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Abstract

The U.S. economy is increasingly dominated by multi-location service firms. These firms
have undergone substantial geographic expansion in recent decades and account for most of
the rise in wage inequality. 1 develop a theory that links these trends, in which firms open
branches to serve local markets and employ headquarters workers whose output is non-rival
across locations. An increase in the number of firm branches is akin to a technical change
that augments the non-rival headquarters labor. Through this mechanism, the model can
rationalize a range of labor market dynamics, including endogenous skill-biased technical
change, widening spatial disparities, and rising wage dispersion both across and within firms.
I provide supporting evidence for these predictions and for the assumption of within-firm
non-rivalry. Quantitatively, a decline in spatial frictions to firm expansion goes a long way

toward explaining key labor market trends from recent decades.

*I am grateful to my advisors Gene Grossman, Ezra Oberfield, Stephen Redding, and Richard Rogerson
for their continued guidance and support. This paper has also benefited from discussions and comments
from Mark Aguiar, Juanma Castro-Vincenzi, Oren Danieli, Xiang Ding, Pablo D. Fajgelbaum, Teresa
Fort, Manuel Garcia-Santana, Esteban Rossi-Hansberg, Erik Hurst, Gregor Jarosch, Marta Lachowska,
Hugo Lhuillier, Ernest Liu, Isabela Manelici, Simon Mongey, Joan Monras, Eduardo Morales, Pascual
Restrepo, Hannah Rubinton, Jose P. Vasquez, Gianluca Violante, Jonathan Vogel, and Conor Walsh, as
well as numerous seminar participants. I thank Shahin Davoudpour, Shirley Liu, and Hannah Rubinton
for help with the data. This research benefited from financial support from the International Economics
Section (IES) and the Simpson Center for the Study of Macroeconomics in Princeton University, the
Washington Center for Equitable Growth, and the Becker Friedman Institute for Economics at University
of Chicago.

fAny views expressed are those of the authors and not those of the U.S. Census Bureau. The Cen-
sus Bureau’s Disclosure Review Board and Disclosure Avoidance Officers have reviewed this information
product for unauthorized disclosure of confidential information and have approved the disclosure avoid-
ance practices applied to this release. This research was performed at a Federal Statistical Research
Data Center under FSRDC Project Number 2542. (CBDRB-FY22-P2542-R9788, CBDRB-FY22-P2542-
R10063, CBDRB-FY24-P2542-R11261)

Stanford University, bennyk@stanford.edu.



1 Introduction

The U.S. economy is increasingly dominated by multi-location firms that operate es-
tablishments across multiple local markets. This trend is evident across a wide range of
service sectors, from retail and food services to finance and healthcare. In this paper, I
study the labor market implications of this trend and provide a new theory that links
changes in firms’ geographical scope to the distribution of wages in the economy. The re-
sulting framework is able to rationalize multiple labor market trends from recent decades,
providing new micro-foundations for skill-biased technical change, increasing spatial dis-
parities, and increasing inequality across firms and establishments.

I conceptualize multi-location service firms as networks of local branches linked by
national headquarters, in which branch workers’ output is non-tradable, and headquarters
workers’ output is non-rival across the firm’s locations.! Examples include retail and
restaurant chains, banks, healthcare networks, real-estate management companies, and
telecommunications firms. In such an environment, an increase in firms’ spatial scope is
similar to a technical change that augments the non-rival factors of production, yielding
rich distributional implications. I investigate this idea in several steps. First, I provide
motivational evidence for the increased prevalence of this class of firms and their central
role in the rise of inequality. Second, I develop a model of these firms in a spatial general
equilibrium setting, and use it to show how shocks that raise firms’ ability to expand
in space can lead to endogenous skill-biased technical change, to increases in residual
wage inequality, and to increases in spatial disparities. Third, I provide reduced-form
evidence for the model’s key mechanisms and implications. Finally, I quantify the model
to address: (a) To what extent can recent labor market trends be explained by declining
spatial frictions to firm expansion? (b) What are the implications of policies that shape
firms’ expansion opportunities, such as deregulation of cross-state activity?

I begin by documenting key motivating facts about multi-establishment service firms
in the U.S. economy since the 1980s. First, these firms have undergone substantial spatial
expansion. Second, they account for most of the increase in wage variance across the
universe of U.S. establishments. Third, their sizable role in rising inequality reflects
both greater variance across multi-establishment service firms and greater variance across
establishments within these firms, underscoring the importance of their internal structure
for this trend.?

I develop a general equilibrium model with this form of organization at its core. The

!Throughout the paper, I use a broad notion of headquarters, encompassing all workers whose output
is non-rival across space. I later show that such workers are indeed highly spatially concentrated within
firms, and that actual headquarters locations provide a good proxy for this concept.

2Moreover, the increase in variance across establishments within multi-establishment firms is substan-
tially larger than that across stand-alone establishments. Thus, frameworks that focus solely on inequality
across firms or solely on inequality across establishments are ill-suited to capture these patterns, making
a model of the internal structure of multi-establishment firms essential.



model has four main components. First, firms open branches and hire local workers to
provide a non-tradable product across local labor markets (e.g., a bank branch, a restau-
rant, a maintenance facility, a warehouse). Second, firms hire headquarters workers to
raise the productivity (or quality) of their branches. Importantly, the output of head-
quarters workers is non-rival across the firm’s locations, reflecting their role in developing
and designing products and processes that can be deployed across all branches.® Third,
firms choose how many locations to serve, subject to a cost of spatial expansion that
rises with the number and distance of branches. This cost also serves as a key exogenous
determinant of the extent of spatial expansion in the economy. Lastly, I allow firms to
set wages, facing upward-sloping, firm-specific labor supply curves in each location. This
feature generates additional predictions for inequality both across and within firms, and
enables direct tests of the model’s mechanisms using firm-level data.* The allocation of
workers, headquarters, and firm branches across space is determined in equilibrium.

I emphasize three main takeaways from the model. The first is a new microfounda-
tion for skill-biased technical change (SBTC). As in standard models in this literature
following Katz and Murphy (1992) and Krusell et al. (2000), firms’ relative expenditure
on skilled (headquarters) workers depends on relative factor prices and on exogenous
biased technical change. In the present setting, however, firms’ expenditure on skilled
workers also varies with their chosen geographical scope. Expanding geographical scope
operates like a technical change that augments factors of production used intensively in
the firm’s non-rival component. Intuitively, because of the non-rivalry assumption, the
marginal product of headquarters workers scales with the number of locations in which
their output can be deployed, while the marginal product of branch workers does not.
This effect arises even in simple versions of the model with symmetric space and perfectly
competitive labor markets, relying only on the assumption that the output of a subset of
workers is non-rival across the firm’s locations.

