivity, accessibility, and
social equity. However, little has been done to uncover the aggregate impacts of WAH on a

region or local community from a geographic perspective.

We are motived to investigate the most recent temporal and spatial trend of WAH in the
U.S. As WAH becomes the new normal in workplace settings, understanding its pattern of spatial
distribution and the factors associated with this pattern is essential for preparing for its potential
impacts and implications. These impacts and implications are relevant to policies concerning
population and economic growth, social equity, age-friendly and family-friendly societies,
housing demand, and transportation behavior. Therefore, there is a need for an analysis of the
recent WAH trend with high geographic resolution throughout the U.S., examining a variety of
factors associated with the spatial distribution of WAH. This study contributes to this literature
gap by answering the following four research questions: (1) How is the prevalence of WAH

distributed across the country? (2) How has the prevalence of WAH changed over the last ten



years? (3) What factors are associated with the prevalence of WAH? and (4) What factors are

associated with the change in the prevalence of WAH?

A challenge in answering these questions is the lack of sufficient datasets that provide
information about WAH at a fine-grained geographic level and cover the entire country. We
utilized an instrument about transportation modes for travel to work in the American Community
Survey (ACS), which included the choice of “work at home,” to extract the proxy variable for
our analysis. As a large-scale national dataset based on an ongoing household survey program,
ACS has good temporal frequency and spatial coverage, enabling us to unveil the temporal and
spatial trends of WAH with high geographic resolution. It also provides rich information about
sociodemographic characteristics, family structure, transportation behavior, and housing, which

can be linked to the trend of WAH.

Our results are informative for decision-makers in the government and industry to plan
for the potential transformation driven by the widespread adoption of WAH. The study will be
particularly relevant to housing development, community and transportation planning, workforce

development, and social welfare.

Prior works and research gaps

We reviewed studies on three topics: (1) the trends in WAH before and after the COVID-19
pandemic, (2) factors associated with WAH, and (3) potential implications of WAH. After

reviewing the important prior works, we summarized the research gaps that we filled in this study.

Trends in WAH before and after the pandemic

WAH began during the oil crisis of the 1970s when workers increasingly became mindful of the

rising fuel prices, traffic congestion, and long commuting, especially in dense metropolitan areas



(Bailey and Kurland 2002). Despite this increasing awareness, WAH did not record a marked
increase. Even at the beginning of the age of widespread use of computers and the internet in the
early 2000s, the share of WAH workers had not visibly increased (Pratt 2002). The slow diffusion
of WAH in the early age was highly concentrated in limited industries, such as ICT (Py6rid 2011;
Hynes 2016). WAH was constrained because some organizations and managers were not willing
to provide such flexibility due to the perceived negative effects of remoteness such as isolation,
lack of direct control, and shirking of work (Bailey and Kurland 2002; Illegems and Verbeke

2004; Ton et al. 2022).

Beginning from the early 2010s, the growth in telework was dramatic. Part of this was
related to the emergence and massive diffusion of the knowledge economy that births
occupations and jobs that are inherently suited for remote work. Dey et al. (2020) estimated that
about 45% of U.S. employments were in occupations eligible for WAH. Another study showed
that 37% of jobs in the U.S. can be performed entirely from home. Worldwide, about 20% of
jobs are work-from-home feasible, as the percentage is significantly lower in developing

countries than developed countries (Garrote Sanchez et al. 2021).

Another reason behind the accelerated growth of WAH is the increasing awareness and
attention drawn to the twin factors of work-life balance and family-friendly policies (Felstead et
al. 2002). Historically, the excessive loads and demands of work and the lack of opportunities to
balance work and multiple nonwork responsibilities led to deleterious effects on workers’
wellbeing and performance outcomes (Kalliath and Brough 2008; Yuile et al. 2012). This
concern compelled governments to enact various policies that provide avenues for workers,
particularly parents, to undertake childcare responsibilities or other nonwork activities such as
study, sports, and travel (Cho 2020). The flexibility of engaging in other nonwork activities partly

increased the desire and growth of telework (Biron, Casper, and Raghuram 2022).



WAH has become even more diffusive since the Covid-19 Pandemic. The 2023 WAH
rate in the U.S., for example, was four times its 2019 level (Barrero, Bloom, and Davis 2023).
During the lockdown period in the U.S. work-from-home rate rose dramatically - in just about
four months it increased by about 330% from February to May 2020 (Bick, Blandin, and Mertens
2023). 72% of workers whose job allowed a degree of virtual work eventually worked from home
in May of 2020 (Bick, Blandin, and Mertens 2023). About half of the pre-pandemic workers
started working from home during the pandemic (Brynjolfsson et al. 2020). And WAH remains
ubiquitous in many occupations in the post-pandemic era, despite the decreasing concern over

infection recently (Golden 2022; Semuels 2022).

Factors associated with WAH

The literature has examined various factors associated with the recent trend in WAH, including
sociodemographic characteristics, housing, and transportation. However, many factors showed
contradictory effects in different studies. For instance, researchers found significant associations
between WAH and several household arrangement characteristics, such as presence of children
in the house and marital status. Some studies indicated that working parents are more likely to
value the opportunity to work from home highly due to their childcare responsibility, and
therefore, having children has been shown to have a positive association with the likelihood of
WAH (Sweet and Scott 2022; Barrero, Bloom, and Davis 2023). However, a representative
German sample suggested parents were less likely to WAH compared to those without children.
Marital status also showed ambiguous effects (Zhang et al. 2020). Dey et al., (2020) found that
compared to married couples, unmarried people were more likely to work in jobs ineligible for
WAH. However, the same German study demonstrated that single individuals were more likely

to WAH than married people (Zhang et al. 2020). Nevertheless, partnered parents were more



likely to WAH than single parents (Zhang et al. 2020). In addition, Baruch (2000) unveiled that

telework improved family relationships.

