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1 Introduction

It is well documented that productivity and wages tend to be higher in large cities than in smaller
cities or rural areas (Ciccone and Hall, 1996; Glaeser and Mare, 2001). This productivity ad-
vantage is partly attributed to agglomeration economies, defined as productivity gains resulting
from the spatial clustering of firms and workers (Duranton and Puga, 2004; Combes et al., 2008).
A crucial mechanism behind agglomeration economies is communication externalities, meaning
that spatial clustering facilitates more frequent face-to-face communication in large cities. These
frequent interactions accelerate knowledge diffusion, which increases productivity in large cities
(Glaeser, 1999; Davis and Dingel, 2019). Frequent interactions also foster network building, fur-
ther enhancing productivity in large cities (Arzaghi and Henderson, 2008; Ellison et al., 2010).!

An implicit assumption behind this agglomeration mechanism is that the spatial clustering
of workplaces necessarily increases the frequency of physical encounters among workers. The
increased frequency of in-person interactions in large cities, in turn, accelerates idea transmission
and network formation, thereby generating a productivity premium in large cities. When onsite
work was the norm, this assumption was reasonable and supported by empirical evidence.?

Since 2020, however, the widespread and persistent adoption of work from home (WFH) has
substantially reduced in-person attendance at workplaces (Barrero et al., 2021; Van Nieuwerburgh,
2023). With workers often physically absent, the assumption that firms’ physical clustering pro-
duces more face-to-face interactions is put in question. If WFH reduces the interpersonal encoun-
ters created by the clustering of physical workplaces, it may weaken agglomeration economies and
erode the productivity premium that large cities once enjoyed when onsite work was the norm.

In this paper, we empirically investigate the impact of WFH on the agglomeration economies of

ICities’ role in facilitating networking is a special case of Marshall’s theory that cities reduce the cost of input-
output linkages. These linkages involve connecting input producers with the right clients through network building,
a process that is less costly when firms co-locate. Bernard et al. (2019) show that even in manufacturing, production
networks are strengthened by reducing travel costs between sellers and buyers, holding shipping costs fixed.

2Appendix Al summarizes studies showing that larger cities foster interpersonal interaction, and therefore boost
productivity.



large cities. We find that WFH adoption reduces the productivity premium traditionally enjoyed by
large cities. We further present evidence that this decline in productivity premium is partly driven
by a disproportionate reduction in interpersonal interactions in large cities, suggesting that WFH
reduced large cities’ productivity premium partly by weakening the agglomeration economies.

Because the strength of agglomeration economies or the productivity premium of large cities
are not directly observable, we develop empirical tests for WFH’s effects based on observable
labor market outcomes. To motivate the logic behind our empirical tests, we introduce a simple
conceptual framework to illustrate how WFH adoption can affect observable outcomes such as
local wages and employment through shifting local labor demand and supply.

In our framework, we consider two representative cities: a large and a small city, with only
the large city benefiting from agglomeration economies. We highlight two forces of WFH adop-
tion. First, by reducing face-to-face interactions, WFH may weaken the large city’s agglomeration
economies, which would lower its productivity and in turn, reduce labor demand in the large city.
This labor-demand channel could reduce the large city’s wage premium and shift employment
away from it. Second, WFH allows more workers to work for the higher-wage large city while
living in the lower-cost small city, an arrangement that was much less feasible before WFH. In
other words, holding wages constant, WFH effectively expands the labor supply to the large city
at the expense of the small city. This labor-supply channel could also reduce the large city’s wage
premium relative to the small city but shift employment toward the large city.

Thus, to examine whether WFH weakens the agglomeration economies of large cities, our first
empirical test assesses whether WFH adoption reduces the urban wage premium, defined as the
wage premium offered by cities with a larger occupation-specific employment size. However, this
test alone is not sufficient: A decline in the urban wage premium could be driven by not only
weakened agglomeration economies but also an increase in large cities’ labor supply from workers
living in small cities.

To ensure that WFH’s impact on the urban wage premium is not entirely driven by the labor-

supply channel, our second empirical test examines whether WFH adoption shifts payroll employ-



ment away from large cities. If WFH reduces both wages and employment in large cities, it implies
a decline in the large-city productivity premium, supporting the hypothesis that WFH weakens ag-
glomeration economies. If the decline in the urban wage premium was driven solely by increased
labor supply to large cities, employment would shift 7o rather than away from large cities.

To implement our empirical tests, we use the COVID-19 pandemic as an empirical setting, dur-
ing which we saw a dramatic increase and sustained popularity of WFH adoption. However, simply
observing a decline in the urban wage premium and a shift in payroll employment away from large
cities does not necessarily imply that WFH caused these changes, as broader pandemic effects
could have also played a role. To isolate the effect of WFH adoption, we employ a difference-in-
differences (DID) approach, exploiting variation in the level of WFH adoption across occupations
and industries after the start of the pandemic (Brynjolfsson et al., 2020; Bick et al., 2023; Bartik
et al., 2024). Specifically, we use occupations or industries with high WFH adoption after 2020 as
the treatment group and those with low WFH adoption as the control group. A key identification
assumption is that the pandemic effects unrelated to WFH influenced both groups in the same way,
allowing these effects to be differenced out over time.

Using advertised wage data from Lightcast (formerly Burning Glass), we find that high- and
low-WFH-adoption occupations followed very similar trends in the urban wage premium from
2015 until the onset of the pandemic. Since 2020, high-WFH-adoption occupations experienced
a sharp and persistent decline in the urban wage premium, while low-WFH-adoption occupa-
tions showed no significant change. The DID estimate suggests an 18.4% decrease in the urban
wage premium for high-WFH-adoption occupations. This result is robust in alternative specifica-
tions, such as controlling for job skill requirements, applying alternative definitions of high-WFH-
adoption occupations, excluding the 2020-2021 pandemic period, and using wage data from the
Quarterly Census of Employment and Wages (QCEW).

To show that the decrease in the urban wage premium is not solely driven by increased labor
supply to large cities, we conduct our second empirical test, which examines the effect of WFH

on spatial shifts in payroll employment. Using QCEW payroll employment data and the DID



approach, we find that since the pandemic began, payroll employment has shifted away from large
cities more strongly in high-WFH-adoption industries than in low-WFH-adoption industries. The
result remains robust when we apply alternative definitions of high-WFH-adoption industries.

One concern with the DID approach is that confounding factors, such as the post-pandemic
surge in migration away from large cities, may have affected changes in the urban wage premium
or local employment growth differently across high- and low-WFH-adoption occupations. We
show that our results remain consistent under robustness checks that mitigate this concern.

In summary, our results show that WFH decreased the urban wage premium and shifted payroll
employment away from large cities. Together, these findings imply that WFH reduced the produc-
tivity premium of large cities, which support the hypothesis that WFH reduced the strength of ag-
glomeration economies. That being said, it is possible that the decline in the large-city productivity
premium among high-WFH-adoption occupations during the pandemic may have been influenced
by factors other than weakened agglomeration economies, such as a deteriorating business environ-
ment or rising operational costs in large cities that affected the productivity of high-WFH-adoption
occupations disproportionately.

To assess whether WFH reduced the productivity premium of large cities specifically by weak-
ening agglomeration economies, we return to the assumption of the agglomeration mechanism:
communication externalities—spatial clustering of workplaces increases interpersonal interactions,
which foster knowledge spillovers and network formation, thereby sustaining the productivity pre-
mium of large cities. Thus, to test if agglomeration economies weakened under WFH, we can
examine whether WFH reduced interpersonal interactions that large cities previously generated.

The challenge is that we cannot directly observe interpersonal interactions at workplace across
cities. To address this challenge, we take an indirect approach by analyzing changes in the urban
wage premium associated with specific job skills. The logic is that if the decline in large cities’
productivity premium reflects reduced interpersonal interactions, the productive value and thus
wage returns of interpersonal skills should fall more in large cities than in small ones. Using

Burning Glass skill requirement data, we categorize skills into 11 groups following Deming and



Kahn (2018). We then apply a Gelbach decomposition to identify which skills saw a relative
decline in wage returns in large cities and contributed most to the overall decline in the urban wage
premium within high-WFH-adoption occupations (Gelbach, 2016).

We find that disproportionate declines in wage returns to customer and client support skills and
social skills in large cities account for the majority of the overall decline. Because these skills
are central to interpersonal interactions, the decline in the large-city premium in their wage returns
suggests that WFH reduced the intensity of workplace interactions in large cities, where these skills
were most valuable. Consistent with this, we also observe a disproportionate decline in the listing
intensity of these skills in job postings from large-city employers. Taken together, these skill-level
results support the hypothesis that WFH adoption eroded agglomeration economies in large cities.

‘We contribute to several strands of literature. First, we add to the discussions on how the rise of
WFH affects cities.> Many studies highlight a shift in housing demand from city centers to suburbs
and from larger to smaller cities due to the increased prevalence of WFH since the pandemic (Gupta
et al., 2022; Liu and Su, 2021; Ramani and Bloom, 2021; Althoff et al., 2022; Delventhal et al.,
2022; Li and Su, 2025; Howard et al., 2023; Monte et al., 2023).

A second strand examines how WFH and flexible work arrangements affect individual produc-
tivity and innovation, using surveys, experiments, and quasi-experimental designs, some predating
the pandemic (Bloom et al., 2015; Choudhury et al., 2021; Atkin et al., 2023; Bloom et al., 2023a;
Choudhury et al., 2023; Angelici and Profeta, 2024; Bartik et al., 2024; Emanuel and Harrington,
2024). While findings are mixed, many highlight that reduced interactions, mentoring, learning,
and relationship-building have lowered productivity and innovation. These studies often take a
personnel economics approach, comparing productivity between remote and onsite workers within
a specific work environment, such as a firm (see Appendix Al for a detailed literature review).
We complement this literature by showing that the impact of WFH also depends on the broader
external environment, such as city size.

Several studies use traditional urban economics models to explore the quantitative implications

3Van Nieuwerburgh (2023) provides a comprehensive review.



of WFH for aggregate productivity and welfare (Gokan et al., 2022; Delventhal and Parkhomenko,
2023; Behrens et al., 2024; Davis et al., 2024). Our conceptual framework is closely related to
Brueckner et al. (2023), who use a spatial equilibrium model to show that remote work tends to
equalize wages across regions. Consistent with their prediction, we find that WFH reduces wage
differentials between large and small cities.

Our paper also complements the extensive literature on agglomeration economies and the urban
productivity premium. Prior studies show that large cities’ productivity advantage arises from
two main sources: the sorting of more productive firms and workers into these areas, and the
productivity effects generated by the large cities themselves (Glaeser and Mare, 2001; Combes
et al., 2008; D’Costa and Overman, 2014; De La Roca and Puga, 2017; Gaubert, 2018; Baum-
Snow et al., 2024; Martellini, 2022; Eckert et al., 2022). Other research has established micro-
foundations for agglomeration economies and documented the underlying mechanisms (Rosenthal
and Strange, 2003; Duranton and Puga, 2004; Bleakley and Lin, 2012). In particular, Bacolod et al.
(2009) show that wage premiums for cognitive and social skills tend to be higher in large cities,
suggesting that these cities reward thinking activities and promote social interactions. Our findings
reinforce the importance of interactions in sustaining agglomeration economies.

The rest of the paper is organized as follows. Section 2 presents our conceptual framework and
empirical tests. Section 3 describes the data. Section 4 details the empirical strategy and presents
the results of our empirical tests. Section 5 provides skill-level analyses to explore the mechanisms

driving the reduced productivity premium of large cities. Section 6 concludes.

2 Conceptual Framework: WFH and Agglomeration Economies
We use a simple conceptual framework to illustrate how WFH adoption can affect local labor
demand, supply, and equilibrium outcomes. Based on this framework, we propose empirical tests
to assess whether WFH adoption has weakened agglomeration economies. The formal model and

test derivations are in Appendix A2.*

4Appendix A3 introduces an alternative model that allows for potential productivity differences between onsite
and remote workers within the same city. The key predictions remain unchanged.



2.1 Conceptual Framework

We consider two representative cities: a large and a small city. Workers can choose where to live
and work. The large city benefits from agglomeration economies arising from its larger local labor
market, while the small city enjoys no agglomeration economies and thus has lower productivity.

Figure 1 illustrates the spatial equilibrium in large and small cities before and after WFH adop-
tion. Solid curves represent local labor demand and supply before WFH, and dashed curves repre-
sent them after WFH. The figure shows how WFH shifts labor demand and supply in each repre-
sentative city, affecting local wages and employment in equilibrium. The WFH option may involve
full or partial (hybrid) arrangements, with workers onsite only part of the time.

Pre-WFH Equilibrium Before WFH, workers could only work onsite. Their physical concen-
tration in the large city strengthened agglomeration economies, leading to higher productivity and
wages offered in the large city. However, without WFH, a city’s labor supply was constrained to
its own residents. As a result, the housing capacity of the large city limited the number of workers
who could access its high productivity (Hsieh and Moretti, 2019).

Post-WFH Equilibrium The availability of WFH disrupts the pre-WFH spatial equilibrium. First,
it reduces workers’ physical presence in the workplace. This reduced presence could limit op-
portunities for interactions, weakening a key mechanism behind agglomeration economies that
previously generated much of the large city’s productivity premium. Even with hybrid arrange-
ments, opportunities for productive interactions could decline if workers are not around the office
as often. Weakened agglomeration economies could then reduce the large city’s productivity and
wages, leading to a reduction in its labor demand.

Graphically, weakened agglomeration economies are depicted as an inward shift of the large
city’s labor demand curve (Figure 1a). By assumption, the small city’s labor demand is unchanged,
as it does not benefit from agglomeration economies.

On the other hand, for workers who were previously excluded from working for the higher-
paying large city due to its high housing costs and settled in the small city, WFH enables them

to work for the large city while continuing to live in the small city. Even for those limited to



hybrid WFH, reduced commuting lowers the cost of residing in one city while working in the
other, making cross-city arrangements more feasible. By allowing more small-city residents to
supply labor to the higher-paying large city rather than work locally, WFH relaxes the large city’s
labor supply constraint, effectively expanding its labor supply at the expense of the small city.
Graphically, increased WFH work arrangements shift the labor supply curve outward for the

large city (Figure 1a) and the labor supply curve inward for the small city (Figure 1b).

2.2 Empirical Tests for the Effect of WFH on the Agglomeration Economies
Since the strength of agglomeration economies or local productivity cannot be directly observed,
testing whether WFH weakens agglomeration economies requires analyzing observable outcomes.
Thus, we rely on our conceptual framework to derive empirical tests using observable variables,
such as local wages and employment, to assess whether WFH diminishes agglomeration economies.
Urban Wage Premium Figure 1 shows that the outward expansion of labor supply to the large
city reduces its equilibrium wage, while the inward contraction of labor supply to the small city
raises its equilibrium wage. Together, these shifts in labor supply would decrease the urban wage
premium, defined as the wage premium offered by the large city.

In addition, the inward shift of labor demand in the large city, driven by weakened agglomer-
ation economies, further lowers its wage level, and therefore the urban wage premium. Although
this reduction in the urban wage premium could trigger a secondary effect: an offsetting increase
in labor supply to the small city, this offsetting effect should not be large enough to fully neutralize

the overall decline in the urban wage premium.> Therefore, our first empirical test is

Empirical Test 1 WFH should reduce the observed urban wage premium, i.e., the

wage premium offered by the large city relative to the small city.

However, as shown in Figure 1, the reduction in the urban wage premium is a joint effect of both

the reduction in agglomeration economies and the spatial reallocation of labor supply toward the

>The offsetting effect cannot fully neutralize the decline in the urban wage premium because the outward shift
in small-city labor supply is an endogenous response to the decline in the urban wage premium. If this outward shift
fully offsets the reduction in the urban wage premium, the shift would not have occurred. Appendix A2 provides the

analytical derivation of the negative effect of WFH on the urban wage premium.



large city. Therefore, even if WFH lowers the urban wage premium, it remains possible that WFH
has no effect on agglomeration economies and that the decline in the urban wage premium is
driven entirely by the increased labor supply to the large city by workers /iving in the small city.
Therefore, we need an additional empirical test to rule out this possibility.

Spatial Reallocation of Payroll Employment As shown in Figure 1a, the outward shift of the
labor supply curve and the inward shift of the labor demand curve in the large city have oppo-
site effects on local employment. The inward shift in labor demand in the large city, driven by
weakened agglomeration economies, decreases the number of workers the large city is willing to
hire. In contrast, the outward shift in labor supply increases the number of workers the large city
can employ. Therefore, if WFH reduces the urban wage premium solely through the labor-supply
channel while agglomeration economies remain unchanged, payroll employment should increase
in the large city relative to the small city.