Second, allowing for firm heterogeneity and wage-setting power, the same mechanism
generates changes in inequality both across and within firms. As in standard models with
firm wage-setting power (e.g., Card et al. (2018), Berger et al. (2022)), larger firms pay
higher wages on average. Unlike those models, however, larger firms here also exhibit
greater within-firm inequality, particularly between headquarters and branches. This re-
sult follows from the interaction between non-rival headquarters output and firm-specific
labor supply curves. Headquarters wages scale with the firm’s total output across all

branches, while branch wages scale only with local output. Thus, as firms expand geo-

3Consider, for example, the output of a firm’s designers, software engineers, marketing specialists, and
researchers. These are among the top headquarters occupations and perform tasks that can be classified
as non-rival, as I demonstrate later.

4] model firm-specific wages following the recent monopsony literature in labor economics, given its
tractability and growing empirical support. That said, the model’s main implications also arise under
alternative microfoundations for wage heterogeneity across firms and establishments.



graphically, within-firm inequality rises. Moreover, if it is disproportionately the already
large firms that expand — as in the data and in my quantification — then between-firm
inequality rises in tandem with within-firm inequality. Notably, firm expansion does
not necessarily raise branch wages: while higher productivity increases the firm’s labor
demand across locations, it also makes local production more dependent on the firm’s
non-rival component. As a result, the wage—size gradient is steep for headquarters work-
ers but can be flat for branch workers, and firm-level shocks pass through more strongly
to headquarters wages than to branch wages.

Third, allowing for spatial heterogeneity, the same mechanism generates changes in
inequality across local labor markets. As firms’ ability to expand geographically increases,
markets with a comparative advantage in headquarters activity experience a relative rise
in demand for skilled labor. First, their locally headquartered firms become relatively
larger, resulting in what appears as stronger skill-biased technical change in these markets.
Second, these markets increasingly specialize in exporting headquarters services to other

® These predictions align with the

regions, further boosting demand for skilled labor.
rising spatial disparities across U.S. local labor markets in recent decades, and with the
transformation of key cities into service-providing centers and away from production of
tradable goods.

I provide reduced-form empirical evidence for the model’s main mechanisms. To this
end, I use data on the near-universe of firms’ job postings from Lightcast, matched to
information on firms’ spatial structure and headquarters locations from Dun & Bradstreet.
This combination allows me to analyze how firms’ job composition and pay evolve as
they expand geographically, distinguishing between headquarters and branch jobs. A key
advantage of these data relative to the Census is the ability to measure headquarters
activity through occupational classifications. As a complementary analysis, I also use
establishments’ industry classifications to proxy headquarters activity in the Census data.

I begin by providing evidence for the non-rival nature of headquarters jobs. While non-
rivalry is inherently unobservable, I test several predictions implied by this assumption.
First, using O*NET task-level data, I show that headquarters jobs are characterized by
highly non-rival task content. Second, I find that, consistent with the implications of non-
rivalry, relative compensation for headquarters jobs rises as firms expand geographically.
This prediction holds in particular when expansion is driven by demand shocks (rather
than changes in firm technology) constructed from differential firm exposure to regional
growth. Third, I confirm another key implication of non-rivalary: a positive demand
shock in a subset of a firm’s locations spills over to higher employment and wages in its

other unaffected locations.

A striking example is Bentonville, Arkansas, home to Walmart’s headquarters (see Appendix A for
more details). In the early 1970s, its labor market resembled the rest of Arkansas, but as Walmart
expanded, it transformed into a high-skill service hub, with average income double the rest of the state.



I provide additional evidence for the model’s predictions along other dimensions.
Across local labor markets, those with greater expansion of locally headquartered firms ex-
perienced stronger reallocation toward headquarters-intensive occupations, greater shifts
away from manufacturing, and faster wage and employment growth. Across industries
and occupations, headquarters-intensive jobs saw larger increases in their economy-wide
employment share and relative wages, particularly in industries that underwent greater
spatial expansion.

In the final part of the paper, I use a quantitative version of the model to assess the
aggregate relevance of the new mechanisms. I estimate the model for 200 local labor
markets in the contiguous U.S. in 1980. Frictions to firm spatial expansion are estimated
from the universe of headquarters—branch linkages in the data. To identify the main
production parameters and the cost of expansion, I employ a Simulated Method of Mo-
ments (SMM) approach, targeting key moments on firm structure and inequality from the
empirical analysis, and inverting region-level fundamentals from the model’s equilibrium
conditions.

The main thought experiment I conduct is a realistic reduction in the cost of opening
distant branches. I infer this shock from changes in the network of headquarters-branch
linkages over time. Between 1980 and 2017, these linkages became much less sensitive to
distance, consistent with the idea that improvements in communication and transporta-
tion infrastructure lowered the barriers to operating far-away branches. Accordingly, I use
only information on changes in the relative number of far-away versus nearby branches,
not their absolute levels. In the model, I implement this by reducing the same distance
elasticity while holding all other primitives constant. This experiment has several ad-
vantages. First, all labor-market and welfare implications operate purely through the
novel mechanisms of the paper, since the shock affects only the cost of spatial expansion.
Second, although many primitives in the model could generate greater geographic scope,
this shock is tightly disciplined by data on the relative prevalence of far-away branches
within firms. Lastly, it has a natural interpretation as a reduction in spatial frictions to
operating establishments across locations.

Quantitatively, I find that a decline in the cost of spatial expansion generates labor
market implications that mirror much of the U.S. experience since the 1980s. First, wage
inequality (as measured by the variance of log wages) rises by roughly one-third of the
within-industry increase observed in the data. Second, as in the data, inequality grows
both within firms (across establishments) and between firms. Third, a central driver of the
rise in within-firm inequality is greater wage dispersion between headquarters and branch
workers. Fourth, spatial inequality and skill segregation increase, accounting for about
one-third of the observed rise in spatial disparities. Fifth, wage gains are concentrated in
markets that were already specialized in providing headquarters services — typically dense

urban markets — thereby raising the urban wage premium. At the same time, the shock



delivers welfare gains of about 4%, reflecting both variety gains from broader firm scope
and productivity gains from the non-rivalry in production.