Education and income show more consistent associations. Researchers revealed that
education level had a significantly positive correlation with the likelihood of WAH (Saltiel 2020;
Bick, Blandin, and Mertens 2023). Well-educated people were more likely to work in
knowledge-based jobs that require less manual tasks or physical presence at workplace (Saltiel
2020; Bick, Blandin, and Mertens 2023). Income has also been found to have a positive
association with WAH. Low-income workers were less likely to WAH, whereas high-income

counterparts had more possibility to WAH (He and Hu 2015; Garrote Sanchez et al. 2021).

Three other common demographic variables that may be associated with WAH are
gender, race and ethnicity, and age. The effect of gender is mixed. Some studies reported that
females were more likely to WAH because it makes it easier to simultaneously undertake caring
responsibilities (Maruyama and Tietze 2012). However, such an explanation may confuse gender
with motherhood. Absent the motherhood component, no compelling evidence explains why one
gender should prefer WAH more than the other. In the aforementioned German sample, for single
individuals without children, males were more likely to WAH than females, while single mothers
were more likely to WAH than single fathers (Zhang et al. 2020). The difference between the
genders may partially be due to other factors such as job type and work hours. Bailey & Kurland
(2002), for instance, found that male professionals and female clerical workers dominated the

WAH trend.

In terms of race and ethnicity, non-Whites were found significantly less likely to WAH
than Whites in some studies (Dey et al. 2020; Bick, Blandin, and Mertens 2023). In a context of
the U.S., Black and Hispanic workers were found less likely to WAH during the pandemic,

implying a structural racial disparity (Brynjolfsson et al. 2020).



Age has been found to be associated with the possibility of WAH. Some studies
suggested a positive correlation between age and WAH, especially during the pandemic (Dey et
al. 2020; Yasenov 2020; Garrote Sanchez et al. 2021; Barrero, Bloom, and Davis 2023). However,
a European study found that compared to younger workers, older workers intended to not WAH
after the pandemic (Sostero et al. 2020). A U.S. study also showed that younger people were
more like than the older population to choose WAH during the pandemic (Brynjolfsson et al.
2020). Use of computers and ICTs needed for telework may be the barrier for older workers

(Arvola et al. 2017).

Transportation and commuting are also associated with the likelihood of WAH.
Caulfield (2015) and Ton et al. (2022) both found that WAH was correlated with the access and
usage of public transit. The former found that WAH was more popular in areas with less access
to public transit in the Dublin Area, Ireland (Caulfield 2015). The latter, however, showed that
transit commuters were more likely to WAH during the pandemic (Ton et al. 2022). Additionally,
a U.K.-based survey suggested long-distance commuters tended to WAH more frequently as it

may be strategy to mitigate the travel costs (de Abreu e Silva and Melo 2018).

Implications of WAH

There have been mixed concerns and research findings about the implications and/or impacts of
WAH. This study focuses on the implications that are more likely to concern geographers in
various fields, that is, how WAH would affect the environment, economy, and society across

space.

First, WAH has essential implications for both the natural and built environment of the
world. WAH may help combat climate change by reducing commuting travel and transportation-
related emissions. However, the literature has highlighted that the environmental impacts of
WAH may be complicated as the ability to WAH also changes peoples’ travel and housing
decisions. On the one hand, Shabanpour et al. (2018) found that telecommuting significantly

decreases both daily vehicles miles and hours traveled, an effect with the potential to reduce
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greenhouse gas (GHG) and particulate matter emissions. Chakrabarti (2018) also showed that
WAH increased non-motorized travels and walking and biking distance. A recent U.S. study
showed that WAH reduced GHG emissions by 29% compared to traveling to office (Wu, Chang,
and Chen 2024). On the other hand, a trade-off effect on emission has been found for WAH as
teleworkers tended to make longer trips for both work and non-work travel (Cerqueira et al.
2020). Fewer trips or shorter commuting distances may lead to using less fuel-efficient vehicles
that emit greater amount of greenhouse gases over short periods. This may be worse in the long
run when savings on driving cost induce households to move to locations with longer commuting

and cheaper housing (Marz and Sen 2022).

WAH also has critical impacts on regional and local economic structure and growth.
Galardo and Whitacre (2018) found the percentage of WAH had a positive impact of median
household income, and more importantly, spillover effects of WAH existed in neighboring
communities. Therefore, the authors stressed the need to modify local economic and workforce
development policies to increase. WAH could improve national savings and hence income
through cost savings on transportation (Mitomo and Jitsuzumi 1999). However, the widespread
WAH may also exacerbate spatial disparities. In Metropolitan Lima in Peru, research observed
spatial disparities in unemployment and Internet data usage that were related to the prevalence
of WAH during the pandemic, and therefore, a new labor structure was shaped by WAH
(Palomino Pichihua and Ruiz Sanchez 2023). More importantly, as high-skilled well-paid jobs
adapted more easily to WAH, less-skilled, low-paid jobs became less productive and were left
behind due to the dissemination of WAH (Palomino Pichihua and Ruiz Sanchez 2023). WAH
could also alter the real estate market and change real estate assets’ prices (Bergeaud and Ray
2020). Uzun (2021) found that WAH was likely to lead to the decentralization of offices and
reduce the demand for office space. Furthermore, people who can WAH tended to relocate to

remote, lower-priced neighborhoods, transforming the local housing market (Bunting 2017).

Relatedly, WAH also has multidimensional effects on modern society. Switching from
office work to WAH alters the people’s workplace environment and lifestyle. Some studies found
that WAH led to reduced physical activity, increased screen time, unhealthy diets, and substance
use (Brusaca et al. 2021; Abed Alah et al. 2022). WAH also presented challenges for workers
who did not have adequate equipment and home space for teleworking, causing mental and
physical health issues. While the flexibility offered by WAH may benefit work-life balance, it
could also increase risks of overwork, social isolation, and less access to healthcare services

(Buomprisco et al. 2021; Beckel and Fisher 2022). Also, WAH was found to be positively
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associated with online food purchases, potentially generating food insecurity and food access
inequality for disadvantaged populations (Music et al. 2022). Moreover, the growth of WAH
may create a new form of digital divide as some workers lack adequate digital skills required for
teleworking (Sostero et al. 2020). More attention needs to be paid to disparities and inequalities

for older worker populations (Arvola et al. 2017).