However, if WFH shifts payroll employment away from the large city while also reducing the
urban wage premium, this implies that the large city’s labor demand curve must have been shifted
inward. Figure 1 illustrates why: For both payroll employment and wage to decline in the large
city relative to the small city, an inward shift in labor demand curve is necessary. The outward shift
in labor supply alone cannot generate both outcomes simultaneously. Such an inward shift in labor
demand in the large city indicates a decline in local productivity and the productivity premium
enjoyed by the large city, lending support that WFH reduced the agglomeration economies of the

large city. Therefore, our second empirical test for weakened agglomeration economies is

Empirical Test 2 If WFH adoption not only decreases the urban wage premium but
also shifts payroll employment away from large cities, then WFH should have reduced

the productivity premium of large cities.

In Section 4, we show that both empirical tests are supported, implying that WFH reduced
the large-city productivity premium. While this is strongly suggestive of weakened agglomeration
economies, the results do not definitively demonstrate whether the reduced productivity premium

can be specifically attributed to weakened agglomeration economies. Therefore, Section 5 presents
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additional skill-level analyses to show that the decrease in the large-city productivity premium is

indeed driven by the weakening of agglomeration economies.

3 Data

3.1 Advertised Wages by Occupation and Geography: Burning Glass

We measure local wage offerings using data from Lightcast, formerly known as Burning Glass
Technologies, which we will refer to as Burning Glass data henceforth. Burning Glass is a com-
pany that scrapes and cleans job postings from about 40,000 online job boards and company web-
sites across the U.S. The aim is to capture the universe of job postings in the U.S. A de-duplication
algorithm is used to avoid repetition. We use Burning Glass data from January 2018 to Septem-
ber 2023. The dataset represents approximately 70% of U.S. vacancies (Carnevale et al., 2014).°
Around 20% of the postings in the Burning Glass data include total and hourly salaries (as a range
between maximum and minimum values). We calculate a job’s wage by taking the mid-point
between the maximum and minimum hourly salary for the job (Hazell et al., 2022).

The job postings include detailed occupation (SOC) and industry codes (three-digit NAICS),
and the county of the posting, which we take as the job location. They also provide job-level
details such as minimum degree requirement, full- or part-time status, salary type, tax terms, and
an extensive array of skill requirements, which we use as controls.” For computational efficiency,

we use a 10% random sample of the raw Burning Glass data.

3.2 Quarterly Census of Employment and Wages

Our payroll employment data are from the Quarterly Census of Employment and Wages (QCEW),
which provides quarterly payroll employment counts based on employers’ locations, covering over
95% of U.S. jobs. The data are available at the county level by industry, but not by occupation.

Our primary measure of the relevant local labor market size for each job is the employment size

®Carnevale et al. (2014) show that online job ads can overrepresent higher-skilled, white-collar positions, creating
potential bias in the Burning Glass data. However, we do not use these data to study overall job numbers or local

composition of jobs per se.

7Salary type includes base pay, bonus, commission, and shift premium; tax terms include employee and contractor.
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of the job’s occupation within the metropolitan statistical area (MSA) where the job was posted.
Since QCEW does not provide employment by occupation, we impute occupation-level employ-
ment by MSA. To do this, we use Burning Glass data to create a crosswalk between the three-digit
NAICS code and the SOC occupation code. Many job postings include both a three-digit NAICS
code and an SOC code, which allows us to calculate the empirical distribution of NAICS codes
conditional on the SOC code. Using this probabilistic crosswalk and industry-county-level em-
ployment data from QCEW, we impute employment by occupation and county. Finally, we apply
a county-MSA crosswalk to compute employment size by occupation and MSA. Appendix A4.2
provides details on the construction of this crosswalk.

We also use QCEW data to analyze spatial shifts in payroll employment. In this analysis, we
directly use industry-level employment, rather than imputed occupation-level employment. This
is because imputation using the NAICS-SOC crosswalk can mute much of the variation in cross-

industry employment growth in the raw industry-level data.

3.3 Measuring the Adoption of WFH

Burning Glass We first determine whether a job is WFH-available, meaning WFH is an available
option for the job, by analyzing the original texts of job postings from 2018 to 2022, as job text
data afterward are unavailable. We search for keywords associated with WFH or remote work. To
ensure our categorization is immune to negations (e.g., employers reference WFH-related topics
to indicate the lack of such options), we exclude jobs from the WFH-available category if any
negation words appear immediately before or after WFH-related keywords. A detailed discussion
of this dictionary approach is provided in Appendix A4.1.

Next, we calculate the share of WFH-available jobs for each SOC occupation over a time
period. We categorize an occupation’s WFH adoption level as high or low based on the increase
in the fraction of WFH-available jobs since the start of the pandemic. In our main analysis, we
define high-WFH-adoption occupations as those with an increase above the 75th percentile (15
percentage points) in the national share of WFH-available jobs, measured by comparing pooled

Burning Glass data from 2018 to March 2020 with pooled data from April 2020 to December 2022.
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Low-WFH-adoption occupations are defined as those with an increase below the 50th percentile
(11 percentage points) in the national share of WFH-available jobs.

For robustness, we also use WFH-available job shares from 2018 to 2023 released by Bloom
et al. (2023b), who apply a machine-learning method to categorize Burning Glass jobs as WFH-
available or not. Their publicly available monthly occupation-level measure uses a relatively coarse
SOC classification with fewer than 100 occupations, compared with over 1,000 occupations in our
baseline measure. Thus, we use Bloom et al. (2023b)’s measure only for robustness checks.
American Community Survey (ACS) We supplement the Burning Glass data with data from the
ACS, which collects information on whether workers primarily worked from home in the previous
week (Ruggles et al., 2022). We use this self-reported WFH information and occupational codes
(OCC2010) to provide an alternative measure of WFH adoption for robustness checks.

We calculate the share of workers who reported that they primarily worked from home for
each occupation in 2019 and 2022 and then compute the change in this share for each occupation
between the two years. Consistent with our baseline WFH-adoption definition, we define high-
WFH-adoption occupations in the ACS as those with an increase in the share of WFH workers
above the 75th percentile. Low-WFH-adoption occupations are those with an increase in the share
of WFH workers below the 50th percentile.?

American Time Use Survey (ATUS) The ATUS from the Bureau of Labor Statistics is another
resource for tracking WFH adoption by occupation (Hofferth et al., 2020). It records how respon-
dents allocate time on various activities over a 24-hour period, allowing us to calculate the fraction

of working hours spent at home by broad occupation category.

8The ACS reports occupations using an older Census Occupation Code that maps to only a subset of SOC codes
used in the Burning Glass data. Thus, we use this ACS-based WFH measure only in the ACS wage analysis, not in the

analysis using Burning Glass data.
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4 Empirical Strategy and Evidence

4.1 The Adoption of WFH During the COVID-19 Pandemic
Using ACS data from 2005 to 2022 and ATUS data from 2005 to 2023, we track the evolution of
WEFH prevalence over time. Figure Ala shows a sharp rise in the share of remote workers starting

in 2020, with high levels persisting through 2023. The pattern is consistent across both datasets.

4.2 Empirical Strategy in the Context of the COVID-19 Pandemic

We use the rapid rise and sustained popularity of WFH after 2020, driven by the COVID-19 pan-
demic, as the empirical setting to verify our two empirical tests for whether WFH has reduced the
productivity premium of large cities: Does WFH adoption reduce the urban wage premium and
shift payroll employment away from large cities?

However, simply observing a decline in the urban wage premium and spatial reallocation of
payroll employment after 2020 may not be sufficient to isolate the effects of WFH, given the
broader impact of the COVID-19 pandemic. The pandemic could have influenced these trends
through mechanisms unrelated to WFH. For example, the pandemic may have reduced revenue
growth for businesses in large cities disproportionately due to greater pandemic exposure and
stricter policy responses, which could have independently contributed to a decline in the urban
wage premium and reduced employment demand in large cities. As a result, the observed changes
in the urban wage premium and spatial patterns of payroll employment after the start of the pan-
demic may not be solely attributable to WFH adoption.

To isolate the effects of WFH adoption, we exploit variation in the level of WFH adoption
across occupations and industries after the start of the pandemic. As predicted by Dingel and
Neiman (2020) and consistent with findings from other studies (Barrero et al., 2021; Bick et al.,
2023; Brynjolfsson et al., 2020), we observe large variation in WFH adoption across occupations.
Using ACS data, Figure A1b in the Appendix highlights a high uptake of WFH in computer and
mathematical occupations, followed by business and financial occupations, while occupations in

food services and health care saw much less WFH adoption. The large variation allows us to assess
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the effects of WFH on the urban wage premium and the spatial shift in payroll employment using a
difference-in-differences (DID) approach, using occupations with high WFH adoption after 2020
as the treatment group and those with low WFH adoption as the control group.’

The DID approach relies on two key assumptions: (1) the non-WFH-related effects of the
pandemic on the urban wage premium and payroll employment shifts are identical across treatment
and control groups, allowing these effects to be differenced out over time, and (2) the treatment
and control groups would have followed the same trend in the outcome variable in the absence of
the pandemic, i.e., the common trends assumption. Under these assumptions, if occupations with
high WFH adoption (treatment group) experienced a significantly larger drop in the urban wage
premium and a stronger shift in payroll employment away from large cities compared with the
control group, we can attribute these differential effects to the surge in WFH adoption.'”

To empirically support the validity of the common trends assumption, Figure 2 shows the evo-
lution of the urban wage premium, normalized to its 2019 level, over time for high-WFH-adoption
occupations (treatment group) and low-WFH-adoption occupations (control group).!! The fig-
ure shows that the treatment and control group occupations followed very similar trends in the
urban wage premium from 2015 until the start of the pandemic. However, after 2020, high-WFH-
adoption occupations experienced a sharp decline in the urban wage premium, with the subdued
level persisting as of the summer of 2023. In contrast, the urban wage premium for low-WFH-

adoption occupations remained stable.

9This empirical strategy implicitly assumes that the agglomeration economies affected by WFH adoption are
at least partially intra-sectoral, consistent with Alfred Marshall (1890)’s framework. This assumption excludes
the broad-based agglomeration economies proposed by Jane Jacobs (1969), which imply that the agglomeration
economies in sectors not adopting WFH could be equally affected by WFH adoption in unrelated sectors in the same
local labor market. Appendix AS provides detailed discussions supporting our assumption.

0National effects on wages or employment do not affect the validity of our approach because we focus on wage

differences and differential employment growth across cities of different sizes.

To estimate the urban wage premium, we regress log posted hourly wage on the size of the relevant local labor
market (based on 2018 employment size by occupation and MSA) and various job characteristics, including dummy
variables for SOC occupation code, three-digit NAICS code, required education level, salary type, full-/part-time
status, tax terms, and posting month. We allow the coefficient on labor market size (i.e., the urban wage premium) to

vary by year and occupation group (with high- or low-WFH-adoption).
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4.2.1 Threats to Identification

One potential violation of the DID assumptions arises from the surge in net migration from large
to small cities after 2020 (Liu and Su, 2021; Ramani and Bloom, 2021; Althoff et al., 2022).
Migration can disrupt the spatial equilibrium and affect urban wage premium and local payroll
employment in ways not directly related to WFH adoption. Therefore, it is crucial to understand
how this migration surge could threaten the identification of the causal effects of WFH adoption.
Urban Wage Premium We argue that the migration surge is unlikely to strongly confound the
change in the urban wage premium between the treatment and control groups (Empirical Test 1).

In high-WFH-adoption occupations (treatment group), neither local labor supply nor demand
should be particularly affected by migration. Because WFH allows workers to supply labor across
cities, local residents moving out of large cities should not shrink the labor pool or affect local
labor supply. Moreover, highly WFH-compatible occupations are often in tradable sectors, where
demand is not locally sourced. Thus, migration is unlikely to affect local labor demand either.

One concern is that despite the ability to work remotely, some workers may still prefer to
work and live in the same city. If this preference is sufficiently strong, out-migration from large
cities could lead to a net shift in labor supply away from large cities and an inward shift in the
labor supply curve in large cities. Figure 3a shows that in this case, reduced labor supply in
large cities should increase the urban wage premium among high-WFH-adoption occupations.
Therefore, if migration shifts the labor supply curve inward in large cities, an observed decrease
in the urban wage premium among high-WFH-adoption occupations implies that the urban wage
premium would have decreased even more without the confounding effect of migration.

In low-WFH-adoption occupations (control group), migration could affect both local labor
demand and supply. Since tasks must be performed in person in these occupations, migration
from large to small cities would reduce labor supply to large cities. Additionally, because many of
these occupations are in the non-tradable local service sector, local service demand moves with the
residents, leading to reduced labor demand in large cities and increased demand in small cities.

Figure 3b illustrates the dual inward shifts of labor supply and demand in low-WFH-adoption
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occupations in large cities due to the migration surge. The figure shows that the inward shift in
labor demand lowers large-city wages while the inward shift in labor supply raises them. In small
cities, these shifts would be symmetric but outward. Therefore, for control occupations, the effect
of migration on the urban wage premium could be largely muted due to these offsetting effects.

In summary, the migration surge should have similarly muted effects on the urban wage pre-
mium for both treatment and control occupations, suggesting that the DID analysis of WFH’s
impact on the urban wage premium is unlikely to suffer strong bias from the concurrent migration
wave. If any bias exists, it likely underestimates WFH’s effect on the urban wage premium.
Payroll Employment Unlike the urban wage premium, we argue that the surge in migration likely
produces bias in the baseline DID estimate of WFH’s effect on spatial shift in payroll employment.

For treated occupations, as we have argued, migration is unlikely to shift local labor demand
or supply significantly. In contrast, for control occupations, while the dual inward spatial shifts
of labor demand and supply curves may have a muted effect on the urban wage premium, Figure
3b shows that these shifts likely cause a sharp decline in payroll employment in large cities and a
corresponding increase in small cities.!?

Because the migration surge shifts payroll employment from large to small cities for control
occupations but not as much for treated occupations, our baseline DID estimator for Empirical
Test 2 likely underestimates the effect of WFH on spatial employment shifts away from large
cities. Thus, the biasing effect of migration should work in favor of testing our hypothesis: WFH
likely causes an even larger shift of payroll employment away from large cities than our DID
estimates would suggest.

To mitigate the confounding effect of migration, we conduct robustness checks by excluding
local service industries, where migration should have the strongest effect on local labor demand and

supply. We expect that excluding these industries will improve the validity of the DID assumption.

2Even if out-migration shifts labor supply away from large cities in treated occupations—because some workers
prefer to work and live in same city despite the availability of WFH—the labor-supply effect should also be present
and likely larger in control occupations due to their lack of WFH options. Thus, out-migration’s effect on local labor
supply should either be differenced out between treated and control occupations or lead to an underestimation of the

true effect of WFH on the spatial employment shift away from large cities.
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4.3 The Effect of WFH Adoption on the Urban Wage Premium

To obtain the DID estimate of WFH’s effect on the urban wage premium (Empirical Test 1), we

estimate the following equation:

In(wikji) = apln My; + oq In My; x Highy, + o In My; x Aftery + agln My; x Highy, x After,

+ agHighy + asAfter, + agHighy x Aftery + Xigt© + €ikjes (D)

where w;y;; 1s the posted hourly wage of job ¢ in occupation k& within MSA j at time t; Mj;
is the initial employment size of occupation j within MSA j (measured in the first quarter of
2018); Highy, indicates whether £ is a high-WFH-adoption occupation (treatment group); A fter;
is an indicator of the period after the start of the pandemic (i.e., 1 if after March 2020); X, is a
vector of job-level characteristics, including dummy variables for SOC occupation code, three-digit
NAICS code, years of education required, salary type, full-/part-time status, tax terms, and posting
month.!? The equation is estimated using a 10% random sample of Burning Glass data from 2018
to September 2023, restricted to high- and low-WFH-adoption occupations, with occupations in
the intermediate range excluded to reduce noise.'*

The parameter o represents the pre-pandemic urban wage premium for control occupations;
ay represents the pre-pandemic difference in the urban wage premium between treatment and
control occupations; as represents the change in the urban wage premium after the start of the
pandemic for control occupations; and a3 represents the differential change in the urban wage

premium for treated occupations relative to control occupations after the pandemic began. The key

13We define the relevant local employment size as occupation-MSA-specific employment, M, consistent with the
assumption underlying our DID strategy: the agglomeration economies relevant to WFH adoption are intra-sectoral.
This implies that the appropriate measure of local employment size should focus on specialized occupations relevant

to the jobs of interest. Appendix AS provides detailed discussions on the validity of this assumption.