As a final exercise, I use the model to evaluate the aggregate and distributional con-
sequences of policies that affect firms’ ability to expand geographically. A prominent
example from recent decades is the deregulation of cross-state firm activity during the
1980s and 1990s in key service sectors, notably financial services, transportation, and
utilities. This deregulation was likely an important driver of the rise in firms’ geographi-
cal scope over the period. I replicate this experiment in the model by reducing the role of
state border effects, measured using a gravity equation for headquarters — branch linkages
in the data. The exercise yields average welfare gains of about 0.8%, accompanied by a
modest increase in firm scope and wage inequality.

This paper connects to several strands of related literature. First, it relates to recent
work documenting the spatial expansion of firms, including Cao et al. (2017), Jiang (2021),
Rossi-Hansberg et al. (2021), Aghion et al. (2023), and Hsieh and Rossi-Hansberg (2023).
Building on this literature, I focus on the labor market implications of firm expansion. I
argue that changes in firms’ geographical scope can have non-trivial distributional con-
sequences when combined with within-firm non-rivalries, particularly in an environment
with firm wage-setting.

Second, I relate to multiple strands of the vast literature on rising wage inequality.
Relative to the literature on skill-biased technical change (henceforth SBTC) — following
Katz and Murphy (1992) and Krusell et al. (2000) — I contribute a new micro-foundation
for endogenous SBTC that is based on the combination of within-firm non-rivalries and
changes in firms’ scope. Relative to the literature on “the great divergence” in spatial
economics — e.g. Berry and Glaeser (2005), Moretti (2012), Diamond (2016), Giannone
(2017), Eckert (2019), Rubinton (2020), Eckert et al. (2022) and Card et al. (2025) — I
contribute a new mechanism that relies on spatial firm expansion and connects to other
trends in the broad inequality literature. I also provide theory and evidence on the
importance of cross-region firm linkages in determining the spatial allocation of economic
activity. Relative to the empirical literature that documents rising inequality across firms
in the U.S. — Barth et al. (2016), Song et al. (2019) and Haltiwanger et al. (2022) — I
provide new evidence on the central role of multi-establishment service firms, emphasizing
a new important margin of inequality across different establishments within these firms,
and provide a theory that rationalizes these patterns. Finally, relative to papers that
study wage inequality in an environment with monopsonistic competition — as in Card
et al. (2018) and Berger et al. (2022) — I provide an environment in which firm size
matters differently for skilled and unskilled workers and which allows for heterogeneous
pass-through of firm-level shocks to different workers.

From a theoretical perspective, I relate to studies that model the expansion of firms

through space, including Jia (2008) and Holmes (2011) in the industrial organization



literature; Oberfield et al. (2024), Giroud et al. (2024), and Argente et al. (2025) in the
macroeconomics literature; and Helpman (1984), Ramondo and Rodriguez-Clare (2013),
Tintelnot (2017), and Arkolakis et al. (2018) in the literature on trade and multinational
firms. The key deviation from this literature is to model the firm’s non-rival component
as a variable labor cost (and not just as fixed costs). This has important distributional
implications when firms change their geographical scope, even when space is symmetric.
I also deviate from most of this literature by allowing for imperfectly-competitive labor
markets, and highlight important interactions of this margin with firms’ geographical
scope. Finally, I integrate the expansion of these firms into a spatial general equilibrium
in which the allocation of headquarters, branches, and workers are all determined in
equilibrium. I also relate to the theoretical literature that connects within-firm wage
inequality to firms’ hierarchical organization, e.g. Garicano and Rossi-Hansberg (2004)
and Garicano and Rossi-Hansberg (2006). My notion of headquarters is not a hierarchical
layer, but rather it captures tasks for which the output is non-rival across space, which
allows me to encompass broader patterns of inequality; and it provides a natural link
between firms’ organization to the literature on rising spatial disparities.

I also relate to the large literature that documents and models the flows of intangi-
ble knowledge and know-how within firms, including Atalay et al. (2014), Fort (2017),
Alviarez et al. (2023), Ding et al. (2022), and Ding (2023). I explicitly model this knowl-
edge as the output of firms’ (headquarters) workers, and highlight the distributional im-
plications that arise when there is a change in firms’ ability to spread knowledge across
space due to spatial expansion. I also use the structure of the model to overcome the
challenge of measuring within-firm knowledge flows and recover frictions to within-firm
communication using the empirical network of HQ-branch linkages.

The remainder of the paper is structured as follows. I start with some simple motiva-
tional facts in Section 2, highlighting the spatial expansion of firms in recent decades and
the centrality of multi-location service firms in the growth of wage inequality. In Section
3, I lay out a model of these firms in spatial general equilibrium, and characterize the
link between changes in firms’ scope to skill-biased technical change, firm specific wages,
and spatial disparities. In Section 4, I provide empirical evidence for the key predictions
of the model and for the presence of within-firm non-rivalries. I estimate the model in
Section 5 and use the quantitative model to analyze the aggregate implications of lower

frictions to firm expansion in Section 6. Section 7 concludes.



2 Data and motivating facts

2.1 Data

I start by briefly describing the data used in the paper, both for the motivating facts
in this Section, and for the tests of the model’s mechanisms in Section 4. More details on
each dataset and on the construction of key variables are given in Appendix D.

U.S. Census Bureau establishment-level data. [ use establishment-level data
from the U.S. Census Bureau’s Longitudinal Business Database (LBD) to study historical
firm expansion patterns and their relationship to wage dispersion across and within firms.
I focus on firms in the services sector,® which account for most of the economy.” A key
limitation of these data is the absence of clear headquarters classifications and occupation-
level details. I therefore supplement the analysis with additional commercial firm-level
datasets that have such information. Nonetheless, I also exploit variation in industry
classifications across establishments within firms as an alternative approach to measuring
headquarters versus branch activity (see details below).

Lightcast job-posting data. To analyze the distinction between headquarters and
branch-level jobs, and how wages in these jobs evolve with firm expansion, I use online job-
posting data from Lightcast.® These data cover the near-universe of U.S. job postings since
2010. They provide information on employer, job location, occupation, and education
requirements, and report salary information for roughly one-fifth of postings. In Section
4, 1 exploit the detailed firm-by-occupation-by-location structure of the data to test key
model implications, in particular how the wage gap between headquarters and branch jobs
changes within firms as they expand geographically. I also use the occupational detail to
connect headquarters activity to alternative measures of non-rivalry derived from task-
level sources. I merge the Lightcast data with headquarters location information from
Dun & Bradstreet, as detailed below.

