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The shift to work from home (WFH) has
been a large and persistent consequence
of the pandemic. To quantify the ef-
fect of WFH on the macroeconomy, re-
searchers have exploited the fact that lo-
cal labor markets are differentially exposed
to this shock, either in empirical or quan-
titative spatial settings. See for exam-
ple, Althoff et al. (2022), Brueckner, Kahn
and Lin (2021), Delventhal, Kwon and
Parkhomenko (2021), Gupta et al. (2021),
Gupta, Mittal and Van Nieuwerburgh
(2022), Haslag and Weagley (2021), Kmetz,
Mondragon and Wieland (2022), Liu and
Su (2021), Mondragon and Wieland (2022),
Ramani and Bloom (2021), among others.
These analyses require a measure of WFH

at disaggregated levels. In this paper we
compare several important measures used
in the literature: Barrero, Bloom and Davis
(2021), Bick, Blandin and Mertens (2022),
Dingel and Neiman (2020), and the Amer-
ican Community Survey (ACS).1 While
these measures differ in how comprehen-
sively they measure WFH (e.g., they may
or may not include hybrid work), we show
that they are highly correlated in the cross-
section. Therefore, these measures will
yield similar causal effects once appropri-
ately scaled by the average level of WFH.
We argue that, when choosing a partic-

ular measure, researchers should carefully
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consider the trade-off between how com-
prehensively WFH is measured and mea-
surement error in the survey at the partic-
ular level of geographic aggregation. The
large sample size of the ACS makes it
uniquely suitable for analysis at micro- and
metropolitan levels or even finer levels of
aggregation, but it only captures hybrid
WFH indirectly. When measuring different
types of WFH is important or the cross-
sectional analysis can be done at the state
or large-city level, then the surveys by Bar-
rero, Bloom and Davis (2021) and Bick,
Blandin and Mertens (2022) may be prefer-
able.

I. Measuring Work from Home

We investigate the measurement of re-
mote work in three distinct surveys: the
ACS, the Survey of Working Arrangements
and Attitudes (SWAA), and the Real-Time
Population Survey (RPS).
Each year, the ACS reaches around

4.5 million people split among 3.5 mil-
lion households. Respondents are first sent
mailings that allow them to fill out the on-
line survey. Those unable to fill out the
online form can return the questionnaire by
mail or may be called or visited by a Census
employee. WFH is measured using the sub-
ject’s employment status and transporta-
tion to work response: an employed person
that reports not having to commute to work
is classified as WFH. This is a coarse mea-
sure of WFH that likely only captures full-
time WFH (since hybrid workers do com-
mute).
The richness of the ACS data also al-

lows an easy mapping from the Dingel
and Neiman (2020) teleworkability classi-
fications, which gives another measure of
WFH suitability, as well as many demo-
graphic and household observables. The
large sample size also means the ACS pro-
vides decent coverage at low levels of aggre-
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Figure 1. Aggregate Measures of Working From Home
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Note: The SWAA pre-pandemic data point is from the American Time Use Survey (Barrero, Bloom and Davis,
2021). The ACS is reported at an annual frequency so the 2020 WFH share also contains pre-pandemic data.

gation, such as micropolitan areas.2

The SWAA, developed by Barrero,
Bloom and Davis (2021), is an ongoing
monthly survey administered online by Inc-
Query and QuestionPro. It receives around
7000 responses a month. WFH is measured
using the share of full working days the em-
ployee worked from home in the reference
week. This allows one to measure both
hybrid and fully-remote work and, along
with weights based on the Current Popu-
lation Survey (CPS), allows for nationally-
representative measures as well as rich cov-
erage of attitudes, experiences, and expec-
tations regarding WFH.

The Real-Time Population Survey, de-
veloped by Bick and Blandin (2022) and
Bick, Blandin and Mertens (2022), was a
bi-weekly online survey administered using
the Qualtrics panel. WFH days are mea-
sured as working days in the reference week
that do not involve a commute. The sur-
vey was designed to match the February
2020 CPS along several demographic char-
acteristics and surveyed around 2000 indi-
viduals a month until it was discontinued
in June 2021. The RPS provides a de-
tailed look at the intensive margin of WFH,
respondent demographics, and nationally-
representative weights based on the CPS.