“We also analyze the overall changes in the urban wage premium after the start of the pandemic, using a sim-
plified version of Equation 1, excluding terms involving the high-WFH-adoption dummy. The results are presented
in Columns 1-2 of Table A1, measuring the local labor market size using both employment by occupation and MSA
(Column 1) and total employment by MSA (Column 2). The results suggest a overall decline in the urban wage

premium across all occupations by around 12%.
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parameter of interest is a3, which the empirical test predicts to be negative (a3 < 0).

Column 1 of Table 1 presents the estimates of o through 3. Comparing the estimates of «y

and o suggests that high-WFH-adoption occupations had a larger urban wage premium than low-
WFH-adoption occupations before the pandemic. After 2020, low-WFH-adoption occupations
showed little change in the urban wage premium, with the estimate of a, small and statistically
insignificant. This is consistent with the prediction in Figure 3b. In contrast, high-WFH-adoption
occupations experienced a decline in the urban wage premium of 0.00736. This represents an
18.4% decrease relative to the pre-pandemic level of 0.04.!> The DID estimate 3 is negative and
statistically significant. The findings validate Empirical Test 1.
Spatial Sorting of Skill Demand One concern is that the observed decline in the urban wage
premium could be driven by changes in spatial sorting of skill demand. For example, the pandemic
may have caused firms hiring higher-skilled workers to leave large cities for reasons unrelated to
WFH. To mitigate this concern, we control for detailed skill requirements in each job posting.'¢

Column 2 of Table 1 shows that, after controlling for skill fixed effects, the estimated a3 is
slightly smaller but remains statistically significant. The estimates indicate a 0.00526 decrease
in the urban wage premium for high-WFH-adoption occupations from the pre-pandemic level of
0.0344 (representing a 15.3% decline). This suggests that the decline in the urban wage premium
reflects a genuine decrease in the relative price of labor in larger cities, holding skills constant.
Alternative Definitions of WFH Adoption To ensure our results are not sensitive to the defini-
tion of WFH adoption, we consider alternative measures. In Column 3 of Table 1, occupations
are classified as having high WFH adoption if they belong to either “Computer and Mathematical

Occupations” or “Business and Financial Operations.” Figure A1b shows that these two occupa-

5The change in the urban wage premium for high-WFH-adoption occupations is given by oy -+ a3, which is
—0.00736. The pre-pandemic urban wage premium for high-WFH-adoption occupations is aig 4+ o1, which is 0.04.
This represents a decline of around 18.4%.

16The added complexity of the data is that some job postings specify only a few skill requirements while others
list many distinct skills. To simplify our computations, we focus on the first 10 skills mentioned in each job posting,
ranked by the overall frequency of mentions across all postings. About 90% of the jobs in the sample mention 10 or
fewer skills. In job postings with fewer than 10 skills, the remaining slots are filled as “na.”
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tion groups exhibited the greatest increase in WFH adoption post-2020. In Column 4, we calculate
changes in the share of WFH-available jobs by occupation, using the jobs’ WFH-availability indi-
cator from Bloom et al. (2023b). Our findings remain consistent across these alternative definitions
of high-WFH-adoption occupations.

One concern with our baseline measure of WFH adoption is that WFH adoption levels may
vary across MSAs within the same occupation. To address this, we calculate the annual share of
WFH-available jobs by occupation and MSA, and then compute changes in this share for each
occupation-MSA cell since the start of the pandemic. Jobs are classified as high-WFH-adoption if
they are in occupation-MSA cells where the change in the share of WFH-available jobs was above
the 75th percentile, and as low-WFH-adoption if the change was below the 50th percentile. Using
this alternative WFH adoption definition, we find similar results: WFH reduced the urban wage
premium (Table A2)."

Confounding Effects of Migration In Section 4.2.1, we argue that the concurrent migration surge
is likely to have a muted effect on the urban wage premium for low-WFH-adoption occupations
(Figure 3b), and therefore is unlikely to introduce severe bias into the DID estimate of WFH’s
effect on the urban wage premium. For further robustness, in Column 5 of Table 1, we exclude
local service occupations, where migration likely has the strongest effect on local labor demand
and supply.'® This helps improve the validity of the control group. To further account for dif-
ferential changes in population between the treatment and control groups, we include three-way

interactions between pre- and post-pandemic population growth, year of job posting, and the high-

7Column 1 of Table A2 presents the estimates of Equation 1, using this new WFH adoption measure. For further
robustness, we estimate another specification using the change in MSA-level share of WFH-available jobs after the
pandemic from Bloom et al. (2023b) presented in Column 2 of Table A2. The result shows that high-WFH-adoption
occupations saw a decrease in the urban wage premium compared with low-WFH-adoption occupations, especially
among MSAs with greater overall WFH adoption after the pandemic. This further suggests that the spatial variation
in WFH adoption is unlikely to have mechanically driven our results.

8Local service occupations include Building and Grounds Cleaning and Maintenance Occupations, Construction
and Extraction Occupations, Transportation and Material Moving Occupations, Installation, Maintenance, and Repair
Occupations, Personal Care and Service Occupations, Community and Social Service Occupations, Food Preparation
and Serving Related Occupations, Farming, Fishing, and Forestry Occupations.
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WFH-adoption dummy. In this sample, the change in the urban wage premium for low-WFH-
occupations is even smaller, while high-WFH-adoption occupations show a 16% decrease in the
urban wage premium (a decrease of -0.00479 relative to the pre-pandemic level of 0.03).
Additional Robustness Checks Table A3 in the Appendix presents additional robustness checks.
Columns 1 controls for the interaction between occupation fixed effects and the post-pandemic
dummy, as well as the interaction between MSA fixed effects and the post-pandemic dummy.
These controls aim to capture any pandemic-related changes affecting an entire occupation or
MSA. Column 2 controls for employer fixed effects. Column 3 excludes observations from 2020
and 2021 to ensure the results are not driven by short-term pandemic effects. The results remain
robust across these alternative specifications.

In Columns 4 and 5, we redefine the local labor market at the county-occupation level to address

concerns that changes in the urban wage premium may occur at a smaller geographical level than
the MSA. We also control the three-way interactions between MSA fixed effects, the high-WFH-
adoption dummy, and the post-pandemic dummy to absorb MSA-level changes in the urban wage
premium. The results suggest that WFH adoption led to a stronger decline in wage premium in
larger sub-MSA labor markets within MSAs.
Concerns with Job Postings Data Furthermore, there may be some concerns with the job post-
ings data. First, since only a subset of job postings includes wages, there may be selection bias. For
instance, if high-skilled jobs in large cities are less likely to list wages after the pandemic started,
it could spuriously reduce our urban wage premium estimates. Second, the locations listed in job
postings may reflect the target workers’ locations rather than the firms’ locations.

To address these concerns, we also estimate changes in the urban wage premium using average
weekly earnings data from the QCEW, which is based on employers’ locations and less prone to
selection bias. That said, the data also have some caveats: First, QCEW provides weekly earnings,
not hourly wages; weekly earnings could be confounded by shifts in part-time employment. Also,
QCEW reflects the earnings of existing workers, unlike the wages in the job postings.

Table A4 in the Appendix presents the estimates using QCEW data. Despite differences be-
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tween QCEW and Burning Glass, the results show a substantial and statistically significant de-
crease in the urban wage premium for high-WFH-adoption industries.!® The decrease intensified
from 2020 to 2023, likely because wages for existing workers adjust more slowly than new jobs.
The results also remain consistent after excluding local service industries.
Mechanical Effect of Large Cities’ Disproportionate WFH Adoption Another concern is that
our estimate of WFH’s effect on the urban wage premium may spuriously reflect the potential
mechanical effect of large cities’ disproportionate adoption of WFH. Specifically, if jobs located
in larger cities were more likely to adopt WFH than similar jobs in smaller cities, and if WFH-
available jobs tend to offer lower wages, this could have led to a greater wage reduction in large
cities, creating a spurious decrease in the urban wage premium unrelated to weakened agglomera-
tion or increased labor supply.

To assess the importance of this concern, we examine WFH options at the individual job level.
If the decline in the urban wage premium among high-WFH-adoption occupations is not solely
driven by this mechanical effect due to large cities’ disproportionate adoption of WFH and wage
differences between WFH and non-WFH jobs, we should observe a decrease in the urban wage
premium for non-WFH jobs within occupations with high WFH adoption. The rationale is that if
WEFH’s effect on the urban wage premium is driven by a genuine decrease in the relative price of
labor in large cities rather than a composition effect, the wages of onsite workers in large cities
may be subject to the same downward pressure.

Table 2 presents the results. Column 1 reports the estimates of « through as from Equation
1, using the baseline specification with the Burning Glass data, restricted only to observations
that include job text information. The results are consistent with the baseline finding. Column 2
adds controls for an indicator of whether a job allows WFH (based on job text), its interactions

with In M and After, and the three-way interaction. The estimated effect of WFH on the urban

19Here, we estimate changes in the urban wage premium across industries with different WFH adoption levels,
as QCEW contains only NAICS industry codes. High-WFH-adoption industries are defined as those with an in-
crease above the 75th percentile (9.5 percentage points) in the national share of WFH-available jobs, while low-WFH-

adoption industries are those with an increase below the 50th percentile (6.4 percentage points) in Burning Glass.
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wage premium—as becomes slightly smaller but still sizable. Column 3 applies the baseline
specification to job postings that do not indicate WFH as an available option. Even among these
onsite jobs, we continue to find a sizable and statistically significant a3 estimate. In Column
4, we use the sample of onsite workers from the ACS, a different data source. Similarly, the
results suggest that among these onsite workers, the estimated effect of WFH on the urban wage
premium is comparable to that estimated with job postings data. Finally, Column 5 repeats the
analysis from Column 4 using onsite workers in the ACS, but classifies high- and low-WFH-
adoption occupations based on self-reported WFH information from the ACS (as described in
Section 3.3). The results remain consistent, which suggests that the decrease in the urban wage
premium was not mechanically driven by large cities’ disproportionate WFH adoption.
Reduced Compensating Wage Differentials Lastly, a remaining alternative explanation for WFH’s
effect on the urban wage premium could be that adopting WFH offers greater amenity value to
workers working for employers based in large cities than they do in smaller cities. After adopting
WFH, firms might pay employees less because of the reduced commuting burden they enjoy. Since
commute time tends to be longer in large cities prior to the pandemic, the switch to WFH could
have led to a greater reduction in commute time for jobs based in large cities, potentially leading
to a more substantial wage decrease in these cities due to changing compensating differentials.
We examine this explanation by exploiting the idea that the reduction in commute time due to
WFH adoption should be larger for workers who initially had longer commutes. If reduced com-
mute time led to wage reductions, we would expect the largest drops in wages among workers who
likely had the greatest reductions in commuting—those working in high-WFH-adoption occupa-
tions living in neighborhoods with traditionally long commutes for their occupations. Using ACS
data from 2015-2022, we estimate changes in reported wages based on occupation category and
the average pre-pandemic commute time for workers’ residential PUMA and occupation category
(high- or low-WFH-adoption). Table A5 shows that workers in high-WFH-adoption occupations
residing in neighborhoods with long pre-pandemic commutes experienced a greater reduction in

their commute time. However, despite the gains in the commuting amenity, we do not find that
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these workers had greater wage decreases. These findings provide some evidence that our ob-
served reduction in the urban wage premium is unlikely solely driven by reduced compensating

wage differentials in large cities. Appendix A6 provides more details on this analysis.

4.4 The Effect of WFH Adoption on Local Employment
We now turn to Empirical Test 2, which states that if WFH both lowers the urban wage pre-
mium and shifts payroll employment away from large cities, it implies a decline in the large-city
productivity premium. We test this using QCEW data and a DID approach.

QCEW provides payroll employment by industry, not occupation. To avoid measurement error
from imputed occupation-level employment, we define WFH adoption at the industry level as
detailed in footnote 19, using high-WFH-adoption industries as the treatment group and low-WFH-

adoption industries as the control. Specifically, we estimate the following equation:

Aln Empgjr = apln M,Sjt + o 1n M,Sjt x Highy, + oo ln M,Sjt x After,

+ azln M,Sjt x Highy x Aftery + asHighy + as Aftery + agHighy X Aftery +cpje,  (2)

where A In Empy;, represents the change in log employment in industry £ within MSA j between
the 4th quarter of 2015 and the 4th quarter of 2019 (¢ = 2019), or between the 1st quarter of 2020
and the 1st quarter of 2024 (t = 2024); M ,?jt is the employment size of industry k& in MSA 7 at
the start of each period; High; indicates whether industry £ has high WFH adoption after 2020;
and After; is a dummy variable equal to 1 if ¢ = 2024. The sample is restricted to high- and
low-WFH-adoption industries, with industries in the intermediate range excluded. Standard errors
are clustered at the MSA level.?°

The parameter of interest is o3, which captures the difference in how employment growth

changed by labor market size over the 4 years before and after the start of the pandemic for

20We also examine overall spatial shifts in payroll employment after the pandemic began using a simplified version
of Equation 2, excluding terms involving the high-WFH-adoption dummy. The results are presented in Columns 3—4
of Table A1, measuring the local labor market size using both employment by occupation and MSA (Column 3) and
total employment by MSA (Column 4). The results indicate that overall employment growth has become slower for
larger cities since the pandemic, suggesting an overall shift in payroll employment away from large cities.
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high-WFH-adoption industries (treatment group) relative to low-WFH-adoption industries (con-
trol group). An estimate of a3 < 0 (i.e., a greater shift of payroll employment away from large
cities for high-WFH-adoption industries), alongside the decline in the urban wage premium, would
support the hypothesis that WFH has reduced the productivity premium in large cities. However,
it is important to note that a is likely to underestimate the true effect of WFH on spatial shifts
in payroll employment, as the pandemic-era migration surge may shift payroll employment away
from large cities for the control group, as discussed in Section 4.2.1.

Column 1 of Table 3 presents the estimates of o through a;3. The results suggest that for low-
WFH-adoption industries, larger cities experienced slower employment growth after the start of
the pandemic (as < 0), indicating a spatial shift of employment away from large to smaller cities
in these industries. This is consistent with the potential confounding effect of migration for low-
WFH-adoption industries. However, the spatial employment shift was even more pronounced for
high-WFH-adoption industries (a3 < 0). Since the estimate of « is biased toward 0, this finding
suggests that WFH’s effect on the shift of payroll employment away from large cities should be
even more pronounced than the a3 estimate.

To mitigate the confounding effect of migration in the control group, Column 2 excludes local
service industries, where migration is likely to have the strongest effect. By excluding these in-
dustries, the low-WFH-adoption group becomes less likely to be affected by the migration surge,
making it more likely a valid control group. As expected, in this sample, the estimate of a5 is no
longer negative, and the estimate of a3 becomes more statistically significant and negative, con-
firming our prior conjecture. In Column 3, industries are classified as high WFH if they belong to
“Information,” “Finance and Insurance,” or “Professional and Business Services.” Column 4 fur-
ther excludes local service industries. Our findings remain consistent across these specifications.

In the baseline analysis, payroll employment growth before and after the pandemic is measured
over a 4-year horizon. One concern is whether our results depend on the time horizon and whether
WFH’s impact on spatial shifts in payroll employment diminishes or even reverses over time. Table

A6 presents the estimates of Equation 2, where A In Empy;, is measured over 1-, 2-, and 3-year
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horizons. The local service sector is excluded to improve DID validity. The results suggest that
WEFH’s effect on the spatial shift in payroll employment is not statistically significant over 1-year
horizon after the pandemic began. However, the effect becomes significant over 2-year horizon and
progressively larger as the time horizon extends. As with the impact on the urban wage premium,
the impact on employment shifts appears persistent beyond the immediate pandemic period.
Finally, to ensure that our results are not driven by differential long-term trends in employment
predating the pandemic, we conduct a placebo test. We define the pre- and post-treatment periods
as 2 years before and after the first quarter of 2018. Column 4 of Table A6 presents no statistically
significant effect, suggesting that our estimates are not driven by pre-existing trends.
Discussion Sections 4.3 and 4.4 provide robust evidence that WFH reduced the urban wage pre-
mium and shifted payroll employment from larger to smaller cities. Based on the conceptual
framework in Section 2, the results imply that WFH lowered the large-city productivity premium.
However, as noted earlier, although the decline in the productivity premium of large cities is
strongly suggestive of weakened agglomeration economies, it is still possible that the decline in
the large-city productivity premium among the high-WFH adoption occupations was influenced by

other factors not specifically attributable to diminished agglomeration economies.