Dun & Bradstreet establishment-level data. In addition to the Census data, I
use commercial firm- and establishment-level data from Dun & Bradstreet, which cover
the near-universe of U.S. firms since 1969. These data provide information on firm struc-
ture, establishment locations, headquarters identifiers, industry classifications, and other
key attributes. A firm is defined as the set of establishments sharing the same headquar-
ters D-U-N-S number. I primarily use these data to obtain the geographic locations of
firms’ headquarters and branches — most notably to identify headquarters locations in

the Lightcast data and to compute changes in headquarters-branch distance elasticities

6T classify a firm as belonging to the services sector if over half of its payroll across all establishments
accrues in services-sector establishments. An establishment is classified as services-sector if its 2-digit
NAICS code falls under the Bureau of Economic Analysis (BEA) classification of services-producing
sectors (i.e., 1-digit NAICS code of 4, 5, 6, 7, or 8).

”As shown later, goods-producing firms exhibit very different patterns.

8See https://lightcast.io/.



over time. A key advantage relative to the Census data is the consistent availability of
headquarters identifiers for all firms. The geographical data I use have been shown to
be of high quality, whereas the employment data are less reliable than the Census and
therefore I try to avoid it.’

Supplemental publicly available datasets. [ obtain additional county, industry,
and aggregate data from standard publicly-available datasets, including the U.S. Census
Bureau’s Decennial Census and American Community Survey (ACS), the Business Dy-
namics Statistics (BDS), the Bureau of Labor Statistics” Quarterly Census of Employment
and Wages (QCEW), and the Bureau of Economic Analysis (BEA) Regional Accounts.
I also use occupational task-level data from O*NET — the U.S. Department of Labor’s
Occupational Information Network.

Measuring headquarters and branch activity. Some of the model’s distinctive
predictions are for wage and payroll dispersion between headquarters and branch activities
within firms. In the model, headquarters are defined as the set of jobs with non-rival
output across a firm’s locations, and not necessarily the administrative center. Therefore,
I view the preferred mapping of the model to the data as identifying occupations within
each firm whose output is non-rival across branches, and I use several approaches to
capture this. I now briefly describe the data I use to this end, and return to this distinction
in more detail in Section 4 after I introduce the model.

My main measure of headquarters vs. branch activity is the propensity of occupations
to be hired in firms’ headquarters locations. To construct this measure, I merge data
from Lightcast and Dun & Bradstreet and compute, for each occupation in each firm, the
probability that jobs in that occupation are posted in the firm’s headquarters location.'®
I then classify the most headquarters-intensive occupations as headquarters jobs, and the
least headquarters-intensive occupations as branch-level jobs.!! Second, using the same
data, I measure the within-firm spatial concentration of each occupation, capturing the
idea that non-rival output can be produced anywhere in the firm, whereas branch activity
must be performed near consumers. Third, using task-level data from O*NET and a large
language model (LLM), I compute the non-rival task content of each occupation as the
share of tasks classified as non-rival, in the sense that their output can be applied across
branches without diminishing value or effectiveness. 1 provide further details on these
measures in Section 4 after introducing the model’s notion of headquarters, and show

that all three measures of occupational headquarters intensity are highly correlated.

9See Barnatchez et al. (2017) for more details.

10To ensure this measure does not reflect compositional differences between sectors, locations, and
firms, I take the occupational fixed effect from a regression of headquarters probability on occupation,
firm, and location fixed effects.

HFor each firm, I classify headquarters jobs as the top 10% of employment-weighted occupations
by headquarters intensity, and the bottom 90% as branch-level jobs. I set the 10% cutoff because it
approximates the employment share of headquarters workers in my final calibration (discussed below),
though results are similar with alternative cutoffs.



An alternative way to measure headquarters activity is to use the industry classifica-
tions of establishments within a firm. This approach has two important drawbacks. First,
the connection to my theoretical notion — jobs whose output is non-rival across branches —
is less direct. Second, industry classifications are prone to substantial reporting error, par-
ticularly in services, where many firms assign the same industry code to all establishments.
The main advantage of this approach, however, is that it enables me to test some of the
model’s implications in the Census firm-level data, which lack occupational information.
In practice, I map headquarters activity to establishments classified as business services
(NAICS 51-55), and branch activity to establishments in the firm’s primary subsector,
defined as the NAICS subsector with the largest payroll share. These two classifications
together capture the majority of payroll for most firms.'>'® Given these limitations, in
the LBD exercises that require a definition of headquarters activity, I restrict attention

to firms that display a clear differentiation across establishment classifications.

I now turn to document key motivational facts on multi-location service firms in the
U.S. economy since the 1980s. I demonstrate the substantial expansion of these firms and

their key role in the increase of U.S. wage inequality.

2.2 The spatial expansion of service firms

First, I revisit key facts on the expansion of service firms in recent decades.'* Figure
1 depicts the increase in firms’ scope between 1980-2017, as measured by the number of
establishments per firm. Subplot (a) presents a simple unweighted average of this metric.
Evidently, the average firm operates today around 15% more establishments than in 1980.
Note, however, that when we are interested in aggregate labor market outcomes, the
employment-weighted expansion might be a more relevant metric, as later demonstrated
in the model. Accordingly, subplot (b) divides all firms into four employment-weighted
bins for each year, and computes the average number of establishments per firm in each
bin. This exercise reveals a much more substantial expansion pattern. The majority of

U.S. service workers are now employed by firms that are, on average, more than 100%

12This definition restricts attention to service firms whose primary activity is not business services
(i.e., firms with the majority of payroll in NAICS 42, 44, 48, 49, 61, 62, 71, 72, or 81). While the model
also applies to firms specializing in business services (e.g., telecommunications, banking), I cannot cleanly
distinguish headquarters from branch activity in such firms.

13 Another option is to identify headquarters activity using only NAICS 55, which is explicitly defined
as headquarters services. I find this problematic for several reasons. Many firms do not report any NAICS
55 activity despite clearly having a headquarters in other sources; conditional on reporting NAICS 55
activity, the payroll share is unusually high. This issue is especially pronounced in business services
sectors (e.g., finance, communications), further complicating the headquarters—branch distinction. In
addition, the definition is narrower than in my model, which refers to non-rival firm-level tasks that may
also be classified under other NAICS codes. That said, my results are robust to using this narrower
definition.

l4Related patterns have been documented also in Cao et al. (2017) and Hsieh and Rossi-Hansberg
(2023).