2The public-use microdata use the “PUMA” geog-
raphy, which is easily mapped to other geographies. Re-
searchers with access to confidential Census data would,

in principle, observe census blocks.

Figure 1 plots the percent of WFH days
and the percent of employees fully WFH
from Bick, Blandin and Mertens (2022) and
Barrero, Bloom and Davis (2021) as well
as the percent of employees WFH from the
ACS (Mondragon and Wieland, 2022). All
three surveys show quantitatively large in-
creases in WFH and high subsequent persis-
tence across all measures. The differences
in magnitudes largely reflect differences in
measurement. The ACS consistently dis-
plays the lowest degree of WFH because it
likely captures only full-time WFH. When
comparing the percent of full-time WFH,
all three surveys agree that the fraction of
full-time WFH employees is around 20% in
2021.3 Similarly, by 2021 both the SWAA
and the RPS show that the fraction of WFH
days is stable at around 30%. In short,
the surveys paint a quantitatively consis-
tent picture in the time series. Our objec-
tive is to assess whether this is also true in
the cross-section.

II. All Measures are Highly Correlated
in the Cross-Section

Using the SWAA and the RPS we con-
struct state-level measures of the fraction of

3Barrero et al. (2023) compare the SWAA WFH
time-series with the ACS and other surveys. They also

show that much of the remaining difference between the
SWAA and the ACS reflects sample design. We do not
make adjustments to homogenize the sample, as we are
interested in measuring the common variation of the

headline WFH measures in the cross-section.
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days worked from home in 2021, and using
the ACS we construct state-level measures
of the fraction of fully WFH employees.4.
We also construct a measure of the frac-
tion of jobs that may be done from home
using Dingel and Neiman (2020) and occu-
pational code mappings into the ACS. Fig-
ure 2 constructs ventiles of the ACS 2021
WFH share and then plots this against the
the average of each survey’s measure within
the same bin, as well as regression lines
from the underlying data.
As expected, the ACS tends to understate

WFH relative to the other measures, but
the most important takeaway is that all of
the measures comove very strongly with the
ACS. While there are some noticeable dif-
ferences within particular bins, the slopes of
the regression lines are effectively indistin-
guishable. This suggests that, at the state
level at least, any of the measures can be
used to reasonably capture cross-sectional
variation in remote work.
We summarize these relationships quan-

titatively in Table 1, which reports the cor-
relations of the same 2021 state-level mea-
sures. All measures are strongly correlated,
with no correlation below 0.61. Some of
the disagreement reflects measurement er-
ror: when we pool the SWAA and the RPS
over the entire sample rather than 2021
alone, then we find that the lowest corre-
lation is 0.74.5 The Dingel and Neiman
(2020) measure applied to the ACS and
ACS WFH measure are very strongly re-
lated with a correlation of 0.96. This is in-
teresting since the ACS WFH measure only
captures fully remote work, while the po-
tential WFH measure can theoretically cap-
ture the entire spectrum of WFH arrange-
ments. Ultimately, the strong correlations
across the board show that any of the mea-
sures will reflect similar underlying varia-

4Monthly surveys are averaged.
5The correlation with the 2021 ACS is slightly

smaller for 2021 full-time WFH in the SWAA (0.68

when backfilled) and in the RPS (0.6). This suggests

that the distinction between full-time and hybrid WFH
has greater measurement error than the headline WFH

rate, at least at the state-level at an annual frequency.
This reinforces our claim that researchers need to care-

fully consider the trade-off between detailed measure-

ment and measurement error in their analysis.

tion in actual WFH across states.

III. Trading Off Comprehensiveness
and Measurement Error

We argue that which survey a researcher
should use depends on the trade-off be-
tween how comprehensively a survey mea-
sures WFH and the precision of the mea-
surement at a particular level of aggrega-
tion. We show how measurement error of
WFH depends on sample size and the level
of aggregation. For each i = 1, ..., N re-
gional units of observation we estimate the
measurement error σi for the local remote
share, average it across all units, and nor-
malize it using the national remote share
S,

Normalized error =
1

N

N∑
i=1

σi

S
.