S Decomposition by Skill
To assess whether the negative effect of WFH on the large-city productivity premium is specifically
driven by weakened agglomeration economies, we return to the central mechanism of agglomer-
ation highlighted earlier: communication externalities— the premise that the spatial clustering of
firms and workplaces intensifies interpersonal interactions, which promote knowledge spillover
and network building, and thus sustain the productivity premium of large cities. Thus, to test
whether WFH weakened agglomeration economies, we ask whether WFH reduced the extent to
which clustering promotes productive interactions.

The main empirical challenge is that the intensity of serendipitous interactions around work-
places, the mechanism generating communication externalities and agglomeration economies, can-

not be directly observed. To overcome this challenge, we adopt an indirect approach by analyzing
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changes in local wage returns to specific job-required skills.

What can we learn about the change in the intensity of interpersonal interactions from changes
in wage returns to skills? If the decline in large cities’ productivity premium is indeed driven
by reduced productive interpersonal interactions, then interpersonal skills, which are crucial for
these interactions, should become less valuable and command lower wage returns in large-city
workplaces. Therefore, by analyzing changes in wage returns to skills across city sizes, we can
indirectly infer whether productive workplace interactions have diminished in large cities.?!

Because the job postings data contain detailed information on skill requirements, wages, and
job locations, we can estimate changes in the large-city premium of wage returns to skills and
identify which skills contribute most to the overall decline in the urban wage premium. If the
overall decline in the urban wage premium is driven by a loss of interpersonal interactions, we
should expect the reduced large-city wage returns to interpersonal skills to be a key contributor.

While a relative decrease in wage returns to interpersonal skills in large cities could be driven
by decreased demand for these skills in large cities, it could also result from increased supply. To
distinguish between these forces, we also examine how the listing intensity of skill requirements
shifted geographically over time. If the decline in wage returns to interpersonal skills in large
cities was indeed driven by reduced demand, we would expect that listing intensity for these skills

decrease in large cities relative to small cities.

5.1 Gelbach Decomposition of the Change in the Urban Wage Premium
To identify which skills contribute most to the overall decline in the urban wage premium, we
use the Gelbach decomposition method (Gelbach, 2016), focusing on job postings in high-WFH-

adoption occupations only. We start with the following baseline equation:

In(wikji) = voIn My; + yiAfter, + v2In My; x After, + Xigje ¥ + €k 3)

21 A similar skill-based approach has been used to study the role of critical thinking and social interactions in the

agglomeration economies of urban areas (Bacolod et al., 2009).
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The variables are defined in the same way as in Equation 1. The parameter -, captures the change
in the urban wage premium within high-WFH-adoption occupations.

If the overall decrease in the urban wage premium, ~», is driven by changes in the large-city
premiums of wage returns to various skills required for the jobs, which are omitted in the baseline
equation, then adding skill requirement indicators and their interactions with A fter, and In Mj;
(referred to as omitted covariates hereafter) should produce a new estimate 7, smaller in magnitude
than the original 5. This reduction would reflect the portion of the decline in the overall urban
wage premium attributable to changes in skill-specific large-city premiums of wage returns. The
gap between 7, and 5 can be interpreted as the contribution of the previously omitted skill returns.

However, Gelbach (2016) shows that when omitted covariates are statistically correlated, we
cannot simply add or subtract each omitted covariate to individually decompose its contribution to
the decline in the urban wage premium, 7, as the order in which covariates are added affects the
result. A desirable property of the Gelbach decomposition is that it does not depend on the order
in which omitted covariates are added to the baseline equation. To implement this method, we first

consider the fully specified equation that includes all the omitted covariates related to skills:
ln(wikjt) = ’70 In Mkj + ’%Afteﬁ + ’72 In Mkj X Aftert + Xikjt‘i’ (4)

+ 37 B In My x Skills, + > B3 After, x Skill}

—+ Z ﬂg In Mk‘j X Afte’rt X Sklllft + gik_jtv

where Skill}, is an indicator that skill s is required for job 7 posted at time ¢. (35 represents the
change in the large-city premium of wage return to skill s.
In addition, we need to run a series of auxiliary regressions by regressing each omitted covariate

of interest on the covariates in the baseline regression:

In My; x After, x Skill;, = I'gIn My; + i After, + 15 In My; x Aftery + XigjeL'z + Nije- (5)
The omitted variable bias from excluding each omitted covariate in the baseline equation is given
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by I'; - B5. Thus, dividing the estimate of this omitted variable bias by the baseline estimate of
the decline in the urban wage premium, 45, provides an estimate of the contribution of the omitted

covariate to the decline in the urban wage premium, as a ratio to the baseline estimate:

f*s . s
fo= 120 (6)
V2

Results To conduct the Gelbach decomposition analysis, we categorize Burning Glass’s more than
10,000 keywords of skills listed in job postings into 11 general skill groups, following the approach
of Deming and Kahn (2018), who use Burning Glass data to study variation in skill demands
across firms and labor markets. The general skill categories include cognitive skills, social skills,
character, writing skills, customer and client support, project management, people management,
financial skills, general computer skills, specialized software skills, and physical skills. Table A7
presents the corresponding words and phrases that fall into each skill category. A job posting is
defined as requiring a particular skill if it includes at least one of the associated terms. Deming
and Kahn (2018) demonstrate that this categorization is consistent with previous literature and
applicable to a large variety of jobs.

Two skill groups particularly relevant to our analysis are customer and client support skills and
social skills. A key building block of the agglomeration economies in large cities is cities’ ability to
facilitate frequent communication and networking activities with customers and clients upstream
and downstream, where customer and client support skills are highly valuable. In addition, social
skills are broadly important for interpersonal interactions between co-workers and across firms.
Therefore, if the productivity premium in large cities declined because of reduced interpersonal
interactions in large-city workplaces, we would expect a disproportionate decrease in the wage
return to these skills in large cities.

Figure 4 presents the estimates of 7° in Equation 6, namely the contribution of the decline in
the large-city premium of the wage return to each skill group s to the overall decline in the urban

wage premium within high-WFH-adoption occupations.?> Panel (a) includes the entire sample

22Table A8 reports the estimates of 33 in Equation 4.
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from 2018 to 2023, defining the period after March 2020 as after the start of the pandemic. To
ensure that our findings are not driven solely by short-term changes during the pandemic, Panel (b)
excludes observations from 2020 to 2021.

Our findings indicate that among all jobs within high-WFH-adoption occupations, customer
and client support skills and social skills together explain the majority of the overall decline of the
urban wage premium. This contribution becomes even stronger after excluding 2020 and 2021:
customer and client support skill account for 58% of the overall decline in the urban wage pre-
mium, and social skills explain the next largest share at 26%. These skills are crucial for facili-
tating knowledge spillovers, building professional networks, and maintaining client relationships
(Deming, 2017; Deming and Kahn, 2018). The reduced large-city premium for these skills sug-
gests that productive interpersonal interactions have likely decreased disproportionately at large-
city workplaces. The fact that the urban wage premium decline is largely attributed to the absence
of workplace interactions supports the hypothesis that WFH weakened agglomeration economies.

Lastly, while the reduction in large-city premium of wage returns to interpersonal skills drove
down the urban wage premium substantially, it only captures the extent to which the reduced inter-
personal activities affect the productivity internalized by employers. The loss of the wage return
premium associated with interpersonal skills could, in fact, be higher if the full set of externalities

and spillovers lost due to the reduced interactions were to all be accounted for.

5.2 SKkill Intensity

If the decrease in the large-city premium of wage returns to interpersonal skills is driven by a
relative decline in the needs, and thereby demand for these skill in large-city workplaces, we would
also expect a reduced listing intensity for these skills in job ads posted by firms in large cities. To

test this, we assess spatial changes in skill demand using the following equation:

Sk‘illfkﬁ = Ao In My; + AjAfter, + A5 In My; x Aftery + XigjeAg + Wik, (7
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where the outcome variable is an indicator that a skill in skill group s was listed in job posting ¢
within occupation &k in MSA j at time ¢. X;.;; 1S a vector of basic job characteristics (excluding
skill dummies). Other variables are defined in the same way as in Equation 1. We again focus on
jobs in high-WFH-adoption occupations. The parameter of interest is A3, and we expect A5 < 0 if
skill group s represents customer and client support skills or social skills.

Results Table 4 presents the estimates using the 10% random sample of Burning Glass data from
2018 to September 2023, excluding 2020 and 2021. The results show that the listings for customer
and client support skills and social skills decreased disproportionately in larger cities after the pan-
demic, with the magnitude greater than for other skills. This finding aligns with our prediction that

demand for skills facilitating interactive activities decreased in large cities after the pandemic.??

6 Conclusion
This paper studies how the adoption of WFH affects the agglomeration economies. Using a simple
conceptual framework, we show that WFH may affect both local labor supply and demand. On
the one hand, the decrease in interpersonal interactions led by WFH could weaken agglomeration
economies and erode the productivity premium of large cities, lowering the labor demand of large
cities. On the other hand, WFH allows more workers to live in smaller cities while taking jobs
in larger and more productive cities. As a result, WFH may expand labor supply to large cities.
Based on the conceptual framework, we derive empirical tests to assess whether WFH weakened
agglomeration economies. In particular, if WFH adoption leads both a decline in the urban wage
premium and a shift of payroll employment from large cities, it would imply a reduction in the
productivity premium of large cities and suggest weakening of agglomeration economies.

We conduct these empirical tests in the context of the COVID-19 pandemic, using a DID
approach that compares high-WFH-adoption occupations or industries (treatment group) and low-
WFH-adoption ones (control group). Using wage data from advertised job postings, we find WFH

led to a substantial decrease in the urban wage premium after the start of the pandemic. We also

Z3While Figure 4b also indicates a decrease in the large-city premium of wage returns to software skills, we do not
observe changes in the listings for these skills by city size.
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find that WFH caused payroll employment to shift away from large cities. These findings imply
that WFH adoption reduced the productivity premium of large cities.

To further show that the reduced large-city productivity premium was specifically driven by
weakened agglomeration economies, we conduct a skill-level analysis. If WFH weakened ag-
glomeration economies, we would expect the degree of communication externalities to decrease—
productive interpersonal interactions should disproportionately decrease around large-city work-
places among the occupations with high WFH adoption. This means that interpersonal skills,
essential for interactive activities, would become less valuable and command lower wage returns
in large cities in these occupations. Through the Gelbach decomposition analysis, we find that the
majority of the decline in the urban wage premium was driven by reduced large-city premium of
wage returns for customer and client support skills and social skills, both of which are essential for
interpersonal interactions. Additionally, we find that the listing intensity for these skills declined in
larger cities relative to small cities. These findings demonstrate that WFH reduced the productivity

premium of large cities at least in part by weakening the agglomeration economies.
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Figure 1: Effects of WFH on Local Labor Demand and Supply
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Note: The figures illustrate how local labor markets respond to WFH adoption. Figure 1a shows shifts in labor
demand and supply in the large city, and Figure 1b shows shifts in the small city. (M, w) denotes the pre-WFH
equilibrium. (M’ w') reflects the effect of weakened agglomeration economies; (M", w') reflects the effect of

shifts in local labor supply; (M, w"") reflects the combined effects.
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Figure 2: Urban Wage Premium Over Time
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Note: This figure presents the evolution of the urban wage premium, normalized to its 2019 level, for high- and
low-WFH-adoption occupations over time. We use a 10% random sample of Burning Glass data restricted to high-
or low-WFH-adoption occupations. To estimate the urban wage premium, We regress log posted hourly wages on
local labor market size (based on 2018 occupation-MSA employment) and job characteristics, including dummy
variables for SOC occupation code, three-digit NAICS code, required education level, salary type, full-/part-time
status, tax terms, and posting month. The figure plots the estimated coefficient on labor market size, which is

allowed to vary by year and occupation category (low- or high-WFH-adoption).
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Figure 3: Expected Changes in Local Labor Demand and Supply in Large Cities:
Effects of Migration During the Pandemic
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Note: This figure illustrates the potential effects of the pandemic-era migration surge away from large cities on the
large-city labor market. Figure 3a depicts a scenario for high-WFH-adoption occupations, where the labor supply
in large cities may decrease due to outward migration, rather than increase due to increased access to remote
workers. Figure 3a shows a scenario for low-WFH-adoption occupations, where both labor demand and supply

decreased in large cities as residents migrated away from these areas.
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Figure 4: Gelbach Decomposition: Contribution to the Decrease in the Urban Wage Premium in
High-WFH-Adoption Occupations

Customer and Client Support
Social

Software

Physical

Financial

Computer

Project Management
Character

Cognitive

People Management

Writing

T T T T T T

0 20 40 60 80 100

Contribution to Decrease in Urban Wage Premium (in Percentage)
between 2018-19 and 2020-23

(a) All Data from 2018-2023

Customer and Client Support
Social

Software

Character

Computer

Physical

Financial

Project Management

People Management

Writing

Cognitive

o -

T T T T T
20 40 60 80 100
Contribution to Decrease in Urban Wage Premium (in Percentage)
between 2018-19 and 2022-23

(b) Excluding 2020-2021

Note: The figures use the Gelbach decomposition method from Gelbach (2016) to plot the share of the decline
in the urban wage premium within high-WFH-adoption occupations that can be attributed to changes in the urban
wage premium of each skill (defined in Table A7). The sample includes all job postings in high-WFH-adoption
occupations in the 10% Burning Glass data. Panel (a) focuses on the change from 2018-2019 (pre-pandemic)
to 2020-September 2023. Panel (b) focuses on the change from 2018-2019 (pre-pandemic) to 2022—September
2023, excluding the pandemic years of 2020 and 2021.
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Table 1: Effect of WFH on the Urban Wage Premium

Ln Posted Hourly Wages
(D () (3) 4) 5
Ln M 0.0180*** 0.0180%*** 0.0254%** 0.0193%*** 0.0169%***
(0.00397) (0.00397) (0.00401) (0.00400) (0.00234)
Ln M x High WFH 0.0220%** 0.0164%*** 0.0252%** 0.0248*** 0.0135%**
(0.00194) (0.00155) (0.00372) (0.00323) (0.00213)
Ln M x After 0.00162 0.00179* -0.00262*** -1.67e-05 0.000355
(0.00106) (0.000995) (0.000841) (0.00102) (0.00119)

Ln M x High WFH x After -0.00898***  -0.00705***  -0.00886*** -0.00625%** -0.00514%**

(0.000928) (0.000882) (0.00180) (0.00119) (0.00112)
Controls: Job Characteristics X X X X X
Controls: Skill FE X
Controls: APop (Pre and Post) X
x Year x High WFH
High WFH Definition Baseline Baseline Occ. Group  Bloom et al. Baseline
Sample All All All All Excl. Local Serv.
Observations 6,115,230 5,819,875 7,924,025 5,918,608 4,614,621
R-squared 0.386 0.478 0.398 0.408 0.394

Note: This table presents changes in the urban wage premium by occupation category based on WFH adoption levels (o
through a3 in Equation 1). The sample includes a 10% random sample of Burning Glass data from 2018 to September
2023, restricted to high- or low-WFH-adoption occupations. The dependent variable is log posted hourly wages of a job
posting. M is the local labor market size (based on 2018 occupation-MSA employment). After is a dummy variable equal
to 1 if the job was posted after March 2020. High WFH is a dummy variable equal to 1 if the posted job belongs to a high-
WFH-adoption occupation. Column 1 uses the baseline definition of high-and low-WFH adoption and controls for basic
job characteristics, including dummy variables for SOC occupation code, three-digit NAICS code, required education
level, salary type, full-/part-time status, tax terms, and posting month. Columns 2 further controls for dummy variables for
skill requirements. Column 3 classifies high-WFH-adoption occupations as “Computer and Mathematical Occupations”
or “Business and Financial Operations,” with other occupations as low-WFH-adoption occupations. Column 4 retains
the baseline classification of high- and low-WFH-adoption occupations but uses WFH-available job shares from Bloom
et al. (2023b). Column 5 follows the baseline specification used in Column 1, excluding local service occupations.
Additionally, we include three-way interaction terms between population growths (measured separately for 2017-2020
and 2020-2023), posting year, and the high-WFH indicator. Standard errors are clustered at the MSA level. *** p < 0.01,
**p <0.05, *p < 0.1.
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Table 2: Effect of WFH on the Urban Wage Premium: By Job’s WFH-Availability