Figure 1: The increase in the number of establishments for service firms (1980-2017)
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Note: Subplot (a) shows the percentage change relative to 1980 in the (unweighted) average number of
establishments per firm in the U.S. Census BDS data for service sectors. Subplot (b) shows the same
metric when dividing the universe of firms in each year to four employment-weighted quartiles. Subplot
(c) shows changes in the average across these four quartiles for the number of establishments per firm
(solid red line) and employment per firm (dashed gray line).

larger than in 1980. Furthermore, about a quarter of workers are employed by firms that
are, on average, 500% larger than in 1980. Averaging across these four quartiles, the solid
red line of subplot (¢) demonstrates that the typical worker is now employed by firms
with around three times more establishments than in 1980. Finally, subplot (c) contrasts
the change in the average number of establishments per firm with changes in firm size,
as measured by total employment per firm (dashed gray line). Evidently, the increase in
firms’ scope accounts for most of the increase in the size of service firms over this period;
firms are now larger because they operate more establishments. More evidence for this
point is provided in Appendix E.1.

Some additional features of this trend are worth noting. First, it is widespread across
the different service sectors. Second, over half of the increase in establishments per firm
is due to expansion across local labor markets (across U.S. commuting zones), though
there is non-trivial expansion also within local markets. Third, unlike services, average
firm size and scope in the goods sector have both declined.'> Further details on all these
points are provided in Appendix E.

Finally, this trend is associated with a substantial reallocation of workers towards
multi-establishment service firms. This class of firms has accounted for 29% of the total
U.S. workforce in 1980. By 2017, this share increased to 48%. This reallocation reflects
both the general transition from goods to services (“structural transformation”) and the

reallocation from single-establishment to multi-establishment firms within services.

5Holmes and Stevens (2014) provide one potential explanation for this trend, based on the idea that
rising international trade has shifted the production of large-scale standardized goods to other countries.
In this paper I do not analyze the decline in the size and scope of manufacturing firms, and focus mostly
on the expansion of firms in services.

10



2.3 Multi-location service firms and wage inequality

I now show that the same class of firms also accounts for most of the increase in U.S.
wage inequality. To this end, I present a simple decomposition of the rise in the variance
of log wages across the universe of U.S. establishments. This increase in wage dispersion
across establishments has been shown to account for the vast majority of the increase
in wage inequality across U.S. workers (see e.g. Barth et al. (2016)), with minimal role
for changes in within-establishment variance. I also confirm these findings in Appendix
E.2.16

I investigate which firms drive the increase in the variance of log wages across estab-
lishments in the LBD, starting with a visual representation of the importance of multi-
establishment firms. Figure 2 shows the change in within-industry variance of log wages
across all establishments (solid black line), and separately for establishments in multi-
establishment firms (dashed red line) and single-establishment firms (dotted gray line).
The variance rises sharply for multi-establishment firms, while for single-establishment
firms there is only a mild increase in the 1980s and a decline thereafter. I focus on within-
industry inequality since this is the main moment of interest in the quantitative model,
but the same pattern holds without removing industry fixed effects, as shown in Appendix
E.2.

I formally quantify the contribution of multi-establishment firms to the rise in inequal-
ity using a variance decomposition of log wages. To this end, consider a partition of the
universe of establishments into GG distinct groups. The total change in variance equals to

the sum of several components:

Ac? =S40 (Aaﬁxt) + Z (Asgy) 0210
—_——

: . eG
Change in variance Variance within group ¢’ J

Emp. reallocation across groups

+ Z (Asg,t) (Agg,t) + Z 5¢,0 (Aaz,t) + Z ASg,lt (Uz,t - Uf) (1)

geG geG/g’ 9eG
. N J S -
Vv Vs Vv
Comovement of variance and emp. Variance within other groups Variance between groups
TV
Residual

where s, is the employment-share of group g in period ¢; ji4+ is the employment-weighted
mean of log-wages in group ¢, period t; Og,t is the employment-weighted variance in group
g, period t; p; is the aggregate mean; and 0 and 1 mark the initial and the final period.
In this equation, the first term captures the rise in variance for a particular group ¢’ € G,

e.g. establishments belonging to multi-establishment firms, multiplied by its initial share

16 As detailed below, it is important to distinguish between wage dispersion across firms and wage
dispersion across establishments. In particular, most of the increase in inequality within firms is also
across different establishments. Therefore, the fact that almost all of the increase in inequality is across
establishments does not contradict the sizable role that has been found for rising wage dispersion within
firms, e.g. in Song et al. (2019).
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Figure 2: The role of multi-establishment firms in the rise of wage inequality

2
—— All establishments
------ Single-establishment firms
—— Multi-establishment firms
S 157
1}
o
[0}
(e)]
PR
(&)
C
)
—
3
g 057
0147,
1980 1990 2000 2010 2020

Note: this figure shows changes in the employment-weighted variance of log average payroll across estab-
lishments in the Longitudinal Business Dataset (LBD) in selected years relative to 1980, after demeaning
industry fixed effects (4 digits NAICS code) from establishment log wages. The change in variance for
the universe of all establishments is given by the solid-black line. The dashed-red line shows this change
for establishments in multi-establishment firms, and the dotted-gray line for single-establishment firms.

of total employment. The second term captures reallocation of employment across groups,
keeping each group’s variance constant at its base level. The third term captures cross-
changes: it adds a positive value to total variance when a group with rising variance also
sees an increase in its employment share. Finally, I include all other terms in a residual,
comprising the rising variance within all other groups g € G/¢’ and rising variance between
groups.