By normalizing the error to the national
level we adjust for the fact that dispersion
in WFH is increasing in the level, thus mak-
ing estimates across different years more
comparable.
For the SWAA, we implement a standard

bootstrap with B = 250 draws for each
month so that σim = 1

B−1

∑B

j=1(Sijm− Ŝim)

where Ŝim is the survey’s monthly estimate
of WFH, using survey weights. We then
average across months to get an annual es-
timate.
This procedure must be adjusted to re-

cover correct errors in the RPS as the sur-
vey is raked to generate weights that match
a set of moments from the CPS.6 To cor-
rectly calculate errors, we incorporate the
non-linear raking procedure by bootstrap-
ping the sample and then raking the boot-
strapped samples to match the same set
of moments in the monthly CPS. We then
calculate annual errors by averaging the
monthly estimates.
For the 2015-19 and 2021 ACS we use the

replicate weights provided by the Census to
recover errors directly. Finally, we provide

6Raking is a standard iterative procedure of generat-

ing weights for a sample that will match a set of target
moments (Kolenikov, 2014).
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Figure 2. Binned Scatter Plot of Working From Home Share Across U.S. States, 2021
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Table 1—Correlation of Remote Work Across States (N=51), 2021

Variables ACS SWAA RPS DN
ACS 1.00
SWAA 0.71 1.00
RPS 0.67 0.61 1.00
DN 0.95 0.68 0.64 1.00

two sets of error estimates for the 2020 ACS
due to the experimental nature of the 2020
replicate weights (Rothbaum et al., 2021).
Our first approach follows standard ACS
procedure and uses the experimental repli-
cate weights as given. Our second estimate
implements a bootstrap (B = 250) that
ignores the replicate weights and samples
from the baseline survey directly.

Figure 3 plots the normalized errors
against the log sample size of each sur-
vey. Blue scatter points show measurement
errors at the state level and orange scat-
ter points show measurement errors at the
CBSA level (ACS only). Measurement er-
rors overall are modest with even the least
precise survey having errors equivalent to
just 14% of the aggregate WFH rate. Sec-
ond, all but the 2020 ACS replicate-based
estimates clearly lie on a downward-sloping
curve where increases in sample size reduce
measurement error. Due to its much larger
size, the ACS provides the most precise
measures of WFH.

We also see, from the orange scatter
points, that the ACS’s CBSA-level mea-
sures are less precise than the ACS state-

level measures due to the lower level of ag-
gregation, but they are approximately as
precise as the RPS and SWAA measures at
the state level. This suggests that the main
tradeoff in choosing between the ACS and
the RPS or the SWAA is whether the anal-
ysis requires measuring WFH at low lev-
els of aggregation, which favors the ACS,
or whether the analysis requires a precise
measurement of different types of WFH
and/or working arrangements, which favors
the SWAA and RPS.

Finally, the 2020 ACS estimates using the
experimental replicates are significantly be-
low our bootstrapped estimates and gener-
ally seem to be very low, with 2020 CBSA-
level estimates having comparable precision
to 2021 ACS state-level estimates despite
the different levels of aggregation. Since
the replicate-based estimates seem to lie be-
low the curve traced out by the other sur-
veys, we believe these estimates are too low.
The fact that the bootstrapped errors shift
back up to the other ACS-based estimates
suggest that the experimental replicates did
not properly account for sampling error and
it may be more appropriate for researchers
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to rely on a bootstrap to estimate errors.7

IV. Conclusion

We compare several important measures
of WFH in the cross-section of the United
States: the SWAA (Barrero, Bloom and
Davis, 2021), the RPS (Bick, Blandin and
Mertens, 2022), Dingel and Neiman (2020)
implemented in the ACS, and the ACS it-
self. We show that at the state level these
measures are highly correlated. Therefore
these measures will yield similar causal ef-
fects once appropriately scaled by the aver-
age level of WFH. We argue that the main
criterion in choosing a particular source for
cross-sectional WFH is the trade-off be-
tween how comprehensively WFH is mea-
sured and the measurement error in the sur-
vey at a particular level of aggregation. Fi-
nally, we show that the experimental repli-
cates for the 2020 ACS likely understate the
error in the survey, but that a bootstrap ap-
proach likely recovers correct standard er-
rors which are comparable to other years of
the survey.
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Figure 3. Sampling Error of Working From Home Share
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