Data and methodology

Data source and processing

We extracted consecutive 1-year and 5-year estimates of ACS datasets for a 10-year period
between 2013 and 2022 from Social Explorer, a web-based platform that re-organizes U.S.
demographic datasets (Social Explorer n.d.). ACS is an ongoing survey conducted by the U.S.
Census Bureau, providing detailed demographic, social, economic, employment, and housing
data for a large-size representative sample of housing units and people in the U.S. population
very year (US Census Bureau 2024b). Currently, ACS produces two types of population
estimates datasets based on the survey: 1-year estimates and 5-year estimates. The former record
data for the current year, whereas the latter are considered as moving average for a 5-year period
(Missouri Census Data Center 2021). However, l-year estimates are only available for
geographic areas with populations of 65,000 or more, which cover only part of the country down
to the county level, whereas 5-year estimates cover all geographic areas down to the census tract

and block group levels (US Census Bureau 2018).

We examined both 1-year and 5-year estimates as they complement each other regarding
temporal and spatial granularity. The 1-year datasets capture changes in WAH on an annual basis
but have coarser and incomplete geographic coverage. The 5-year datasets miss the nuanced
variations between each year but provide full and finer geographic coverage. In our analysis, we
linked the counties available in the 1-year data to metropolitan statistical areas (MSAs) and found
all these counties can be matched with an MSA. Therefore, our results for the 1-year data can be

considered as findings for metropolitan areas of the U.S.

We selected 2013-2022 as the period of our analysis, which covers consecutive 10-year
datasets including the most recently published data as of the time this paper was written. It should
be noted that the Census Bureau did not release the 1-year estimates for 2020 as the pandemic

disrupted the ACS data collection for that year, while the 5-year estimates containing 2020 (i.e.,
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2016-2020, 2017-2021, 2018-2022) are available, despite a delay of the data release (US Census
Bureau 2022, 2024a). In sum, we extracted nine ACS 1-year datasets (2013, 2014, 2015, 2016,
2017,2018,2019, 2021, 2022) and six ACS 5-year datasets (2013-2017,2014-2018, 2015-2019,
2016-2020, 2017-2021, 2018-2022). The data were cleaned and combined into two integrated
tables: 1-year and 5-year data.

Analysis strategy

To address the research questions, we performed two types of regression analyses: (1) the fixed-
effects panel regression model for the WAH rate throughout the 10 years and (2) the robust linear
regression model for the net change in the WAH rate between 2013 and 2022. The two models
had the same specifications that were derived from the same set of ACS variables, ensuring

consistency and comparability across samples and models.

Model specifications

The dependent variable of our analysis was the WAH rate, i.e., percentage of workers that worked

at home. It was derived from the variable Means of Transportation to Work for Workers 16 Years

and Over, which records the number of workers who reported to WAH in the ACS survey
(Census Reporter n.d.). This WAH number was divided by the total number of people 16 years
and over who participated in the labor force in the survey (variable: Labor Force for Population

16 Years and Over).

Based on the literature we have reviewed, we selected five categories of independent
variables that may be associated with the WAH rate, namely density, demographics, family
structure, transportation, and housing. We exhausted the variables available in ACS that could
fit into the five categories. Then, we dropped variables that contained substantial missing values
(e.g., housing price). Variables with significantly high correlations with other variables were also
dropped to minimize multicollinearity in the analysis. For example, we eliminated the poverty
variable “Poverty Status in the Past 12 Months” because of its high association with educational

attainment and median household income.

The finalized set of independent variables was determined to indicate population density,
race and ethnicity (percentage of non-White population), income (median household income),

educational attainment (percentage of a college degree or above), age (percentage of age 35-64
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and percentage of age 65 or older), marital status (percentage of married people), presence of
children (percentage of households with a child under age 18), number of workers commuting
by car, number of long-distance commuters (travel time was equal to or longer than 60 minutes),
number of bedrooms (percentage of 5 or more bedrooms), types of housing units (single house
attached, single house detached), and rooms per capita in the house (percentage of 2 or more
persons per room). Except for population density (1000/mile?) and median household income
($1000), all variables indicating the number of individuals or households were converted to
percentages, using the total population or total households as the denominator, respectively.
Median household income in different years were all adjusted to the 2022 U.S. dollars using the

Bureau of Labor Statistics’ inflation calculator (US Bureau of Labor Statistics n.d.).

Table 1 presents the full list of the variables and their descriptive statistics, for both the
1-year and S5-year datasets, respectively. It displays the number of observations (N), minimum
value, maximum value, and mean value for the dependent variable (the WAH rate) and each
independent variable. As shown by the table, the mean WAH rate was similar across the two
datasets, with about 7% within the 10-year period. All independent variables for both the 1-year
and S5-year data showed similar statistics. However, population density and median household

income showed greater differences between the 1-year and 5-year data.

Multicollinearity has been minimized for the regression analysis as the Pearson
correlation coefficients between each independent variable were assessed and found acceptable
(see Appendix Tables 1 and 2). We also assessed the Variance Inflation Factors of the variables

(see Appendix Table 3), which confirmed the acceptable multicollinearity.