Table 1 reports the decomposition of the rise in within-industry wage inequality in
the U.S. economy over 1980-2017. Column (1) isolates multi-establishment firms as the
group ¢', showing that over 80% of the overall increase is due to rising variance across
establishments belonging to this groups — consistent with the pattern in Figure 2. Column
(2) focuses on service-sector firms and shows that 70% of the increase is due to rising
variance within this group, with an additional 16% due to reallocation toward services.
Finally, Column (3) narrows the focus to multi-establishment service firms. In this case,
45% of the overall increase in inequality is due to rising inequality across establishments
that belong to this group, and 22% is due to the cross effect arising from the fact that this
group became both more unequal and a much larger part of the economy. The first term
is smaller relative to Column (1) since multi-unit service firms accounted for only 29%
of total employment in 1980. Still, even holding this share constant, the rising variance
in this group accounts for 45% of the overall change. Together with the reallocation of

employment to this group, it accounts for 67% of the total rise in inequality.
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Table 1 shows the results from this decomposition for the overall rise in within-industry
wage inequality in the U.S. economy over 1980-2017. Column (1) considers this decom-
position when singling out multi-establishment firms as the group ¢’. Consistent with the
pattern in Figure 2, Over 80% of the rise in overall (within-industry) wage inequality is
due to rising variance across establishments that belong to multi-establishment firms. I
now employ the same decomposition to highlight two additional points about the role of
multi-establishment firms in the rise of inequality. First, I show that most of the increase
in inequality is driven by firms in services-producing sectors. To see this, Column (2)
repeats the decomposition in 1 when singling out the group of service-sector firms. In
this case, 70% of the increase is accounted by rising variance for services firms, and 16%
due to reallocation to services. Second, I highlight the particular importance of multi-
establishment service firms. To see this, Column (3) repeats the decomposition in 1 when
narrowing down the focus group to only multi-establishment service firms. In this case,
45% of the overall increase in inequality is due to rising inequality across establishments
that belong to this group, and 22% is due to the cross effect arising from the fact that
this group became both more unequal and a much larger part of the economy. The first
term is smaller relative to Column (1) since as mentioned above, multi-unit service firms
accounted for only 29% of total employment in 1980. Still, even holding this share con-
stant, the rising variance in this group accounts for 45% of the overall change. Together
with the reallocation of employment to this group, it accounts for 67% of the total rise in
inequality.

The role of wage dispersion within firms. Having established the importance
of multi-establishment service firms, a natural question is whether their role stems from
rising dispersion across firms or across establishments within them. The answer is both.
To see this, I decompose the increase in variance for multi-unit service firms, Aogy_gepy s

into within- and between-firm components:

2 _ — _
A0\userve = AV [Inwy]  + AV nws —In wfl
— ~

Between-firms - 55%  Within-firms, between establishments - 45%

where wy; is the average wage in establishment j of firm f, and Inw; is the firm’s
employment-weighted average log wage. Differences across establishments within firms
explain about 45% of the overall increase Aoyyy oy -

Although the model below speaks to both components, establishing this fact is im-
portant for two reasons. First, it shows that single-unit firm models miss a key margin
of rising inequality, highlighting the need to model firms’ internal structure. Second, it
distinguishes this paper’s mechanism from other firm-based theories. For example, the
rise of domestic outsourcing should lead to higher wage dispersion across firms, but lower
wage dispersion within firms, as firms increasingly focus on their core activities. The

theory presented in this paper is well suited to address the simultaneous increase in both
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Table 1: Decomposition of the rise in wage inequality

(1) (2) 3)

Group of firms: Multi-unit Service Multi-unit
firms firms service
firms

Share out of the overall rise in variance of log wages:

Rising variance within the group of firms 83% 70% 45%
Changes in employment shares b/w groups (reallocation) -4% 6% 0%

Comovement of variance and employment shares 9% 10% 22%
Residual 12% 13% 33%
Total change across all firms in the economy 100% 100% 100%

Note: Data from the Census Bureau Longitudinal Business Database. Each column is a separate decom-
position of the total increase in within-industry wage inequality across all establishments between 1980
and 2017. The first row shows the share of total increase in variance due to rising variance in the group
of firms that is mentioned at the top of each column, matching the first RHS term in Equation (1). The
second row shows the share due to changes in employment between that group and the other firms in
the sample (employment reallocation), holding constant the change in variance in each group, matching
the second RHS term in Equation (1). The third row shows the share that is due to the cross-product
of rising variance and rising employment share, matching the third RHS term in Equation (1), and the
fourth row is a residual so that the sum for each column is 100%. See Section 2.3 for additional details.

margins.

To recap, I have shown that: (a) multi-establishment service firms have experienced
substantial spatial expansion between 1980-2017; (b) they account for most of the increase
in wage dispersion in the economy over this period; (c) a big part of their role in due to
rising dispersion across different establishments within these firms. Taken together, these
evidence provide the motivation to model multi-location firms and their expansion in the

analysis of growing inequality.!”

3 Model

In this section I develop a model to formalize the distributional consequences of firm
expansion in the presence of within-firm non-rivalries. I start by setting up the firm’s
problem in partial equilibrium to highlight the novel components of the model. I then
add the households side of the economy — which takes a standard form — and complete

setting up the spatial general equilibrium.

ITNote that in contrast to other decompositions in the literature on wage inequality, the goal of the
above decomposition is not to separate between workers’ characteristics and residual inequality. In fact,
the model below will accommodate both. Rather, it is to demonstrate which class of firms accounts for
most of the increase in wage dispersion in the economy, and to motivate my focus on the expansion of
multi-location firms and on their internal structure.
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3.1 General setting

The economy consists of N heterogenous regions (e.g., commuting-zones), indexed by
1 and j. Each region consists of a unit-mass of identical locations. There are two sectors:
services and tradable-goods. In the services sector, households consume a continuum
of varieties in a setting of monopolistic competition. These varieties are partially non-
tradable in the sense that part of the value added is generated near the consumer, by
hiring workers in local branches; while another part is tradable and generated by hiring

workers at a potentially distant headquarters.

3.2 The problem a service firm

Firms in the service sector differ by their headquarters location ¢ and baseline pro-
ductivity z. I use subscripts to denote locations, and refer to the firm’s productivity in
parentheses. I use t;; (2) to denote the value of any variable ¢ for a i-headquartered firm
with productivity z in its region j branches, and t; (z) to denote variables at the level of
the firm.

Demand. Each firm (4, z) faces a downward-sloping isoelastic demand curve in each

location with demand elasticity o, implying that the firm’s sales in region j are given by

o—1

rij (2) =T (qi (2)) =, (2)

where T; captures a regional demand shifter, r;; () is the firm’s sales in each of region
j’s locations, and ¢;; (2) is the quantity supplied by the firm.
Production. A firm (i, z) can supply ¢;; () units of its output in region j using the

production function
n—1 n—1

_n_

Az (vha(2)7 +65(2)" )T (3)
where z is the productivity of the firm across all its markets; A; is a productivity term
common to all firms with headquarters in location 7; v is a parameter capturing the
relative productivity of headquarters-level workers; and 7 is the elasticity of substitution
between the headquarters-level and branch-level workers. Importantly, the firm faces this
production function in each location j, and the bundle of headquarters workers h;(z) is
common and non-rival across locations.