Ln Hourly Wages
(1) (2) (3) 4) (5)
Ln M 0.0174*** 0.0177*** 0.0166*** 0.0445%** 0.0365***
(0.00409) (0.00412) (0.00413) (0.00756) (0.00811)
Ln M x High WFH 0.0212%%** 0.0205%*** 0.0219%** 0.0237*** 0.0384***
(0.00201) (0.00194) (0.00204) (0.00345) (0.00480)
Ln M x After 0.000277 0.000183 5.48e-05 -0.00378*** -0.00172%*
(0.00120) (0.00122) (0.00123) (0.00134) (0.00103)

Ln M x High WFH x After -0.00739*** -0.00608*** -0.00503*** -0.00594%*** -0.00472%%*

(0.000935) (0.000900) (0.001006) (0.00115) (0.00122)

Sample All BG All BG BG Non- ACS Onsite ACS Onsite
WEFH Jobs Workers Workers

Controls: Job’s WFH-Avail. X NA NA
x Ln M x After
High WFH Definition Baseline Baseline Baseline Baseline ACS
Observations 4,622,025 4,622,025 3,730,076 2,159,005 2,296,270
R-squared 0.396 0.397 0.375 0.349 0.391

Note: This table presents changes in the urban wage premium by occupation category based on WFH adoption levels
(avo through a3 in Equation 1). Columns 1-3 use a 10% random sample of Burning Glass data from 2018 to September
2023, restricted to high- or low-WFH-adoption occupations and jobs with original job text. Column 1 follows the baseline
specification used in Column 1 of Table 1. Column 2 adds interaction terms between a job’s WFH-availability dummy, Ln
M, and After. Column 3 uses the baseline specification but restricts the sample to jobs that are not WFH-available. Column
4 uses data from the ACS for onsite workers aged from 25-65 working at least 35 hours per week from 2018-2022. Here,
the dependent variable is the log hourly wage of each worker. M represents the 2018 employment size of the worker’s
occupation and MSA of workplace. After is a dummy variable equal to 1 for the years 2020, 2021, and 2022. We control
for basic worker characteristics, including age, gender, race, Hispanic origin, marital status, educational attainment, and
occupation code. Column 5 follows the specification in Column 4, but uses the ACS WFH measure based on respondents’
self-reports of whether they primarily worked from home in the previous week. Standard errors are clustered at the MSA

level. #** p < 0.01, ** p < 0.05, *p < 0.1.
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Table 3: Effect of WFH on Spatial Shift in Payroll Employment

Ln Employment Growth
(1 (2) 3) “4)
Ln M -0.0121%*%* -0.0344%%*%* -0.0159%*%* -0.0284 %%
(0.00353) (0.00719) (0.00260) (0.00410)
Ln M x High WFH -0.00346 0.0165* 0.0128%** 0.0228%***
(0.00471) (0.00888) (0.00594) (0.00648)
Ln M x After -0.0132%** 0.0154* -0.0175%%*%* 0.00197
(0.00420) (0.00864) (0.00350) (0.00551)
Ln M x High WFH x After  -0.0249%%** -0.0477%%* -0.0421%%*%* -0.0579%*%*
(0.00710) (0.0112) (0.0112) (0.0116)
High WFH Definition Baseline Baseline Ind. Group Ind. Group
Sample All Excl. Local Serv. All Excl. Local Serv.
Control: APop (Pre and Post) X X
x Period x High WFH
Observations 64,961 35,924 85,410 46,756
R-squared 0.171 0.207 0.158 0.193

Note: This table presents changes in local employment growth with respect to local employment size by industry
category, based on WFH-adoption levels (g through a3 in Equation 2). We use employment counts from the
QCEW, restricted to high- or low-WFH-adoption industries, with each observation representing an industry-MSA
cell (based on three-digit NAICS industries). The dependent variable is the change in log employment by industry
and MSA between the 4st quarter of 2015 and the 4th quarter of 2019, or between the 1st quarter of 2020 and the
1th quarter of 2024. M is the employment size by industry and MSA at the start of each period. After is a dummy
variable equal to 1 if the employment growth is measured between 2020 and 2024. High WFH is the dummy
variable equal to 1 if the NAICS industry is classified as high-WFH-adoption. Columns 1 and 2 use the baseline
definition of high WFH adoption. Columns 3 and 4 classify high-WFH-adoption industries as “Information”
(NAICS 51x), “Finance and Insurance” (NAICS 52x), or “Professional and Business Services” (NAICS 54x), with
other NAICS industries classified as low-WFH-adoption. Columns 2 and 4 exclude local services industries—
NAICS 23x, 44x, 45x, 485, 53x, 562, 61x, 62x, 71x, 72x, 811, 812. Regressions are weighted by the employment
size of each MSA at the start of each period. Standard errors are clustered at the MSA level. *** p < 0.01, ** p <
0.05, *p < 0.1.

42



Table 4: Spatial Shift in Skill Listing Intensity

Customer Social Software Character Computer Physical
&) 2 3 “4) &) (6)
Ln M 0.00115 0.0126%** 0.00421***  0.00765%**  0.00520%**  -0.00559%**
(0.00175) (0.00111) (0.000691) (0.000956) (0.00111) (0.00110)
Ln M x After -0.00414%**  -0.00404%*** -0.000377  -0.00188***  -0.000378 -0.000310
(0.000645) (0.000810) (0.000333) (0.000717)  (0.000692)  (0.000487)
Mean 0.4712 0.5083 0.1416 0.3910 0.4651 0.0604
Observations 1,461,836 1,461,836 1,461,836 1,461,836 1,461,836 1,461,836
R-squared 0.355 0.097 0.551 0.089 0.192 0.075
Financial Project Mgmt People Mgmt Writing Cognitive
@) ®) ® 10) at
Ln M -0.000906*  0.00251%*%* -0.00198%** 0.00123 -0.000101
(0.000536) (0.000454) (0.000820) (0.00106) (0.00103)
Ln M x After  0.000487 -0.00193%** -5.87e-05 -0.000968*  -0.00266%**
(0.000329) (0.000373) (0.000418) (0.000502)  (0.000774)
Mean 0.2100 0.0729 0.1335 0.1469 0.2752
Observations 1,461,836 1,461,836 1,461,836 1,461,836 1,461,836
R-squared 0.405 0.156 0.121 0.096 0.111

Note: The table presents changes in the listing intensity of skills with respect to local employment size post-pandemic

(Ao and A5 in Equation 7). The sample includes a 10% random sample of Burning Glass data from 2018-2019 and from

2022-September 2023, restricted to high-WFH-adoption occupations. The dependent variable is a dummy variable

equal to 1 if the specified skill is listed in a job posting. M is the local labor market size (based on 2018 occupation-

MSA employment). After is a dummy variable equal to 1 if the job was posted in 2022 or 2023. All columns control

for basic job characteristics, including dummy variables for SOC occupation code, NAICS industry code, years of

education required, salary type, part-/full-time status, tax term, and the posting month. Skills are ordered based on their

contributions in the Gelbach decomposition analysis. The table also provides the mean of the dependent variable (i.e.,

the share of jobs listing each skill requirement) in 2018 and 2019 (pre-pandemic). Standard errors are clustered at the

MSA level. **¥* p < 0.01, ** p < 0.05, *p < 0.1.
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Online Appendix

Al Summary of Literature on Communication Externalities in
Cities

In this paper, we analyze how WFH affects the channels through which large cities facilitate knowledge
spillovers and the formation of business linkages. We hypothesize that WFH weakens the extent to which
large cities promote both knowledge spillovers and the creation of business relationships, thus reducing the
agglomeration economies of cities.

This agglomeration mechanism rests on two premises:

1. Spatial clustering of firms and workers would necessarily lead to a higher frequency and intensity of
interpersonal, often face-to-face, interactions between the workers—often coined as communication

externalities.

2. Face-to-face interpersonal communication fostered by physical proximity in large cities generates
distinctive productivity gains that cannot be readily substituted by other inputs or by online/digital

communication.

If these two premises hold, the spatial clustering of firms and workers would foster more face-to-face
interpersonal interactions in larger cities, thereby generating productivity gains in large cities in the form
of agglomeration economies. Our paper shows that WFH weakens the first premise: with workers absent
from workplace, spatial clustering may lead to less interactions, thus reducing the agglomeration economies

previously supported by cities.

Communication Externalities The theory behind the first premise, i.e., spatial clustering leads to a
higher intensity of communications between workers, has been formalized in studies such as Charlot and
Duranton (2004) and Davis and Dingel (2019). The central idea is that large cities offer a greater number of
potential face-to-face encounters, which translates into more interpersonal interactions and contacts that rise
super-linearly with city size. These expanded communication opportunities accelerate the diffusion of ideas

and the formation of business relationships and networks, potentially generating local productivity gains not
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fully internalized by individual firms or workers. This mechanism, where larger clusters produce dispropor-
tionately greater communication spillovers, is sometimes referred to as “communication externalities.”
There is ample empirical evidence from before 2020 supporting the existence of “communication ex-
ternalities.” Schlédpfer et al. (2014) use mobile phone data to show that both the number of social contacts
and the intensity of communication among residents increase superlinearly with city population. Sun et al.
(2013), using transit smart card data, show that in a city of five million residents, repeated and identi-
cal encounters occur among individuals from different communities, who over time become increasingly
connected, creating a structure of co-presence across the city. This evidence suggests that spontaneous en-
counters in large cities can evolve into lasting connections. In Charlot and Duranton (2004), using French
survey data, find that workers in larger cities communicate more frequently with individuals outside their

own firms, consistent with the idea that bigger cities generate stronger communication externalities.

Tacit Knowledge and In-Person Communication Many papers have also argued for the validity of
the second premise, i.e., face-to-face communication plays a unique role in fostering knowledge transfers
and relationship building and cannot be easily replaced by other inputs or digital communications. Gertler
(2003) and Storper and Venables (2004) argue that in-person communication allows for the transfer of tacit
or uncodified knowledge, through body language and emotional cues that are far less effective in textual
or digital formats. In-person communication also enables rapid feedback and subtle exchanges. Lastly,
in-person interaction is much more effective at fostering trust between people.

Additionally, the pioneering work by Gaspar and Glaeser (1998) during the dot-com boom of the 1990s
argues that in-person communication and digital communications may, in fact, be complements rather than
substitutes. This means that improvements in IT technologies may enhance rather than diminish the value
of in-person interactions.

Recent empirical studies support the view that in-person interactions play a unique role in idea flows,
building relationships, and ultimately raising productivity. A highly influential study by Pentland (2012)
uses wearable sensor data from multiple firms and finds that the most successful teams exhibit frequent face-
to-face contact and regular external communication, whereas email and phone exchanges are much weaker
predictors of success. Brucks and Levav (2022) show that team collaboration via videoconferencing (e.g.,

through Zoom) can often hamper creative idea generation because it often diverts attention from meaningful
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social context to a narrower focus of the computer screens. Yang et al. (2022) show that virtual collaboration
due to WFH can lead to siloed teamwork and reduced collaboration across groups. Lin et al. (2023) show
that geographically dispersed research teams produce fewer scientific breakthroughs.

Gibbs et al. (2023) show that the sudden transition to WFH during the COVID-19 pandemic at an IT firm
reduced productivity partly due to reduced communication network and coaching from mentors. Emanuel
et al. (2023) show that physical proximity between colleagues leads to more learning and mentoring. Using
detailed geolocation data, Atkin et al. (2022) show that being in the same establishment location at the
same time raises the likelihood of subsequent patent citations between inventors, providing evidence that

serendipitous encounters do facilitate knowledge spillovers.

A2 Stylized Model of WFH and Agglomeration

To demonstrate how WFH adoption could affect agglomeration economies, the urban wage premium, and
local employment, we introduce a stylized model, which captures the key mechanisms and summarizes
the main implications of WFH in the presence of agglomeration economies. This stylized model and the
associated comparative statics provide the micro-foundation for the conceptual framework in Section 2.

Consistent with the graphical analysis, we assume two locations: H and L. H represents a large or
high-density city, and L represents a small or low-density city. Workers employed by the producer in H
can either work fully onsite or WFH with a hybrid arrangement, where p denotes the fraction of work time
spent onsite among the workers who WFH. The parameter satisfies 0 < p < 1, with p = 0 corresponding
to fully remote workers. We introduce the hybrid parameter p to show that the model’s intuition applies to
both partial and full WFH adoption.

Let N, g and N, i denote the number of onsite and hybrid workers employed by I, respectively. For
analytical simplicity, we assume that workers who work onsite for [/ must also live in H. Let N, gy be the
number of onsite workers who both work and live in H. By definition, N, y = N, g . In contrast, workers

who choose a hybrid arrangement for H can live in either H or L:

Nng = Npgg + Npur,
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where N}, gy is the number of hybrid workers who work for A and live in H and Ny, g, is the number of
hybrid workers who work for H but live in L.

Later in the model, we incorporate workers’ preferences to account for the different costs of local (same-
city) hybrid work versus remote (cross-city) hybrid work. We make this distinction because, when working
in hybrid mode from a different city, even infrequent commuting can entail higher costs.

Unlike workers employed by H, we assume that workers employed by L must work onsite and live in
L. Let Ny denote the number of such workers. For simplicity, we abstract away from the choice between
hybrid and onsite work for firms in L. This assumption reflects the fact that both WFH and agglomeration
economies are predominantly large-city phenomena. Even if WFH/hybrid work mode were explicitly mod-
eled in L, under perfect mobility and higher rents in H, workers employed in L would still choose to live in
L. Therefore, to maintain the simplicity of the framework, we exclude this margin of choice for L.

All workers are identical. The total number of workers in the economy sums up to 1:

No g + Npoa + Nnpur +Npp = 1.

A2.1 Production

Large City H: The production function of the representative producer in H is

Fu(Ba, No,ur, Nnw) = Ba(No,gu + Nuu)”,

where 7y is the labor share and By is the productivity level in H, which is taken as given by the producer in
H. Given By, the producer uses labor either onsite or remotely, so the total labor input is the sum of onsite
workers N, g and hybrid workers Ny, 7.

Beyond the producer’s control, the presence of onsite workers generates productivity externalities, cap-
tured in By. Specifically, By depends on the overall effective presence of onsite workers, measured as the
number of fully onsite workers N, 7 plus the number of hybrid workers weighted by the fraction of time

they spend onsite pNy, f:

B (Notirr + pNn.ir) = Borr (Norer + pNuoir)?
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where Byy is an exogenous component, and § > 0 measures the strength of productivity externalities
arising from the agglomeration economies of onsite workers in H. These externalities can be interpreted as
benefits from spontaneous face-to-face interactions and the ease of building relationships in large, densely
populated cities.

The producer’s profit-maximization problem implies that the wage level is equal to the marginal product

of labor, with B taken as given. The wage offered by H is

-1

Wi = vBor (No o + pNng)? (N srar + Nig) 7™t
We can see that the wage offered by H decreases as the labor supply increases due to the diminishing
marginal return of labor. However, due to the production externality term, an increase in the effective
presence of onsite workers can raise wages through the agglomeration economies. Note that since the
agglomeration economies are modeled as an externality, the producer does not internalize the effect of the

agglomeration economies in their wage pricing.

Small City L.: The production function in L is simpler, as production relies only on onsite workers who

both live and work in L, and there are no agglomeration economies:
Fr(Br,Npr) = BLN},,

where Ny 1, is the number of onsite workers who live and work in L. We assume that the productivity level
in L only contains an exogenous component By, which is equivalent to assuming ¢ = 0 in L. We believe
this is a reasonable assumption because production externalities vulnerable to WFH shocks are likely driven
by intense communication and knowledge exchanges, which are more prevalent in large cities and industry
clusters. In addition, previous research suggests that the strength of agglomeration tends to exhibit convexity
with respect to city size (Moretti, 2021).

The producer’s profit-maximizing problem yields wage offered by the producer in L is

Wy, =~yBLN];".
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A2.2 Housing Market

Local housing costs adjust in response to local housing demand, depending on the local housing supply elas-
ticity. The housing demand in location j, j € {H, L} is the total population /iving in location j regardless
of the location of their labor supply.