Table 1. Descriptive Statistics

I-year estimates 5-year estimates
County-level Tract-level
N min max mean N min  max mean
% WAH 3,385 0.682 48.78 7.198 472,725 0 100 7.093
Density
Population density 7,473 0.00387 73.48 0.881 472,857 0  311.1 5397
Demographics
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% Non-Hispanic White 4,156 0.437 9438 62.91 473,487 O 100
Median household income 7,473 1194 1675 61.11 470,188 2.499 250.0
% college degree or above 7,466 7.269 78.22 30.15 473,379 0 100
% age 35-64 7,473 22.08 47.81 38.28 473,487 O 100
% age 65 or older 7,473  6.558 59.50 16.32 473,487 O 100
Family structure

% married 7,473 2494 69.21 48.67 473,487 O 100
% have own children under 18 in 7,473 3.113  51.57 27.22 472,178 0 100
house

Transportation

% drive car to work 3,385 6.991 9737 84.53 472,725 0 100
% long commute 7,473 0.805 40.61 7.563 472,695 0 100

Housing characteristics

% single houses attached 6,498 0 41.62 6.867 470,972 0 100
% single houses detached 6,498 0.225 73.10 31.18 470,972 0 100
% 5 plus bedrooms 7,472 0.131 32.15 4.684 472,178 0 100
% 2 plus persons per room 5,351 0 4975 0.225 472,178 0 100

60.22

69.58

31.29

38.43
16.56

46.99
27.21

83.44

9.097

6.715

39.42

4.731
0.293

Two types of regression models

In the first model, we used the WAH rate as the dependent variable. For the 1-year and 5-year
estimates, the WAH rate for a geographic unit (i.e., a county or a census tract) appeared
repetitively in different survey years. Therefore, these datasets were considered as panel data,
which track the WAH rate in the same geographic units over the 10 years. For 1-year data,
variables for a county were recorded 9 times (values of 2020 were missing). For the 5-year data,

variables for a tract were reported 6 times.

Since the datasets had the temporal dimension, it is suitable to use fix-effects panel
regression to account for unobserved heterogeneity across time (Baltagi 2021). Moreover, in the
U.S. each state has different economic and sociodemographic characteristics. Fix-effects panel
regression also enables us to control for characteristics that may be constant within a state but
vary across different states (Baltagi 2021). With the given specification, the equation of the

model can be expressed as:
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WAH; = a+ BiDensity.; + B,Demographic.; + B;Living Arrangement g +

B4sTransportation.; + BsHousing.s + vy + 85 + €c5t (1)

where ¢ denotes county in the one-year estimates but represents tracts in the five-year estimates,
and s denotes state while t is time. WAH;, for example, refers to the WAH rate in County (or
Tract) ¢ in State s in Year t. y; and 8 are time and state fixed effects, respectively. Under each
broad category of factors, we included independent variables associated with the WAH rate, as

described in the previous section.

In the second model, we examined the factors that may be associated with the net change
in the WAH rate from 2013 to 2022. The robust linear regression was used to deal with outliers
and heteroskedasticity. In this analysis, we focused on the start and end points of the period, that
is, t = 2013 and t = 2022. We calculated the net changes in the dependent variable and all

independent variables for these two time points. The model can be expressed as:

AWAH; = BiADensity. + B,ADemographic.; + B;ALiving Arrangement;

+ B,ATransportation., + BsAHousing. + Ay, + Ag.g (2)

In this “change model,” all time-constant factors disappeared as the data were not a panel

anymore. Therefore, the model became a linear model, which is OLS in the analysis.

Results and discussions

Temporal and Spatial Trend in WAH

In this section, we first present the temporal trend of WAH across the U.S. Figure 1 displays the
temporal trend in the WAH rate in the 1-year and 5-year ACS estimates at the county and tract
levels, as the lines shown in Figures 1A and 2B, respectively. Two plots both recorded a turning
point occurring in 2020. The WAH rate increased stably and slowly between 2013 and 2019 in
the 1-year data and between the survey samples 2013-2017 and 2015-2019 in the 5-year data.
Figure 1A shows that the WAH rate constantly increased from 4.3% to 5.9% from 2013 to 2019

on average at the county level. Similarly, Figure 1B shows that it increased from 4.6% to 5.0%
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on average at the tract level from the years 2013-2017 to 2015-2019. If this trend was not
disrupted, the WAH rate would be around 6% by 2022.

A

ACS 1-year estimates (county-level)

20

19.1

Percent

T T T T T T T T T T
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

B

ACS 5-year estimates (census tract-level)

Percent

<t —

T T T T

2013-2017 2014-2018 2015-2019

2016-2020 2017-2021 2018-2022

Data from American Community Survey, U.S. Census Bureau
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Figure 1. Trend in the WAH rate in the 1-year and 5-year ACS data

However, the sudden jump in the WAH rate was obviously caused by the pandemic
that started in early 2020. As aforementioned, the 1-year data missed the year 2020, but in
2021, the WAH rate reached 19.1%, increasing by 223.7% compared to the rate in 2019.
According to other studies, such as Pew Research Center’s survey (Parker, Horowitz, and
Minkin 2020), the WAH rate in 2020 was likely higher than in 2021 because of lockdown
enforced by the governments and telework policies widely adopted by employers at the
beginning of the pandemic (Huang et al. 2021). While the infection of COVID-19 continued to
be severe in 2021, most coercive lockdown policies were no longer active. Moreover,
vaccinations against the COVID-19 virus became available in 2021. These factors might have
driven a decline in WAH in 2021 (Parker, Horowitz, and Minkin 2020). Such an inference is
reasonable since we observed a significant decline in WAH in 2022, which dropped to 15.4%.

Nevertheless, the WAH rate remained high compared to the trend before the pandemic.

The 5-year data, on the other hand, presented a steeper increasing trend after 2016-
2020. Given the nature of moving averages, the potential fluctuations related to COVID-19
lockdowns were smoothed out. The average tract-level WAH rate reached 7.1% in the years
2016-2020, 9.4% in the years 2017-2021, and then 11.3% in the years 2018-2022, increasing
by 126% compared to the pre-COVID WAH rate.
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Figure 3. Trend in the WAH rate at the census tract level

Data source: ACS 5-year estimates

Figures 2 and 3 present maps of the WAH rate at the county (MSA only) and tract
levels between 2013 and 2022, based on the ACS 1-year and 5-year estimates, respectively.
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The two figures provide different pictures of the spatial pattern of WAH. Figure 2 shows that
counties on the northeastern coast (from southern Maine to Washington, D.C.) and the western
coast (from the Seattle area to southern California) had high WAH rates at the beginning of the
10-year study period. These two coastlines are well known for their high density of traditional
megacities and metropolitan areas, including Boston, New York, Philadelphia, Baltimore,
Washington, D.C., Seattle, Portland, San Francisco, Los Angeles, and San Diego. Some other
emerging big metropolitan areas, such as those on the Florida coast, Denver, and Phoenix, also
presented high WAH rates. Moreover, most of these cities are well-known for their advantage
in high-technology industries. This phenomenon is consistent with prior studies such as Pydrié
(2011) and Hynes (2016). However, the spatial pattern displayed in Figure 2 ignored the less
populous non-metropolitan areas. By contrast, Figure 3 shows that the Midwest and West
regions initially had high WAH rates at the beginning of the period, particularly in North
Dakota, South Dakota, Nebraska, lowa, Missouri, Minnesota, Montana, and Idaho. The tracts
with high WAH rates in the early years typically had large sizes, indicating that they were in
less populous rural areas, usually dominated by agricultural workers. In sum, WAH was more

prevalent in both high-tech hubs and remote agricultural areas in the early 2010s.