For example, consider the case of Starbucks branches in San Francisco. In this case, z
captures the productivity of Starbucks across all its locations; j stands for San Francisco; ¢
stands for Seattle, the headquarters location of Starbucks; A; captures the productivity of
all Seattle-based firms; ¢;;(2) stands for Starbucks workers in its San Francisco branches;
and h;(z) stands for Starbucks headquarters workers in Seattle, such as Starbucks design-
ers, food-scientists, and programers.

Labor supply. In each location, the firm faces a convex labor supply curve, such
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that in order to employ /¢;; (#) units of branch-level labor in a region j location, it must

pay a wage given by

o=

we5 (2) = Wiy (65(2)) <, (4)

where W); is a labor-supply shifter for branch-level workers in market j; € is the firm-level
labor supply elasticity; and ¢;;(z) is the amount of labor employed by the firm. When
€ — 00, the firm’s payroll in market j is linear in the number of workers (W;;¢;;(2)), in
which case W; captures the competitive wage level in market j for branch-level (¢)workers.
More generally, Wy, is a local wage index capturing the degree of labor-market competition
in market j.

The firm also faces a similar labor supply curve of headquarters-level workers in market
i. To hire h;(z) of headquarters-level workers, it pays a wage wy,; (2) = Wh; (hi(z))%, where
Wi is the labor-supply shifter for headquarters-level workers in market 7.

Below, I micro-found the case of a finite € using a monopsonistic labor market environ-
ment in which workers have idiosyncratic preferences for firms, as in Card et al. (2018).
However, other micro-foundations for such convex labor supply curves, such as screening
of higher ability workers as in Helpman et al. (2010), efficiency wages as in Davis and
Harrigan (2011), or fair wages as in Amiti and Davis (2012) would also be compatible
with the main results.

Market penetration. I allow firms to decide on the degree of market penetration in
each region j, in the spirit of Arkolakis (2010) and Oberfield et al. (2024). Specifically,
firms choose to serve a random subset z;;(z) € [0,1] of the identical locations in each
region j. Firms do not serve all locations since expansion is costly, with the cost of
expansion given by a generic function C' <{:1:U (z)};\;), which depends on the vector of
the firm’s market penetration decisions in all regions. The firm’s total sales in region j is
thus given by z;;(2)r;;(2), and its wage bill in region j is given by x;;(2)wy,;;(2)¢;;(2).

A special case of this formulation that follows much of the literature on trade with
heterogenous firms is when firms pay a fixed cost to enter each region. In this case, C(+)
is the sum of these fixed costs, and firms either fully serve a region or do not serve it
at all (z;;(2) € {0,1}). More generally, I allow z;;(z) to vary continuously between 0
and 1. This formulation has a few advantages. First, it features spatial expansion both
across and within regions — an important feature of the data — while still preserving cross-
region heterogeneity. This allows me to later fit the model to changes in the number
of establishments per firm. Second, it allows me to consider marginal changes in firms’
geographical scope, which is useful when characterizing the link to wage inequality. Third,
it aids with the quantitative computation of the model, since under suitable functional
form for C(-), it is possible to employ an iterative algorithm to compute {z;;(z)}.

For tractability, I assume that C(-) is paid with freely tradable goods, such that the

cost function faced by a firm is independent from its headquarters location. This allows
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me to avoid introducing another source of spatial heterogeneity, although pricing it in
terms of the local price index is a straightforward extension. In addition, note that if C(+)
includes fixed costs and/or negative externalities across regions (e.g. a span of control in
the total number of branches, as I allow in the quantitative section), then firms might
choose z;;(z) = 0 for some regions. Finally, as I elaborate in Section 5 below, I include
spatial frictions to firm expansion in this cost function, to match the gravity pattern of
headquarters-branch linkages in the data.

The firm’s problem. Combining the above elements, the firm’s problem becomes

o—1

n-1 =1\ e\ 7
max T Aﬂ( hi(z) 7 + 4 (z) 7 >" )
o Z] ) (s (o ()7 4 8y 4

Sal in regi j
ales in region j (5)

- Z 7y () Wiyl () = Waah (2)°% = € (g (D))

- Vv
Headquarters labor and expansion costs

Labor costs in region j

Firms maximize the sum of sales across all regions, net of labor costs at all branches,
labor costs at their headquarters, and the cost of expansion. They choose the mass of
branch-level workers ¢;;(z), headquarters workers h;(z), and market penetration z;;(z),
internalizing that they face a downward sloping demand curve (captured by o) and an
upward sloping labor supply curve (captured by €) in each location. They take as given
labor supply shifters W;, W, and demand shifters T; in all locations — all of which are
determined in equilibrium — as well as the exogenous productivity shifter A; and the cost
function C(-).

3.3 Households and other model components

I now layout the households block and the rest of the model’s components, which are
rather standard in the literature. In doing so, I also provide one particular set of micro-
foundations for the labor supply shifters W;, W, and the demand shifters Y; from the
firm’s problem.

Households. There are S types of workers who differ in skill and are indexed by s,
with an aggregate supply of L, workers of type s. For now I set S = 2 and assume that
headquarters workers correspond to high-skilled workers, and that branch-level workers
correspond to low-skilled workers. In the quantification of the model below, I generalize
this and allow for more skill-groups and for mixes across skill groups in both branch and
headquarters production.

All households consume a bundle of services, ), and a bundle of tradable-goods,

G. 1 add the tradable-goods sector to allow for regional specialization in headquarters
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services.'® Households also choose their region 7 € {1,..., N} and employer v € V;, where
V; is the set of employers in region 7, i.e., the set of headquarters and branches of locally-
active firms. The bundle of services () is a constant elasticity of substitution aggregator
across locally provided varieties, i.e., across the set of firms that open branches in region
1, taking into account each firm’s market penetration in region ¢. Each household of type
s solves the following problem, where to avoid overburdening the notation, I omit indexes

for specific households:

g _
o—1

B -8 _ =
o WO Qu [T a6
A household of type s chooses a region i, employer v, quantity of tradable goods Gy,
and a quantity of services )y, to maximize its idiosyncratic preference shock for region
¢ and employer v, b, and a Cobb-Douglas aggregator of goods and services with an
expenditure share § € (0,1) on services. In turn, Q;, aggregates across locally-provided
varieties w € €2; with an elasticity of substitution o, where €; is the set of varieties
provided in region 7.'?