The log rent of local housing services in location H is

rg = mor + " In(No e + Np o).

The housing demand in H is the number of workers who work and live in H, either working fully onsite or
hybrid. mozr captures factors that influence housing costs independently of local housing demand, such as
construction costs and labor costs. 7y is the inverse housing supply elasticity in location H.

The log rent in location L is

T, = ToL + TL ln(Nh’HL + NLL)-

The housing demand in L is the total number of workers who live in L and remotely work for H and workers
who work and live in L. 7gy, is the cost shifter in the housing market in L. 7y, is the inverse housing supply
elasticity in L. We assume wy > my, because large cities tend to have lower housing supply elasticities

(Saiz, 2010).

A2.3 Workers’ Location Choice

Workers can choose among four options: (i) working fully onsite for H and living in H: o, H H, (ii) working
hybrid for H and living in H: h, H H, (iii) working hybrid for in H and living in L: h, H L, or (iv) working
and living in L: LL.

We model the shock of WFH adoption as an exogenous decrease in the relative cost of hybrid work
relative to fully onsite work, denoted by ¢, which declines exogenously when WFH becomes prevalent. We
then examine the impact of WFH adoption on equilibrium outcomes by analyzing the comparative statics of
a decrease in ¢.

Our model is more simplified compared with other studies that explore the impact of WFH on produc-
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tivity, such as Davis et al. (2024) and Delventhal and Parkhomenko (2023). We model a WFH shock as a
decrease in the utility cost of WFH, denoted by ¢. This decrease is consistent with shifts in social norms, as
described by Delventhal and Parkhomenko (2023). However, in Davis et al. (2024), a WFH shock is instead
described as an increase in WFH productivity. Our analysis does not require explicit assumptions on which
one of these changes is the primary driver of the WFH shock. In Section A3, we extend the baseline model
to allow an increase in WFH productivity as an additional source of shock and show that the insights and
tradeoffs from the baseline model hold in the augmented model. To maintain simplicity, we use the baseline
setup for the model and its corresponding graphical analysis in Section 2 of the main manuscript.

Workers attain the following utility levels depending on their work mode, as well as work and residential

locations:

Uonr = wa — Brag — C(No,gm + pNhu),
Ungn = whg — Brag — ¢ — pC(Noma + pNi,m ),
Unuar =whg — prp — ¢ — opC(Noga + pNp ),

Urr =wr — prr,

where wy and wy, are the log wages offered H and L, respectively, and r5 and 7, are log rents in each city.

The utility cost of onsite work is represented by C(N, g + pNp i), a congestion function that is
strictly increasing in the effective onsite presence of workers, N, g + pNp . This captures the idea that
reduced onsite presence may improve onsite work utility through lighter traffic or reduced workplace noise.
Fully onsite workers bear the entire congestion cost, while hybrid workers incur only a fraction p of it.

The utility cost of hybrid work relative to fully onsite work is denoted by ¢. To capture the likely higher
cost of living and working in different cities, we introduce a cross-city remote work parameter ¢ > 1. This
term multiplies the fixed hybrid cost ¢ and the congestion cost pC(.), capturing both the higher general
WEFH costs and the greater burden of occasional long-distance commuting. This specification ensures that
Ny > 0.1

The utility specifications follows a Cobb-Douglas form, where (3 represents the housing expenditure

"Without ¢ > 1 or modeling amenity, no work would choose to hybrid work in H while living in H.
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share. Utility costs, such as C(.) and ¢, are modeled as multiplicative residuals in addition to numeraire

consumption and housing consumption.

A2.4 Effect of WFH in Equilibrium

The Presence of Onsite Workers Since workers are perfectly mobile and homogeneous, the utility

levels of all four choices will equalize in equilibrium:?

U=Uonun =Ungg =Unnur =ULL.

Uo,nr = Up gy implies that

C(Noam + pNpu) = &'

Since C(.) is assumed to be a strictly increasing function, the inverse function C~!(.) should also be in-

creasing. Hence, we can show that:

O(—¢) 1=

N, N, /
O(No,gr + pNnm) 1 o1 < o )<0. o
p I—p

In other words, the model implies that an exogenous decrease in the cost of WFH (¢) would reduce the
effective onsite presence of workers in H. The intuition behind this comparative static is that if WFH/hybrid
becomes less costly for workers, given the same wage level, in equilibrium, workers will shift from fully
onsite to hybrid, which lowers the overall presence of the onsite workers (since p < 1), until the net cost of

onsite work equals the net cost of WFH.

Urban Wage and Rent Premiums When the presence of onsite workers decreases due to a reduction

in ¢, the wage offered by H declines. Simultaneously, the lower ¢ makes the choice of working remotely for

2Since all workers are assumed to be identical, if one of the four choices they face provide higher utility, all
workers would choose that option. This would lead to adjustments in wages and rents until the utility differences are
eliminated. Assuming that none of the four options are corner solutions (e.g., one choice is so undesirable that no one

chooses that option), the homogeneity of workers implies equalization of utility across choices.

52



H while living in L more attractive, thereby increasing the number of workers choosing h, H L as opposed
to working for L (i.e., choosing L L). This raises labor supply to H. This mechanism is illustrated in Figure
1 in the manuscript, where the dual shifts in local labor demand and labor supply drive down the urban wage
premium. Below, we derive this result analytically.
From Uy yg = Upmr and Uy g, = Upr, we can calculate the urban wage and rent premiums in
equilibrium:
wg —wr, = ¢¢ + pC(No i + pNi,i ),

(e =1)(¢+ pC(No + pNp.u))
rg rr = 6 .

Consistent with the intuition introduced in the graphical analysis, an exogenous decrease in ¢ will unam-
biguously reduce both the urban wage and rent premiums.

However, the decrease in urban wage premium alone does not tell us whether agglomeration economies
are affected nor directly indicate how aggregate output is impacted by the decrease of ¢. This is because
the decline in the urban wage premium is jointly driven by changes in labor demand, due to weakened
agglomeration economies, and changes in local labor supply. Below, we show that these changes in labor
demand and labor supply push the urban wage premium in the same direction but have opposite effects on

aggregate output and productivity.

Agglomeration and Aggregate Productivity To examine the effect of a reduction in ¢ on equilibrium
productivity and wages as well as total output, we totally differentiate the sum of production in both locations
with respect to ¢. Since we assume a constant and equal labor share () in both H and L, and the total
population is normalized to one, the direction of change for total output aligns with the direction of change
in aggregate wages and productivity. Therefore, we only analyze the effect of ¢ on total output.

Using the assumption that N, gz + N g + Np g +Nrr = 1, it can be shown that the effect of a

Ni,H
decrease in ¢ on total output is

O(Fg + Fp) O(No,gr + pNi,ir)

_ O(No.rirr + Np.n)
= 0Boy N7} (No,grr + Npg)" + Wy —Wr) : —
(=) ot 9(—9) ° 9(—9)
Weakening of Agglomeration Economies Reallocation of Labor from L to H
<0 <0or>0

2
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The effect can be decomposed into two components: (i) a decrease in the aggregate output due to weakened
agglomeration economies in H and (ii) a change in the output due to the reallocation of labor between L
and H (in terms of producers’ locations).

If 6 > 0, the first component is definitively negative because W < 0 (the reduction in ¢
reduces the overall presence of onsite workers). Intuitively, if 6 is positive, the loss of the presence of onsite
workers will weaken the agglomeration economies and lower productivity of H. This will driven down the
total output.

In contrast, the sign of the second component depends on the direction of labor reallocation between H
and L, which is uncertain. Since H is more productive than L, if a decrease in ¢ encourages more workers
to work for H through virtual means, then this increased (virtual) labor supply in A will drive up the total
output. However, if the decrease in ¢ reduces productivity in H so much that workers adjust their labor
supply in favor of L, then the labor reallocation toward the less productive location will drive down the total
output.

To see the driving forces behind the sign of the labor reallocation component in Equation 2, we need to
know the direction of the effect of ¢ on the reallocation of labor W

Labor Reallocation Equalizing the third and fourth utility functions and then differentiating the result-

ing equation with respect to ¢, we can determine the effect of ¢ on payroll employment in H:

O(Nog + Npa)  (Nogn + Npm)NLL 6

— O(No, g + PNh,H)>
o(—9) 1—v No ww + pNig '

- (ppC/(NO,H-FpNh,H))

Here, we can confirm that the effect of ¢ on labor allocation to H (either working onsite, intra-city hybrid,
or inter-city hybrid) is theoretically uncertain. If # = 0 (no agglomeration spillovers), the effect would be
positive, unambiguously. In this case, a lower cost of hybrid work would bring a larger labor supply to
location H through the possibility of living in a cheaper location and working at a higher-wage location.
Moreover, the reduced congestion at workplace at location H also makes working for H marginally more
attractive.

In contrast, if § > 0 and 0 is sufficiently large, the decrease in the number of onsite workers may
significantly reduce productivity in H, leading to a shift of total employment from H to L.

With these two cases in mind, if we see that payroll employment (employment based on employers’
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locations) shift from L to H as a result of the adoption of WFH, then it is still possible that the strength of
agglomeration stays unchanged and the increase in cross-city labor supply has been the sole driver behind
the decline in the urban wage premium.® However, if we see that payroll employment reallocates from H to
L along with a decline in the urban wage premium, then we know that agglomeration economies must have

been weakened by WFH adoption.

Model Predictions In summary, our model predicts that the rise of WFH (i.e., a decrease in ¢) will
invariably reduce the urban wage premium, even if the agglomeration economies of large cities remain
unaffected. The reduction can be also attributed to WFH expanding the labor pool available to firms in large
cities, thereby driving down the urban wage premium.

To further test whether the decline in the urban wage premium is partly driven by a weakening of
agglomeration economies in large cities, we need to assess whether WFH shifts total payroll employment
away from large cities, i.e., %W < 0. If WFH not only reduces the urban wage premium but also

leads to a relative decline in payroll employment in large cities, these dual observations would necessarily

imply a drop in productivity in large cities relative to small cities.

A3 Alternative Model Framework: Direct Productivity Effect

of WFH

In this section, we present an alternative model of WFH and agglomeration. In this framework, the shock
driving workers to adopt WFH also arises from an increase in WFH productivity, rather than only from the
disutility of WFH as outlined in the baseline model in Section A2. The assumption of an increase in WFH
productivity is more consistent with Davis et al. (2024).

This model retains all the setups from the baseline model, with a key modification to the production

function for firms in the large city/ high-density location H. Here, we allow the marginal productivity of

3Note that observing a decline in the urban wage premium and labor reallocation from L to H does not imply that
agglomeration economies are not weakened by WFH adoption. It merely means that we cannot rule out the possibility

that WFH has little impact on the strength of agglomeration economies.
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fully onsite and hybrid workers to be different—the marginal productivity of hybrid workers is ¢ instead of
1. While it is reasonable to expect that, on average, & < 1, we do not explicitly impose this restriction. Thus,

the production function for location H is given by
Fr(Ba,No,gr, Nnu) = Ba(Noga + 0Np ).

In this framework, a WFH shock can be either a decrease in the cost of WFH, ¢, or an increase in the
marginal productivity of hybrid workers relative to onsite workers, 4.
Given the potentially different marginal productivity levels among the three types of workers, there

would be three equilibrium wages. The wage for onsite workers working for H is
Worr = vBor(Nosrir + pNn.g)? (Nograr + SNy )7L
The wage of hybrid workers (either locally or remotely) working for H is
Wi.tr = 6vBorr(No.rrr + pNiir)? (No i + 6N z)7 71

The wage of workers working for L is

Wy, =~vBLN; ;.

We can see that the both wage levels of location H decrease as labor supply increases due to the diminishing
marginal return of labor. However, due to the production externality term, a greater number of onsite workers
can boost wages through the agglomeration economies.

Given that the choices available to workers remain unchanged, we continue assuming that the utility

levels of all four choices will equalize in equilibrium. The only difference is that the wage offered by city
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H differs between onsite and hybrid workers (wo, 7 # wp, H):

Uont = wo,rr — pra — C(No,gu + pNi.H),
Unpa = whpu — pra — ¢ — pC(Nogm + pNpu),
Unar = wng — Brr — 09 — opC(Nogr + pNi ),

Urr = wr, — Br,

The ratio between the wages of WFH workers and hybrid workers employed by H is

Wh.u
WO,H

=9,

which implies that the log wages follow the following relationship: wy g = wo g + Ind. If 6 < 1, then
the log wage of WFH workers is always lower than that of onsite workers, though we do not make the

assumption. Plugging this relationship back into remote workers’ utility function, we get

Unug = Wo,g — frp +1ndé — ¢ — pC(No g + pNp i),

Reduced-form
cost of local WFH

Unar = Worr — Brr +1né — oo — opC(No g + pNiH) -

Reduced-form
cost of remote WFH

It is worth noting that these utility function resemble those in the baseline model, with one key difference:
the utility penalty for WFH now includes the productivity discount of WFH, In 4. As a result, in this alter-
native model framework, an exogenous increase in WFH productivity ¢ functions similarly to an exogenous
decrease in ¢ in the baseline model, in terms of influencing workers’ choices among the four options.

Because city H offer two wage levels, one for onsite workers and the other for WFH workers, the urban

wage premiums are

Wo,ir — WL = 9 + ppC(No g + pNpm) — Iné,

wpg —wr = 9o + ppC(No g + pNpm)-
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The intuition behind the difference between the two wage gaps is that the wage gap between WFH workers
employed by H and those employed by L primarily compensate for the utility cost of WFH. In contrast, the
wage gap between onsite workers employed by H and workers employed by L reflects both the utility cost
and the additional productivity premium for working onsite in H (if § < 1). A decrease in ¢ reduces the
urban wage premium for both onsite and WFH workers. An increase in §, however, reduces the urban wage
premium specifically for onsite workers by narrowing the productivity gap. Nevertheless, both an increase

in § and a decrease in ¢ reduce the average wage premium offered by H relative to L.

Agglomeration and Aggregate Productivity The effect of an increase in the relative productivity of

remote workers on aggregate output is

O(Fy + Fp, 1 O(No,gH + pNpu
W 1) _ g, o g, Qo 2 0NE) (o, 3)
06 o)
Weakening of Agglglrneration Economies
<0
O(No,uH + 0N 1
4 (W07H _ WL) ( o, a(s B )
Reallocation of Labor from L to H
<0Qor>0
8Nh H
~(Wozr = Whg)—F5— + Wo,uNh,H-
09 —_——

Adjustment for Reallocation into WFH Direct Productivity Effect of 6

First, we can again easily show

-1’ { ¢—Iné
O(No.u + pNn,i) _ _C ( T—p ) <0
a9 ) '

In other words, an increase in WFH productivity will reduce the number of onsite workers in H. Thus, the
first component of Equation 3 is negative.
Similar to the baseline model results, the sign of the second component—the effect of increasing § on

labor reallocation between H and L—is not definitive. We can write the reallocation effect as below:

O(No,im + ONn)  (Nomm + Nuu)NLL

No,gr + pNh.u)

1 , 3(
— N,
99 L=~ (5 <No,HH + pNnu opC( O’H+pNh’H)>

The model’s prediction and the underlying intuition regarding the impact of § on employment reallocation
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remain similar to those in the baseline model. If § = 0 (no agglomeration economies), an increase in WFH
productivity ¢ will unambiguously lead to higher payroll employment (as measured in productive unit) in H.
However, if & > 0 and sufficiently large, the impact on payroll employment in H could become negative.
This insight aligns with the baseline model.

The third component of Equation 3 captures productivity change resulting from people increasingly
opting to WFH. This shift could reduce overall productivity if WFH productivity is lower than onsite pro-
ductivity. However, since our study focuses on WFH’s effect on the agglomeration economies, we do not
take a stand on the direction of the effect captured by this component.

The fourth component of Equation 3 captures the direct productivity effect of an increase in §. In
other words, if WFH productivity increases, total output should increase, given the labor supply choices.
Understanding the effect of this term is the focus of many other studies. We deliberately avoid interpreting

this term, as our focus is WFH’s effect on the agglomeration economies.

A4 Data Appendix

A4.1 Determining Jobs’ WFH-Availability from Burning Glass Job Text

We analyze the original job text from the Burning Glass data to determine each job’s WFH-availability. We

LR INT3

start with scanning each job posting for keywords suggesting a remote setup, such as “remote,” “telework,”

99 . 99 ¢

“work from home,” “work at home,” “wth,” “home office,” “virtual,” “work anywhere,” and “mobile office.”