After 10 years, almost all areas experienced significant increases in WAH. In Figure 2,
we have seen that the dispersed smaller metropolitan areas in the Great Lakes region, the
Southeast, and the Gulf Coast of Mexico, which had lower WAH rates at the beginning, also
gained high values in 2021 and 2022. In Figure 3, we have also identified obvious increases in
these regions, especially in Illinois, Michigan, the upper state of New York, Virginia, North
Carolina, Georgia, and Texas. Figure 3 also shows that most increases in WAH occurred in
populous urban areas (smaller-sized tracts), while many rural areas in the east and southeast

remained relatively lower WAH rates.

Factors associated with the WAH rate

We now present the results of the fix-effects panel regression models that examined the factors
associated with the WAH rate. Table 2 combines the results from the 1-year and 5-year data.
Column 1 shows the results from the 1-year data at the county level, and Column 2 reports
those from the 5-year data at the tract level. Both models included the state and year fixed
effects. The values represent the estimated coefficients. We also report heteroskedasticity-

robust standard errors in the parentheses following each coefficient. For most variables, the
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results are consistent across the 1-year and 5-year data models in terms of statistical

significance and the direction of the coefficients, while the magnitudes are different.

Table 2. Results of fix-effects panel regression models

Dependent Variable: % WAH

&
1-year estimates
County-level

&
S-year estimates
Tract-level

Density
Population density

Demographic
% Non-Hispanic White

Median household income

% having a college degree or above
% age 35-64

% age 65 or older

Family structure
% Married

% Having own children under 18 in house

Transportation
% Driving car to work

% Long commuters

Housing characteristics
% Single houses attached

% Single houses detached
% 5 plus bedrooms
% 2 plus persons per room

Observations
Adjusted R-squared
STATE F.E.

YEAR F.E.

-0.330%**
(0.043)

0.031%%*
(0.006)
0.036%**

(0.011)
0.028*

(0.014)
0.361%%*
(0.029)
0.084%%*
(0.030)

-0.040
(0.025)
0.143%%*
(0.029)

-0.372%%
(0.023)
L0.240% %
(0.017)

0.030%*
(0.013)
0.052%%*
(0.007)
0.054
(0.034)
-0.694%%
(0.216)
2,757
0.864
YES
YES

L0.14] %%
(0.002)

0.019%%*
(0.000)
0.021%%*

(0.001)
0.056%**

(0.001)
0.075%**
(0.002)
0.093 %%
(0.002)

0.022%%*
(0.001)
0.042%%*
(0.001)

-0.270%%*
(0.001)
-0.066%**
(0.001)

0.008%***
(0.001)
0.008***
(0.000)
0.022%%*
(0.002)
-0.098%*
(0.007)
466,193
0.619
YES
YES

5% p2(0.01, ** p<0.05, * p<0.1
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After controlling the year and state fixed effects and holding all other variables
constant, population density was negatively associated with the WAH rate. The magnitude of
the coefficient was greater in the county-level model than the tract-level model (b=-0.330 vs. -
0.141). This indicated that WAH tended to be higher in lower density areas, and this factor was
much more impactful at the county level. This results is consistent with previous studies such
as Bunting (2017) which found that WAH people tended to relocate to remote neighborhoods

for lower housing costs.

All variables in the demographics category, including race, household income,
educational attainment, and age, were statistically significant. The percentage of non-Hispanic
White, representing the more privileged racial group, were positively associated with the WAH
rate. Also, median household income had a positive association with the WAH rate. The
percentage of having a college degree or higher, representing the share of the highest educated
group, was also positively associated with the WAH rate. The results for these three variables
confirmed that WAH workers had relatively higher socioeconomic status: whiter, higher
income, and better educated (He and Hu 2015; Dey et al. 2020; Saltiel 2020; Yasenov 2020;
Garrote Sanchez et al. 2021; Bick, Blandin, and Mertens 2023). Workers in this privileged
group usually have a job with more WAH flexibility, while people with lower socioeconomic
status are more likely to work in jobs that require physical presence (e.g., in-person production

and service).

The shares of the two age groups (i.e., 35-64, 65 or older) were both positively
associated with the WAH rate compared to the share of younger populations. These two age
groups are more likely to have administrative roles in their organizations than younger workers,
and the literature suggested that managerial and administrative positions are more adaptive to
telework (Hajal 2022). In the county-level model, the magnitude of the coefficient for the share
of the middle-aged group (35-64) was much larger than that for the older group (65 or older)
(b=0.361 vs. 0.084), indicating that middle-aged workers are more impactful on the prevalence
of WAH than older workers. The result is consistent with previous studies suggesting older
adults were less likely to choose WAH, especially during non-pandemic times (Sostero et al.
2020). However, the tract-level model shows similar coefficients for the two age groups, with
the magnitude for the older group slightly greater than that for the middle-aged group (b=0.075
vs. 0.093). A plausible reason for this is the smoothing effect of the 5-year average in the tract-

level data, which included the pandemic years (2020, 2021) multiple times. This may augment
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the impact of the older worker group, as older people were more concerned about the health

risks during the pandemic (Brynjolfsson et al. 2020).