If any of these keywords appear, we classify the job as WFH-available.

To prevent misclassification, we account for negated contexts by searching for negation terms such as

29 ¢

“cannot,” “couldn’t,” or “don’t” within 20 characters before each WFH-related keyword, and “no” or “not”

immediately after. If negations are detected, we exclude the job from the WFH-available classification.

Finally, we look for keywords indicating onsite requirements, including “fully onsite,” “fully on-site,”

LR I3 LR I3

physical appearance,” “physically,

9 ¢ LR INT3 LR34 99 ¢

“attendance, show up on time,” “in office,” “in person,” “requires

EE N3 EEINT3

requires on-site,” “require onsite,

99 ¢ EE T3

onsite, require on-site,” “onsite required,” “on-site required,” “onsite
only,” and “on-site only.” If any of these terms appear, the job is classified as not WFH-available.

Using each job’s WFH-availability categorization, we calculate the share of WFH-available jobs by

59



occupation and year. We then classify occupations as low- or high-WFH-adoption based on the change in
this share from 2018-19 to 2020-22.

For robustness, we also use the WFH-available job share from Bloom et al. (2023), which may provide
greater accuracy by employing a machine-learning method to categorize jobs in Burning Glass as WFH-
available. Although we do not use this measure in our main specifications due to its broader occupation

categories, our results remain very similar with both measurements.

A4.2 Crosswalk between Occupation and Industry

In the baseline analysis, we measure the size of the relevent labor market M}, ; for job 7 using the employment
size of the occupation to which the job belongs in the MSA where the job was pointed in 2018. However, the
payroll employment data from the QCEW are only available by industry code (NAICS) and county. Since
occupations and industries do not nest perfectly within each other, we must impute the occupation-level
employment size based on the raw industry-level employment data.

To do this, we construct a crosswalk between NAICS industry and SOC occupation. We exploit the
fact that a large subsample of the Burning Glass job postings contain both NAICS industry codes and SOC
occupation codes. Using the national sample of the Burning Glass job postings from 2018 to 2022, we
calculate the empirical conditional probability of a job falling in occupation (SOC code) k, given that the
job belongs to industry (3-digit NAICS) h, which we denote as ék| -

Next, we use ék|h to impute the employment size in occupation k for each county c, based on the

employment size in each industry A for county ¢, denote by Mj,. (available from the QCEW):
Mye = Me - O
h

After imputing My, we use a county-MSA crosswalk to aggregate these county-level employment
counts to the MSA level j to compute Mkj. This Mkj serves as our proxy for occupation-MSA-level

payroll employment M} ; in our baseline regression.
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AS Boundary of the Agglomeration Economies Impacted by

WFH Adoption

The relevant labor market size in our main specification is defined as either occupation- or industry-specific.
In addition, our DID strategy assumes that WFH adoption affects the agglomeration economies within occu-
pations or industries that experience the WFH adoption, but does not spill over to occupations and industries
with little WFH adoption. This allows us to designate occupations/ industries with high WFH adoption as
the treatment group and those with low WFH adoption as the control group.

This assumption is consistent with the mechanisms of the agglomeration economies first introduced
by Alfred Marshall (1890), who emphasizes the scale effects within locally specialized industries. In this
framework, agglomeration economies are driven by factors such as knowledge spillovers, labor pooling, and
input-output linkages.

In contrast, the ideas proposed by Jane Jacobs (1969) suggest that cities also benefit from interactions
among people from unrelated and diverse industries. Under the Jacobian agglomeration framework, WFH
adoption could also reduce productivity across other sectors in large cities, including those unrelated to the
occupations and industries that experience high WFH adoption.

Empirical studies have provided substantial evidence supporting mechanisms of the Marshallian ag-
glomeration economies, including knowledge spillovers and input-output linkages, which are particularly
pronounced within industries or among related industries linked by skill similarities, input-output relation-
ships (Henderson, 2003; Rosenthal and Strange, 2001; Ellison et al., 2010; Greenstone et al., 2010; Kolko,
2010).

This literature provides solid support for our assumption of the Marshallian agglomeration economies.
Nonetheless, we perform two additional empirical tests to assess whether WFH adoption has any detectable

impact on the Jacobian agglomeration economies.

AS5.1 Measure of Local Labor Market Size

If the relevant agglomeration economies are primarily Marshallian, WFH adoption will disproportionately

reduce social interactions in local labor markets where the employment size of related sectors is larger. This
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should reduce the wage premium associated with larger local labor markets, as measured by the occupations
and industries relevant to the jobs of interest, holding the overall local labor market size constant. In contrast,
if the relevant agglomeration economies are primarily Jacobian, WFH adoption should reduce the wage
premium offered by larger overall local labor markets, holding the size of the related local labor markets
constant.

In our baseline empirical analysis, we specify the size of the relevant local labor market as Mp;,
which varies by occupation k£ and MSA j, implicitly assuming the case of the Marshallian agglomeration
economies: the relevant size of local labor market is within a specialized occupation.

Here, we first propose a test to determine the appropriate boundary for defining the relevant local labor
market size. To do so, in addition to using the baseline M};; (payroll employment in occupation &£ and MSA

1), we construct three alternative measures of the relevant local labor market size defined as follows:

1. Total MSA-level payroll employment (1/;): This measure represents the total payroll employment

in MSA ;.

2. Skill adjacent MSA-level payroll employment (11— qq5,k;): This measure represents the payroll
employment in MSA j across other occupations related to occupation k& in terms of required skills and
experience. The list of related occupations is obtained from the Career Changers Matrix published

by O*NET under the U.S. Department of Labor.

3. Input-output adjacent MSA-level payroll employment ()/;,_4; 1;): This measure represents the
average payroll employment of the NAICS industries that are the upstream and downstream of the

industry A of the job of interest.

Specifically, the upstream and downstream NAICS industries are identified using the 2017 input-output table
published by the Bureau of Economic Analysis (BEA). This table summarizes the value of input (/) from
one NAICS industry (h, the origin industry) used by another industry (h’, the destination industry). The

average upstream and downstream payroll employment is calculated as follows:

t h’h
Mmpu Z Mh’ )
io—adj,hj Zh” Ih”h 7

Ipp
Moutput Z Mh’
i0—adj,hj — Zh” Ihh”
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We calculate M;,_qqj »;j as the average of M Z:f Zgj’ p; and M, Zoozfzgj hj-

In this test, we extend the baseline analysis based on Equation 1 by further including interaction terms
between each of three alternative labor market size measures (In Miy,sq, 5, In Mggiii—agj kj» and In M, Zonf Zflj, h j)
and the indicators for High W F H and After. Table A9 presents the results of the analysis, where we
progressively include the additional interaction terms.

In Column 1, we include only the interaction terms involving total MSA-level employment In M, ;.
The results show that WFH adoption reduces the wage premium associated with MSAs that have larger
overall employment sizes.

In Column 2, we add interaction terms involving occupation-MSA-level employment In M}, ;, which
account for the local employment size of the job’s own occupation. Once this is included, the effect of
WEFH adoption on the wage premium associated with MSA’s overall employment size becomes significantly
smaller. This suggests that the boundary of the agglomeration economies is at least partially confined to
related sectors, consistent with the Marshallian agglomeration framework.

In Columns 3 and 4, we progressively add the interaction terms involving In M qqj ; and In Mfglf Zfij’ hi-
The results indicate that once we account for the local employment size of skill-adjacent occupations and
related industries, WFH adoption no longer reduces the wage premium associated with the MSA’s overall
employment size. This finding suggests that the appropriate boundary of the agglomeration economies lies
within the set of related sectors and is not broad-based.

Notably, once the employment size of adjacent sectors is accounted for, WFH’s effect on the wage
premium associated with own-occupation employment size also gets weaker or disappears. This suggests
that the boundary of the relevant agglomeration economies is likely not confined entirely within occupations.
However, it is noteworthy that this result is also partially driven the high correlation between own-occupation
employment size and adjacent sector employment size. Therefore, we argue that for the baseline measure of

the relevant local labor market size, the occupation- and MSA-specific measure (M} ;) remains well-defined

and appropriate.

AS.2 Boundary of WFH Adoption Shock

In our second analysis, we assess whether the effect WFH adoption is likely confined to related occupations

and industries or it spills over to unrelated sectors. To conduct this analysis, in addition to using the baseline

63



High-WFH-adoption indicator, we construct two additional variables that summarize the WFH treatment in

skill-adjacent occupations and in the upstream and downstream industries related to the job of interest:

1. Skill-Adjacent WFH Treatment (Frac High WFH Adj,): For each occupation k, we calculate the
average of the High W F'H indicator of the occupations adjacent in skill and experience requirements
(from Career Changers Matrix published by O*NET), weighted by national payroll employment by

occupation.

2. Input-Output WFH Treatment (Frac High WFH 10,,): For each industry h, we calculate the aver-
age of the High W F' H indicator of upstream and downstream industries, weighted by the industry-

to-industry input values ({p/):

; Iy
Frac High WFH 10" =N~ —"" _ Hien WFH,,,
" ; 2 Inrn "
I
" High WFH,,,

Frac High WFH 10"t =~ "
h ; E % T hh!!

where Iy, is the input value from industry h to h' and High W F Hy, is an indicator that indus-
try A’ has high WFH adoption (based on our baseline WFH adoption measure). We calculate the

Frac High WFH 10, by taking the average of Frac High WFH 10} and Frac High WFH 107",

In Columns 1 and 2 of Table A10, we extend the baseline analysis based on Equation 1 by further
including interaction terms between each of two alternative WFH adoption measures (Frac High WFH Adj,
and Frac High WFH 10,,) and the baseline labor market size In M and A fter indicator. Column 3 adds the
interaction terms involving both WFH adoption measures.

The results show that much of the baseline effect of own-occupation WFH adoption can be explained
by the inclusion of adjacent WFH adoption shocks, suggesting that the negative impact of WFH on the
agglomeration economies does spill over into related industries and occupations. However, in cases where
both the sectors themselves and related sectors experienced little WFH adoption, the urban wage premium
did not decline after the start of the pandemic.

The above analyses suggest that WFH adoption is likely to have reduced the agglomeration economies
tied to the size of specialized local labor market relevant to the occupations and industries that experienced

high WFH adoption during the pandemic, rather than the overall labor market size. Moreover, WFH seems
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to have impacted the agglomeration economies only within the directly affected and closely related occupa-
tions and industries, rather than all sectors in the local economies. Thus, we argue that the agglomeration
economies affected by WFH are predominantly Marshallian rather than Jacobian, which reinforces the va-
lidity of the DID approach used in our baseline analysis.

One note of caution is that while the empirical evidence does not support a broad-based effect of WFH
across all sectors, Jane Jacobs’s concept that cities foster serendipitous interactions between workers across
industries remains relevant, particularly within related industries. We do not argue against the importance
of “Jacobs spillovers” in creating agglomeration economies. Instead, we argue that WFH appears to have

primarily affected related occupations and industries, not all segments of the local economy.

A6 Compensating Differentials: An Alternative Explanation

of Changes in the Urban Wage Premium

Another potential explanation for the observed decline in the urban wage premium in high-WFH-adoption
occupations could be a reduction in compensating wage differentials. With the adoption of WFH, employ-
ers might have lowered wages because workers could avoid long commutes. Given that commute time was
likely longer in larger cities pre-pandemic, the urban wage premium decline might partly reflect a dispropor-
tionate decrease in compensating differentials in large cities. We cannot directly disentangle this effect from
our hypothesis of weakened agglomeration economies, as the Burning Glass data do not include workers’
residential locations.

We indirectly examine this alternative explanation using ACS data from 2015-2022. We exploit the
idea that WFH adoption should reduce commuting more for workers who previously had longer com-
mutes. Therefore, if reduced commute time led to wage reductions, we should expect the largest wage
decreases among workers likely experienced the most significant commuting reductions—those in high-

WFH-adoption occupations living in neighborhoods with traditionally long commutes for their occupations.
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Specifically, we estimate the following triple-difference regression:

Yikjmt = Mo Highy + A1 Highy X Afte’l“t + )\QC’kjm + Angjm X Aftert + M Highy X ijm “4)

+ AsHighy X ijm x Aftery + &n X G+ M X5 + €ikjmts

where ¥;jm: 18 log hourly wage or commute time of individual 7 in occupation k£ in PUMA j of MSA m in
year t; Highy is a dummy variable equal to 1 if occupation £ is a high-WFH-adoption occupation; A fter;
is a dummy variable equal to 1 if ¢ > 2020; C},, is the average commute time faced by workers living in
PUMA j in MSA m within the occupation category of occupation k (high-WFH-adoption or not) between
2015 and 2019. X; is a vector of workers’ characteristics, including dummy variables for sex, age, race,
Hispanic status, marital status, and education. We allow the coefficients A; to vary over time to account for
changes in sorting of workers over time. The coefficient of interest is As.

Table AS presents the estimates of Ay through A5, using the sample of workers aged from 25-65 who
worked at least 35 hours per week from the ACS. The dependent variable is log hourly wage in Columns
1-2 and commute time in Columns 3—4. All columns control for the interaction between year fixed effects
and MSA fixed effects. Columns 2 and 4 further control for workers’ demographic characteristics.

The estimates of A5 in Columns 1 and 2 suggest that during the pandemic, workers in high-WFH-
adoption occupations living in neighborhoods with high pre-pandemic commute time experienced a relative
wage increase, although the magnitude is small. Adding demographic controls does not significantly affect
the results. This finding contradicts the hypothesis of reduced compensating differentials. In contrast, as
shown in Columns 3 and 4, these workers experienced a more substantial decrease in commute time, re-
flecting an increase in the amenity value of reduced commuting, as expected. If changes in compensating
differentials led to the reduction in the urban wage premium, we would expect a wage decrease due to in-
creased value of amenity. Therefore, the results in Table A5 provide some indirect evidence that the observed

decrease in the urban wage premium is not solely driven by reduced compensating wage differentials.
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Figure A1l: Share of Working-from-Home Workers
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Note: The figures present the share of workers who worked from home between 2005 and 2022 in the ACS data
and between 2005 and 2023 in the ATUS data. Figure Ala uses data from the American Community Survey (ACS)
and the American Time Use Survey (ATUS) to calculate this share for each survey year. For 2020, to capture the
share of remote workers after the start of the pandemic, we estimate the post-first-quarter share by assuming the
first-quarter share remained at the 2019 level. Specifically, assume that the share of remote workers in 2019 is
sharesgg and observed share in 2020 is sharesgog. Then the imputed share of remote workers in Q2-Q4 of
2020 is sharega—ga,2020 = sharezozo _O(_]%E’Sh”e””. The ACS data is restricted to workers aged from 25-65 who
worked at least 35 hours per week. The ATUS share is based on the fraction of workers whose recorded working
hours were entirely at home. Figure Alb shows the share of workers who worked from home for four selected
occupation groups using ACS data.
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Table Al: Overall Changes in the Urban Wage Premium
and in Spatial Shifts in Payroll Employment

Ln Posted Hourly Wage  Ln Employment Growth

€] 2) 3) “)

Ln M 0.0279***  0.0277*** -0.0139***  0.00341
(0.00411) (0.00489)  (0.00264) (0.00244)

Ln M x After -0.00341%*%* -0.00343* -0.0240%** -0.0147%%**
(0.000948)  (0.00201)  (0.00338) (0.00190)

Observations 7,936,901 7,934,712 85,410 85,410
R-squared 0.398 0.397 0.156 0.139

Note: This table examines changes in the overall urban wage premium and
spatial shifts in payroll employment after March 2020. In Columns 1-2, the
sample includes a 10% random sample of Burning Glass data from 2018 to
September 2023 (all occupations). The estimates are based on a simplified ver-
sion of Equation 1, excluding terms involving the high-WFH-adoption dummy.
The dependent variable is the log posted hourly wage. After is a dummy vari-
able equal to 1 for jobs posted after March 2020. M is the local labor market
size, measured as 2018 employment by occupation and MSA in Column 1
and as total employment by MSA in Column 2. In Columns 3—4, the sample
includes industry-MSA-level employment counts from the QCEW (all indus-
tries). The estimates are based on a simplified version of Equation 2, excluding
terms involving the high-WFH-adoption dummy. The dependent variable is
the change in log employment by industry and MSA between the 4th quarter
of 2015 and the 4th quarter of 2019, or between the 1st quarter of 2020 and the
Ist quarter of 2024. After is a dummy variable equal to 1 when employment
growth is measured between 2020 and 2024. M is the local labor market size,
measured as employment by industry and MSA at the start of each period in
Column 3, and total employment by MSA at the start of each period in Column
4. Regressions in Columns 3—4 are weighted by the employment size of each
MSA at the start of each period. Standard errors are clustered at the MSA level.
*Ekp < 0.01, ¥ p <0.05, *p < 0.1.
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Table A2: Effect of WFH on the Urban Wage Premium: Alternative Measures of the WFH Shock