Family structure plays an essential role in the WAH behavior. The percentage of
married individuals had no significant effect in the county-level model but was positively
associated with the WAH rate in the tract-level model (b=0.022). In the literature, the
correlation between marital status and WAH was also mixed. On the one hand, some studies
found that single people were more likely to WAH compared to married people (Caulfield
2015; Zhang et al. 2020). On the other hand, other studies suggested that married people tended
to favor WAH more than single individuals (Lim and Teo 2000). Additionally, couples with
children also preferred WAH compared to single parents (Caulfield 2015; Zhang et al. 2020).
The mechanisms behind these controversial results are complicated. For single individuals,
WAH may be attractive because of its flexibility and cost-saving benefits. For couple parents,
the primary consideration for WAH may be their childcare duties. The non-significant
coefficient in our county-level model may reflect the complexity of these relationships.
However, the results of the tract-level model may be impacted by the pandemic since married
couples generally had more family responsibilities, such as domestic work and childcare. The
results for the percentage of households with children under age 18 strongly supported our
speculation. In both the county-level and tract-level models, this variable presented a positive
association with the WAH rate, and its effect was stronger in the county-level model. It is not
surprising that workers who have more family responsibilities are motivated to make use of

WAH to balance their work and life.

Transportation is another essential factor since WAH can significantly reduce travel
costs (Parra-Lokhorst 2021). We found that the percentage of car-driving commuters
consistently had a strong negative association with the WAH rate. There might be multiple
reasons for this. First, car commuters (especially medium-income workers) face higher
transportation expenditure and affordability problems compared to people using other
transportation modes (Venter 2011). The costs of driving include car purchasing, taxes,
insurance, car maintenance and repair, energy, and parking. Additionally, households may not
have adequate vehicles, especially for dual-earner couples. Households with limited car access
usually suffered by greater transportation barriers (Schwanen 2011; Blumenberg 2016). For
example, parents who drive to work may also need to drive their children to school or daycare.

WAH may mitigate these problems to some extent.
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The percentage of long-distance commuters (travel time > 60 min) showed a negative
association with WAH. In the literature, WAH workers may relocate to remote suburbs
(Bunting 2017), but this does not mean many people in these neighborhoods have long
commuting distances. Additionally, although longer commuting distances (>50 km) are one of
the primary motivations for WAH, extremely long distances (>100 km) may encourage people
to have secondary housing near the workplace, thereby reducing their commuting distances
(Helminen and Ristimaki 2007). More importantly, areas with a high percentage of long-
distance commuters, which are far from major cities, may not have adequate jobs that are
suitable for WAH and may also lack other amenities (grocery stores, restaurants, schools)
needed by those people. Another reasonable interpretation is that long-distance commuters
were reduced as many of them switched to WAH. This will be further examined in the model

of the changes in WAH, described in the next section.

Parallel to transportation factors, housing also plays a critical role in WAH. As WAH
saves transportation costs, people can relocate to larger houses with lower rents or prices.
Unfortunately, the ACS data on housing rent and price had excessive missing values, so we
included variables indicating housing types and sizes. Compared to multiunit housing, single-
family houses were positively associated with the WAH rate, with detached single houses
showing a stronger relationship than attached ones. Houses with five or more bedrooms were
linked to higher WAH rates, whereas having two or more people per room was linked to lower
rates. These findings align with previous studies (Bunting 2017; Schulz, Watson, and Wersing
2023), highlighting WAH workers' demand for larger single houses, more bedrooms, and

spacious, high-quality home offices.

Overall, both models in Table 2 exhibited high adjusted R-squared values, indicating
strong explanatory power. Notably, the adjusted R-squared was higher in the county-level
model compared to the tract-level model (0.864 vs. 0.619). This suggests that the model
specification had greater explanatory power for the 1-year county-level data. This is
reasonable, as the tract-level data were based on 5-year moving average estimates, which

mixed the impact of the pandemic on WAH across datasets.

Understanding the changes in WAH Between 2013-2022

In this section, we investigated changes in the WAH rate across counties and tracts. Some

counties and tracts had missing values for the WAH rate in either the start or end year due to
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ACS sampling variation, resulting in fewer observations than in the fixed-effect panel models.
Figure 4 shows histograms of the net change in the WAH rate at the county level (Figure 4A)
and the tract level (Figure 4B), both demonstrating an approximately normal distribution. The
county-level data centered around 10, while the tract-level data centered around 5, due to the
smoothing effect of the 5-year moving averages. The mean change in the WAH rate was 11.2
at the county level, about 5 points higher than the 6.5 at the tract level. The tract data had
longer tails, indicating more variation and extremes. Only one county had a negative value,
while 0.8% of tracts had zero values and 14.4% had negative values. These differences are

reasonable, as population changes more dynamically in smaller census tracts than in most

counties.
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Figure 4. Histogram of the change in the WAH rate at the county and census tract levels

To further understand the mechanism behind the trend, Table 3 presents the results of
two robust linear regression models examining the factors associated with the change in the
WAH rate across space from 2013 to 2022, based on the 1-year and 5-year ACS data,
respectively. Both models exhibited fair adjusted R-squared values (0.765 and 0.510),
indicating good explanatory power. Similar to the fixed-effect panel models in the last section,
the results were consistent in the two models regarding the statistical significance and direction
of coefficients, while the magnitudes of coefficients were much greater in the county-level

model.