Ln Posted Hourly Wage
) (2)
Ln M 0.0132%** -0.00190
(0.00491) (0.00703)
Ln M x High WFH 0.0179%** 0.00899%**
(0.00165) (0.00256)
Ln M x After 0.000422 0.00548%*
(0.00111) (0.00254)
Ln M x High WFH x After -0.00742%%* -0.00176
(0.000928) (0.00249)
AMSA-WFH x High WFH x After 0.00397**
(0.00182)
Ln M x AMSA-WFH x After -0.000661%**
(0.000317)
Ln M x AMSA-WFH x High WFH x After -0.000702**
(0.000301)
High WFH Def. By Occ By Occ
and MSA
Observations 6,041,450 6,041,450
R-squared 0.389 0.390

Note: This table presents robustness checks using alternative WFH adoption measures for
the baseline results on changes in the urban wage premium, as shown in Table 1. The sam-
ple includes a 10% random sample of Burning Glass data from 2018 to September 2023,
restricted to high- or low-WFH adoption job categories. In Column 1, we calculate the share
of WFH-available jobs by occupation and MSA for each year, and then calculate the change
in this share between 2018-19 and 2020-22. Job are classified as in high-WFH-adoption
group if they fall in occupation-MSA cells with the WFH-available job share increases above
the 75th percentile, and as in low-WFH-adoption group if below the 50th percentile. Col-
umn 1 presents the results using the baseline specification (as in Column 1 of Table 1) with
this updated high-WFH definition. In Column 2, we use the change in MSA-level share of
WFH-available jobs from 2019 to 2022 from Bloom et al. (2023), denoted AMSA-WFH. We
apply the baseline specification, adding interaction terms between Ln M, AMSA-WFH, the
baseline high-WFH dummy, and After. Standard errors are clustered at the MSA level. ***
p < 0.01, ** p < 0.05, *p < 0.1.
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Table A3: Effect of WFH on the Urban Wage Premium: Robustness Checks

Ln Posted Hourly Wages
(1) (2 3) “) &)
Ln M 0.0346%**  (0.0148%*%** -0.00845%** 0.0127#*%*  (0.00933#%**
(0.00788) (0.00309) (0.00304) (0.00275) (0.00175)
Ln M x High WFH 0.0115%**  (0.0218%** 0.0236%** 0.0213%** 0.02271***
(0.00167) (0.00129) (0.00245) (0.00266) (0.00177)
Ln M x After -0.00152 0.00207** 0.00699%** 0.00461%** 0.000630
(0.00476) (0.000911) (0.00114) (0.000665) (0.000596)
Ln M x High WFH x After -0.00246%* -0.00858%*%*%* -0.0102%%*%* -0.00885***  -0.00682%**
(0.001006) (0.000856) (0.00151) (0.000843) (0.000762)
Controls: Job Characteristics X X X X X
Controls: MSA x After, X
Occ x After
Controls: Employer FE X
Controls: MSA x High WFH X
x After
Sample All All Excl. 2020-21 All All
Measurement of M Occ-MSA Occ-MSA Occ-MSA Occ-Cty Occ-Cty
Observations 6,115,222 5,156,592 4,075,013 6,217,489 6,115,205
R-squared 0.403 0.541 0.207 0.384 0.401

Note: This table presents robustness checks for the baseline results on changes in the urban wage premium by occu-
pation group based on WFH adoption levels, as shown in Table 1 (o through a3 in Equation 1). The sample includes
a 10% random sample of Burning Glass data from 2018 to September 2023, restricted to high- or low-WFH-adoption
occupations. Column 1 uses the baseline specification (as in Column 1 of Table 1), adding interactions between MSA
dummies and After and between occupation dummies and After. Column 2 includes employer fixed effects. Column
3 uses the baseline specification but excludes data from 2020 and 2021. In Column 4, M represents the 2018 employ-
ment size by occupation and county of the job posting. Column 5 further controls for three-way interactions between
MSA dummies, High WFH, and After. Standard errors are clustered at the MSA level. *** p < 0.01, ** p < 0.05,

*p < 0.1.
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Table A4: Effect of WFH on the Urban Wage Premium: Average Weekly Earnings from QCEW

Ln Average Weekly Earnings

(1) (2) (3)
Ln M x After 0.00351%** -0.000867
(0.000588) (0.00120)

Ln M x 2020 0.00232%*%*

(0.000736)
Ln M x 2021 0.00482%#*

(0.000609)
Ln M x 2022 0.00457%*%*

(0.00119)
Ln M x 2023 0.00205

(0.00139)
Ln M x High WFH x After -0.00972%** -0.00535%**

(0.00140) (0.00152)

Ln M x High WFH x 2020 -0.00368

(0.00224)
Ln M x High WFH x 2021 -0.00490%**

(0.00176)
Ln M x High WFH x 2022 -0.00732%%*

(0.00189)
Ln M x High WFH x 2023 -0.00938%#%**

(0.00161)
Control: APop (Pre- and Post) X
X Year x High WFH
Sample All All Excl. Local Serv.
Observations 1,414,943 1,414,943 728,656
R-squared 0.767 0.770 0.635

Note: This table presents changes in the urban wage premium by industry category, based
on WFH adoption levels (a through a3 in Equation 1). The sample includes quarterly av-
erage weekly earnings from the QCEW from the first quarter of 2018 to the fourth quarter
of 2023, restricted to high- or low-WFH-adoption industries. Each observation represents an
industry-MSA cell (based on three-digit NAICS industries). The dependent variable is log
average weekly earnings by MSA and industry. M is local labor market size (based on 2018
employment by industry and MSA). After is a dummy variable equal to 1 for observations from
the second quarter of 2020 onward. Columns 2 replaces After with post-2020 year dummies.
Column 3 excludes local service industries an ?‘_dds three-way interaction terms between pop-
ulation growths, posting year, and high-WFH indicator. Regressions are weighted by MSA
employment size in the first quarter of 2018. Standard errors are clustered at the MSA level.
%k p < 0.01, ¥ p < 0.05, *p < 0.1.



Table AS: Compensating Differentials: Alternative Explanation of Changes in the Urban Wage

Premium
Log Hourly Wage Commute Time
(1) (2) (3) 4
High WFH 0.0831 *** 0.167%*** -0.174 0.0817
(0.0162) (0.00946) (0.150) (0.150)
High WFH x After 0.00103 -0.00547 1.029%%** 0.689**
(0.0111) (0.00874) (0.320) (0.292)
Pre-Pandemic Commute 0.0121%**  (0.00866***  (.95]*** 0.938%*%**
(0.000590)  (0.000415) (0.00312) (0.00368)
Pre-Pandemic Commute x After -4.64e-05 -0.000153 -0.382*** -0.429%%3*
(0.000271)  (0.000242) (0.00956) (0.00952)
High-WFH x Pre-Pandemic Commute 0.00553***  -0.000447 -0.0167*** -0.0176***
(0.000515)  (0.000291) (0.00539) (0.00534)
High-WFH x Pre-Pandemic Commute x After  -4.43e-05 0.000360 -0.232%%* -0.176%**
(0.000358)  (0.000279) (0.0111) (0.0102)
Controls: Year x MSA X X
Controls: Year x Worker Characteristics X X
Observations 3,806,099 3,806,099 3,955,234 3,955,234
R-squared 0.049 0.278 0.068 0.082

Note: This table presents changes in log hourly wage and commute time by occupation category (high WFH adoption
or not) and the average pre-pandemic commute time for each worker’s residential location and occupation category. The
sample includes workers aged from 25-65 who worked at least 35 hours per week in the ACS from 2015-2022. After
is a dummy variable equal to 1 for observations in 2020, 2021, and 2022. High WFH is a dummy variable equal to 1 for
workers in high-WFH-adoption occupations. Pre-Pandemic Commute is the average commute time between 2015 and
2019 by the worker’s residential PUMA and occupation category. Columns 2 and 4 include interactions between year
fixed effects, MSA fixed effects, and demographic characteristics, including dummy variables for sex, age, race, Hispanic
status, marital status, and education. Standard errors are clustered at the PUMA level. *** p < 0.01, ** p < 0.05, *p <

0.1.
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Table A6: Effect of WFH on Spatial Shift in Payroll Employment: By Time Horizon

Ln Employment Growth
(D) ) (3) 4)
Ln M -0.0115%** -0.0141#%* -0.0264*** -0.0210%%*
(0.00361) (0.00392) (0.00524) (0.00618)
Ln M x High WFH -0.00106 -0.000890 0.00848 0.00493
(0.00570) (0.00521) (0.00783) (0.00846)
Ln M x After -0.00283 0.000338 0.0102 0.00619
(0.00420) (0.00498) (0.00671) (0.00835)
Ln M x High WFH x After -0.00133 -0.0261*** -0.0367%** -0.00155
(0.00649) (0.00828) (0.0100) (0.0109)
Pre-Treatment Period Q4 2018-Q4 2019 Q4 2017-Q4 2019 Q4 2016-Q4 2019 Q4 2015-Q4 2017
Post-Treatment Period Q12020-Q1 2021 Q1 2020-Q1 2022 Q1 2020-Q1 2023 Q1 2018-Q1 2020
Observations 38,313 36,737 36,319 37,372
R-squared 0.204 0.152 0.174 0.118

Note: This table presents changes in local employment growth with respect to local employment size by industry category,
based on WFH-adoption levels (o through a3 in Equation 2). The specifications are the same as the specification for Table
3 Column 2. While the baseline specification measures local employment growth based on a 4-year horizon before and after
the start of the pandemic, Columns 1, 2, and 3 of this table measure employment growth over 1-, 2-, and 3-year horizons,
respectively. The pre- and post-treatment periods are specified in the table. Column 4 presents a placebo test, assuming a
placebo post-treatment 2-year horizon from the first quarter of 2018 to the first quarter of 2020. Regressions are weighted by
the employment size of each MSA at the start of each period. Standard errors are clustered at the MSA level. *** p < 0.01,
** p < 0.05, *p < 0.1.
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Table A7: Job Skill Categories

Categories Keywords and Phrases

Cognitive Problem solving, research, analytical, critical thinking, math, statistics

Social Communication, teamwork, collaboration, negotiation, presentation,
relationships

Character Organizational, detail-oriented, multi-tasking, time management,
meeting deadlines, energetic

Writing Writing

Customer and client support  Sales, customer, client, patient, guest

Project management Project management, project planning

People management Supervisory, leadership, mentoring, staff, employee, people development,

people management, conflict management, human resource management,
personnel management

Financial Budgeting, accounting, finance, financial, cost, tax, audit, risk, mortgage
Computer (general) Computer, spreadsheets, common software (e.g., Microsoft Excel)
Software (specialized) Programming language or specialized software (e.g., Java, MATLAB)
Physical Physical ability

Note: This table shows the categorization of job skills using the open text in Burning Glass data. The categorization is
based on Deming and Kahn (2018).
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Table A8: Changes in Large-city Premiums of Wage Returns to Skills

Customer Social Software Character  Computer  Physical
€] 2) 3) “) ®) (6)
Skill x Ln M x After -0.00443%%%* -0.00281* -0.0109%#%** -0.00131  -0.000625 -0.00444*
(B3) (0.00147) (0.00147) (0.00333) (0.00110)  (0.00135) (0.00228)
Financial =~ Project Mgmt People Mgmt Writing Cognitive
(7 ®) &) (10) an
Skill x Ln M x After  -0.000559 -0.000669 0.00314**  0.00629***  0.00213*
(B3) (0.00152) (0.00217) (0.00146) (0.00141)  (0.00124)
Observations 1,461,836
R-squared 0.429

Note: The table presents changes in large-city premiums of wage returns to different skill groups. Specifically, it reports
the estimates of 55 in Equation 4, where s represents the skill group shown at the top of each column. Importantly, all
columns come from a single regression that includes all skill groups simultaneously, not from separate regressions. The
sample includes a 10% random sample of Burning Glass data from 2018-2019 and from 2022—-September 2023, restricted
to high-WFH-adoption occupations. The dependent variable is log wage; Skill is a dummy variable equal to 1 if the job
posting includes a skill from the skill group listed at the top of the column; M is the local labor market size (based on 2018
employment by occupation and MSA); After is a dummy variable equal to 1 if the job was posted in 2022 or 2023. The
regression controls for basic job characteristics, including dummy variables for SOC occupation code, NAICS industry
code, years of education required, salary type, part-/full-time status, tax term, and the posting month. Skill groups are
ordered based on their contributions in the Gelbach decomposition. The number of observations and the R-squared of the
regression is reported at the right bottom of the table. Standard errors are clustered at the MSA level. *** p < 0.01, **
p < 0.05, *p < 0.1.
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Table A9: The Boundaries of the Agglomeration Economies

Ln Posted Hourly Wage
M (@) (€) “
Ln Myee x After -0.000761 -0.00278**  -0.00774%*%*%*
(0.000997) (0.00117) (0.00204)
Ln M. x High WFH x After -0.00683***  -0.00433%*** 0.00129
(0.00111) (0.00117) (0.00211)
Ln Mpi—qqj < After 0.00400* 0.0128%**
(0.00221) (0.00298)
Ln Mii—aqj < High WFH x After -0.0127***  -0.0158%%*
(0.00192) (0.00257)
Ln M;,_qq; % After 0.0567%**
(0.00441)
Ln M;,_qq; x High WFH x After -0.0540%*%*
(0.00466)
Ln Mp,sq % After 0.00438**  0.00506%* 0.00237 -0.0651%#%*
(0.00204) (0.00230) (0.00259) (0.00592)
Ln M5, x High WFH x After -0.0117#**  -0.00479**  0.0104%** 0.0705%**
(0.00201) (0.00235) (0.00277) (0.00633)
Observations 6,113,472 6,113,472 5,634,385 2,470,135
R-squared 0.386 0.387 0.385 0.382

Note: This table presents changes in urban wage premium by occupation category (based on Equation 1),
using different measures of the relevant local market size. The sample includes a 10% random sample of
Burning Glass data from 2018 to September 2023, restricted to high- or low-WFH-adoption occupations.
M. represent the 2018 employment size by occupation and MSA (the baseline measure). Mp11—adj
is the total employment size of other skill-adjacent occupations within the MSA. M;,_qq; is the average
employment size of the upstream and downstream industries within the MSA for the industry where the job
belongs. M,, s, is the total employment size of the MSA where the job locates. Details of these measures
are provided in Appendix AS5.1. The definitions of High WFH and After follow Table 1. Standard errors are
clustered at the MSA level *** p < 0.01, ** p < 0.05, *p < 0.1.
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Table A10: The Boundaries of the Agglomeration Economies: WFH Adoption of Related Sectors

Ln Posted Hourly Wage
(D) () 3)
Ln M x After 0.00516***  (0.0102%** 0.0130%***
(0.00115) (0.00275) (0.00342)
Ln M x High WFH x After -0.00280**  -0.00378%*** 0.00108
(0.00113) (0.00119) (0.00138)
Ln M x Frac High WFH Adj x After -0.0256%%* -0.0198**%*
(0.00272) (0.00503)
Ln M x Frac High WFH IO x After -0.040Q7%** -0.0434#**
(0.00769) (0.00788)
Observations 5,606,962 2,686,792 2,474,953
R-squared 0.381 0.381 0.377

Note: This table examines whether WFH adoption in related occupations and industries influ-
ences the urban wage premium, conditional on own-occupation WFH adoption. It presents the
estimates of Equation 1, including additional interactions between alternative WFH adoption
measures (Frac High WFH Adj and Frac High WFH 10), Ln M, and After. Frac High WFH
Adj represents the fraction of skill-adjacent occupations that experienced high WFH adoption.
Frac High WFH 10 represents the average fraction of upstream and downstream industries that
experienced high WFH adoption. Details of these measures are provided in Appendix AS5.2. The
definitions of Ln M and After follow Table 1. Standard errors are clustered at the MSA level.

ek p < 0.01, ** p < 0.05, *p < 0.1.
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