Table 3. Factors associated with changes in WAH Between 2013-2022

Dependent Variable: Change in % WAH ) 2)
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I-year estimates S-year estimates

County-level

Tract-level

Density
Change in Population density

Demographic
Change in % Non-Hispanic White

Change in median household income

Change in % having a college degree or above
Change in % age 35-64

Change in % age 65 or older

Family structure
Change in % married

Change in % having own children under 18 in house

Transportation
Change in % driving car to work

Change in % long commuters

Housing characteristics
Change in % single houses attached

Change in % single houses detached
Change in % 5 plus bedrooms
Change in % 2 plus persons per room

Observations
Adjusted R-squared

-0.549
(2.636)

0.344%%*
(0.116)
0.149%%*
(0.036)
0.128
(0.099)
0.554%%*
(0.195)
0.030
(0.283)

0.094
(0.101)
0.037
(0.106)

-0.816%**
(0.061)
-0.375%%
(0.108)

-0.064
(0.074)
0.151%%*
(0.048)
-0.636%**
(0.170)
0.800
(0.853)

256
0.765

0.025
(0.021)

0.020%%*
(0.003)
0.069%**
(0.002)
0.062%**
(0.004)
0.013%%*
(0.005)
0.026%**
(0.007)

0.028%**
(0.003)
0.006
(0.004)

-0.550% %
(0.004)
-0.118%**
(0.005)

-0.009%**
(0.002)
0.002
(0.001)
-0.013%*
(0.006)
0.005
(0.023)

53,583
0.510

sk p<0-01, *k p<0.05, * p<0'1

The change in population density did not show a statistically significant relationship

with the change in the WAH rate. One of the primary reasons was that density did not change

significantly during the ten years for most areas. The mean population density only increased

by 25 and 19 persons per square mile at the county and tract levels, respectively. Therefore, the

recent trend of WAH has not affected the distribution of population density, at least in the past

decade.
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An increase in the three socioeconomic status variables, the percentage of non-
Hispanic White, the median household income, and the percentage of people holding a college
degree or higher, would expect an increase in the WAH rate. In conclusion, a growth of high-
socioeconomic status populations (racially privileged, high-income, and well-educated) was

associated with a growth of WAH workers.

An increase in middle-aged workers (35-64) was associated with an increase in WAH
for both counties and tracts, while the change in older workers (65+) did not show a significant
correlation at the county level. This result is consistent with the fixed-effect panel model. It
confirms that the majority of WAH adopters are middle-aged. They are more senior than
younger, entry-level workers, who are less likely to have administrative roles, and younger than
older generations, who have more difficulty with the technologies needed for WAH.
Additionally, compared to other age groups, middle-aged workers usually have more family

responsibilities, making WAH preferable for them.

The change in the percentage of married individuals was not associated with the
change in the WAH rate at the county level but was positively associated with it at the tract
level. The presence of children in households did not show an association in either model. In
general, these two variables are stable and do not have noticeable variations over time.
Nevertheless, married people seemed to engage in WAH more than unmarried individuals,

which is consistent with the panel models.

Transportation still showed a strong association with the trend in WAH in both models.
The change in the percentage of people driving to work was negatively associated with the
change in the WAH rate. This suggests that a growth in WAH workers may reduce the use of
automobiles for commuting. The change in the percentage of long-distance commuters also
showed a negative association, indicating that the increase in WAH may lead many long-
distance commuters to switch to home-based work. It should be noted that the percentage of
car-driving commuters dropped by 9 points in the county-level data and 5 points in the tract-
level data from 2013 to 2022. The significant decline in car driving was likely due to the
COVID-19 pandemic and soaring energy costs, which may motivate people to reduce

automobile use and choose WAH when it was available.

Looking at the broad categories, changes in transportation and demographics have the

most significant effect on changes in WAH. As discussed above, changes in transportation
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might have been significantly affected by the Covid-19 pandemic. Similarly, demographics
such as race, income, education and age distribution are also factors likely to record
considerable changes in a span of a decade. But whereas all the changes in transportation have
negative effects on changes in WAH due to the drops in long commute and car driving, the
changes in demographics all have positive effects on changes in WAH. Intuitively, a positive
change in median household income over a decade, for example, causes a positive effect on
WAH, and the reverse is true. All the other demographic variables fit similar explanation,

hence the positive relationship between changes in these demographics and changes in WAH.

Changes in housing characteristics did not show strong relationships with the change in
the WAH rate. The change in the percentage of attached single houses had a marginal negative
association in the tract-level model. The change in the percentage of detached single houses
had a positive association in the county-level model but was not statistically significant in the
tract-level model. The change in the percentage of houses with 2 or more persons per room did
not have an association in either model. However, the change in the percentage of houses with
5 or more bedrooms had a negative association with the change in the WAH rates. This is
likely related to the downsizing trends in the U.S. real estate market over the last ten years due
to increasingly constrained affordability (Dietz 2023). In our 1-year and 5-year data, the mean
percentage of houses with 5 more bedrooms dropped at both the county and tract levels from

2013 to 2022.

Policy implications

Our analysis has provided valuable policy implications based on the spatial and temporal trends

in WAH. In this section we discuss these implications falling into distinct categories.

Will WAH lead to suburbanization and decentralization?

There has been a long concern that the rise of WAH will lead to suburbanization and
decentralization for residence (Sridhar and Sridhar 2003; Gokan et al. 2022). Our fixed effects
panel model suggests that the WAH rate was negatively associated with population density at
both the county and tract levels. Remember that for county-level model, we only had data in
MSAs, which excluded rural areas. The result indicates that WAH tended to be more popular in
lower-density areas, which are likely to be suburban communities. However, at least for now,

we have not observed a suburbanization/decentralization trend driven by WAH during this past
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decade, because the change in population density did not show a significant relationship with

the change in WAH.

It is uncertain whether WAH will reshape population density in the long run. Although
low-density suburbs may be attractive due to larger spaces and lower housing costs, people still
need physical access to amenities like schools, childcare, hospitals, grocery stores, parks, and
cultural facilities. Activities involving these destinations are less likely to be fully virtualized.
Thus, unless these amenities are also decentralized, people may hesitate to move farther out
even with WAH options. Additionally, some jobs, such as food services, education, personal
care, and utilities, are less suitable for WAH. Communities with high concentrations of these
jobs are less likely to lose population due to WAH. Therefore, the long-term impact of WAH
on population density may not be evenly distributed. However, in suburban areas with many
high-tech or managerial workers, policymakers might anticipate rapid WAH growth and an

increased demand for related infrastructure and amenities.

Will WAH create new social and spatial disparities?

Our analysis confirmed that WAH was more prevalent in counties and tracts with higher
socioeconomic status. Moreover, WAH was growing faster in areas where we observed an
increase in socioeconomically advantaged populations, namely, non-Hispanic White, high
household income, and high education levels. Our results are consistent with prior works on
WAH and telework concerning social equity (He and Hu 2015; Bick, Blandin, and Mertens
2023). The difference in virtualizability and WAH suitability of occupations may be a primary
reason for this phenomenon (Han, Zhao, and Chen 2023). In general, many high-income, high-
education jobs are more suitable for WAH than low-income, low-skilled jobs, which still

require in-person presence at work (Elldér 2019).

While high-income and socially privileged workers can enjoy the benefits of WAH,
such as flexibility in time use, money and time savings, and improved work-life balance, low-
income and socially disadvantaged populations may still suffer the burden and costs of daily
commuting. Furthermore, WAH is likely to generate new forms of spatial disparities if this
trend continues in the future. The increase in the WAH rate may create some “WAH-friendly
neighborhoods” where people can enjoy preferable housing features and amenities, low living
costs, and the benefits of WAH simultaneously. Privileged people who can WAH may relocate

to these “WAH-friendly neighborhoods,” attracting investments for infrastructure and facility
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improvements, including internet, education, healthcare, and public transit. Subsequently,
disadvantaged populations who lack the ability to WAH may be stuck in neighborhoods that

are losing these resources.

How will WAH affect age-friendly and family-friendly workforce?

The percentage of middle-aged workers (35-64) and older workers (65+) showed consistent
positive associations with the work-from-home (WAH) rate, compared to younger workers
(<35), at both the county and tract levels. This result aligns with previous studies, such as
Brussevich et al. (2020), which found that younger workers were less likely to WAH. This
suggests that many young people lack the flexibility to WAH and have to bear the burden of
daily commuting, including high transportation costs and stress. Some approaches could
mitigate the inequitable outcomes of WAH for younger workers, such as flexible work hours
and financial support for commuting transportation (e.g., providing subsidies for public transit

fares or vehicle purchase).

Older workers who are 65 or older face other challenges caused by WAH. The county-
level model with 1-year ACS data indicated that middle-aged workers had a stronger
association with the WAH rate than older workers did. Although older workers tended to
choose WAH to avoid virus infection during the pandemic (Brynjolfsson et al. 2020), they
were also more eager to return to the office in the post-COVID period (Sostero et al. 2020).
One of the major barriers limiting older workers from WAH is their skill level and fluency in
using computers and ICTs (Arvola et al. 2017). Therefore, there is a need for older workers to

master necessary WAH skills through training provided by employers or the government.

Our results indicate that family structure characteristics, including marriage and the
presence of a child, have significant associations with WAH. More specifically, the share of

married people and the share of households with children under age 18 were positively
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associated with the WAH rate in the fixed effects panel model. This is consistent with previous
studies such as Caulfield (2015), Zhang et al. (2020), and Lim and Teo (2000), which suggest
that family responsibilities and maintaining work-life balance are an essential driver for some
WAH workers. For these individuals, WAH may be a better option for their families but not
necessarily relaxing or beneficial for them individually. Vulnerable individuals, such as single
mothers with young children, could face unique challenges and stress in managing their time
for both paid work and heavy family duties simultaneously at home. More attention should be

paid to the well-being of these groups.

How will WAH affect people’s transportation and housing choices?

Our results highlighted the association between WAH and transportation and housing
behaviors. The share of car-driving commuters and the share of long-distance commuters were
negatively associated with the WAH rate, and the changes in these two variables were also
negatively associated with the change in the WAH rate. This result indicates that the prevalence
of WAH may reduce automobile dependence for work-related travel, which is potentially
beneficial for the environment by reducing GHG emissions. However, the literature indicates
that WAH workers may increase car use and travel distance for non-work trips, which lead to a
compensatory effect on emissions (Cerqueira et al. 2020). Moreover, as WAH workers
potentially move to farther areas for lower housing costs (Bunting 2017), they may face
accessibility challenges for other essential demands, such as healthcare and food. Policymakers
need to facilitate more environmental-friendly and accessible transportation modes and
infrastructure for WAH workers, including public transit, bicycling and walking facilities, and

on-demand services.

We also observed that WAH was associated with larger-sized houses. First, the WAH
rate was positively associated with the share of single-family homes, both attached and
detached. Second, the WAH rate was positively associated with the share of houses with five or
more bedrooms. Finally, the WAH rate was negatively associated with rooms per capita,
represented by the share of households with two or more persons per room. These factors align
with previous studies showing WAH workers’ high demand for home office spaces (Bunting

2017). If this housing trend continues, there may be a new wave of suburbanization driven by
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the rise of WAH. Policymakers need to prepare for the potential housing demand and

proactively plan for the impact of WAH-driven housing relocations.

Conclusion

We conducted a comprehensive analysis of the temporal and spatial trends of WAH from 2013
to 2022 at both the county and tract levels in the U.S. By combining multi-year and multi-scale
ACS datasets, we illustrated these trends. We utilized two different regression models to
examine factors associated with the WAH rate and its changes. After controlling for the fixed
effects of years and states, our panel model revealed that the WAH rate was negatively
associated with population density, car-driving commuters, long-distance commuters, and
bedrooms per capita, while it was positively associated with high socio-economic status,
middle-aged populations, married individuals, the presence of children, and house size. The
model focusing on the change in WAH echoed the panel model while underscoring the
potential for WAH to exacerbate spatial disparities related to race and ethnicity, income,
education, and age. Additionally, it suggested a reduction in car driving and an increased
demand for single-family houses. The policy implications of our findings may concern
decision-makers regarding issues such as suburbanization, social equity, the creation of age-

friendly and family-friendly societies, and transportation and housing choices.

Despite our contributions, there were several limitations in the data. First, the tract-
level ACS data were 5-year averages, which lost nuanced information for each year. Second,
the county-level ACS data were available only for counties in metropolitan areas, which did not
cover the entire country. Additionally, the 2020 1-year estimates were missing due to the
disruption of the pandemic. Finally, the ACS data did not provide more detailed information
specifically about the WAH population. We need to make more efforts in instrument design

and data collection for this specific population in the future.
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