Regional price indices and demand shifters. I denote the price index for local
services by P;, and the price index that aggregates goods and services by P,. The servi(lzes
P (w)° dw) =

I choose the price of goods as the numeraire, such that P; = Pf . In the quantification

price index is the standard ideal CES price index, given by P; = ( fw ca,
of the model in Section 5 I add local housing, which also enters into the formula for the
regional final price index P;. The demand shifters that firms face in each market from
Equation 2 are then given by T; = E]% P;Til, where FE; is regional expenditure on services
(a share [ of total regional income).

Labor supply. Households draw the set of idiosyncratic shocks b;, from a nested
Fréchet distribution, which guides their sorting decisions across space and across em-
ployers.?’ The upper nest reflects preferences across locations with dispersion given by
&, capturing a regional labor supply elasticity. The lower nest reflects preferences across

employers with dispersion given by €, capturing an employer-level labor supply elasticity.?!

18Such specialization is not possible under balanced trade without an additional sector due to the
assumption that the output of branches is not-tradable.

YNote that €; is the mass of varieties faced by each household, taking into account the market
penetration decisions of firms. Since each region is a unit-mass of identical locations, each household
in region ¢ has a probability z,;(z) to access varieties of an o-based firm with productivity z that
chooses market penetration z,;(z) in region i. The quantity index in region ¢ can thus also be writ-

ten as Q; = [22;1 [, i (2) (qni (Z))”T_1 G, (z)} "' where G, (2) is the measure of z-type firms that
are headquartered in market n.
€
20Specifically, I assume that F (b) = exp (— PR (fuevi bi_lfdz/) ) )

21 An employer in the model is a combination of a firm (i.e. a variety w) and a local market. For
example, agents draw different shocks b;,, for a Starbucks branch in New-York and a Starbucks branch in
Seattle. In addition, I assume that headquarters jobs and branch-level jobs for the same firm are distinct
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Consequently, the probability that a household of type s chooses region i is increasing

in the effective regional real income for type s, and given by

Lis o (WSZ/R)S
Zj'vzl Ljs Ejvzl (WSJ'/PJ)E,

(7)

where Wy; is the ideal wage index for workers of type s in region i:

W, = (Lisl / L, e () du) " 8)

This wage index reflects both the level of wages and the variety of jobs in that region.
When the employer-specific labor supply elasticity is infinite (¢ — 00), all local employers
pay a common wage for type-s workers, equal to the index W,;. Otherwise, firms need
to pay higher wages to attract more workers, giving rise to upward-sloping firm-specific
labor supply curves as given in Equation 4.

Entry. Firms can enter freely in each market by paying f. units of the tradable good.
The entry location determines the headquarters location of a firm. I choose to price entry
at the common numeraire (i.e. in units of tradable-goods) to avoid heterogeneity in entry
costs across space, though allowing for this margin of heterogeneity (e.g. by using regional
price indices) is straightforward.

Production of tradable goods. For simplicity, I assume that tradable-goods are
freely traded and produced using constant returns to scale technology. Firms produce
using a Cobb-Douglas production function that combines high and low skilled labor, with
constant expenditure shares o and 1 — «, respectively. Similar to the services sector, firms

can enter freely after paying f. units of the local final good.??

This completes the set-up of the model. I now turn to characterize the link between

firms’ geographical scope and the wage structure in the economy.

3.4 Firm spatial expansion and skill-biased technical change

The first takeaway from the model is a new micro-foundation for skill-biased technical-
change (SBTC). Specifically, I show that changes in firms’ scope are isomorphic to tech-
nical change that augments the productivity of headquarters workers relative to branch

workers. To see this, I study the share of labor costs accrued to headquarters workers in

jobs: working for the Starbucks HQ in Seattle is not the same as working for one of its branches there.
Therefore, firms face multiple labor supply curves: one for each market in which they have a branch, and
another one for their headquarters.

22Note that since firms in this sector operate in the same labor markets as service firms, they also
face the same firm-specific upward-sloping labor supply curves and earn rents due to labor market power.
The free entry condition ensures that net profits are zero in equilibrium.
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service firms. Recall that this cost-share pins down skill intensity in the services sector,
while in the tradable-goods sector skill intensity is exogenous by construction. I denote

this cost-share by I';(z), and characterize it in the following proposition:
Proposition 1. Geographical scope as a micro-foundation for skill-biased technical change.

(a) The share of costs accrued to headquarters workers in firm (i, z) is given by

1-7
(i)
> =1 % (2)
Li(z) = —— 5 L

3 ~ ]__777 ,r_] €
Woi (2)177 4 A7 <—ZNWM (z))

n— e+1 (T/ - 1)
j=1Tij

1
where Wy; (2) = (Zjvzl Qi (2) WZ_1> " is a weighted power-mean of the labor
supply shifters Wy; across all of the firm’s markets. The loadings Q;; (2) capture the
share of region 7 in the firm’s total branch-level payroll, as well as its dependency

on the headquarters input relative to the firm’s average.

(b) Consider the case that € — oo, all locations are symmetric, the aggregate endow-
ments of headquarters labor and branch-level labor are given by H and L, respec-
twely, and B = 1. Then, Wi, = Wy, and Wy = Wy; are the economy-wide prices of

headquarters and branch-level labor, and their ratio is given by

Wi, o (H ~
_— = T n —_
Y T )

where T is a weighted power-mean of firms’ geographical scope in the economy, with

the weight of each firm determined by its total branch-level employment.

Proof: see Appendix B.

The first part of Proposition 1 characterizes the cost-share of headquarters workers at
the firm level in terms of four key objects. Similar to the SBTC literature, this cost-share
depends on: (1) relative factor prices, as captured by the ideal wage index for headquarters
workers in the firm’s headquarters region (W};), and a power-mean of the ideal wage
indices for branch-level workers across all markets, (Wy;); (2) an exogenous technological
shifter, as captured by the productivity of headquarters labor v; and (3) the elasticity
of substitution between factors, which in this case depends on the raw elasticity between
headquarters and branch-level workers in the production function, 7, and on the labor
supply elasticity e (since the latter affects the firm’s ability to substitute across workers in
different locations). Departing from the SBTC literature, the firm’s geographical scope —
captured by the sum of the firm’s market penetration terms Z;VZI x;; (2) — also enters this

expression, in the same way as a reduction in the cost of headquarters labor. Therefore,
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an increase in firm scope acts as a factor-biased technical change for the factors that are
used intensively in the production of the firm’s non-rival component.

To see most clearly the implications for aggregate inequality across skill-groups, the
second part of Proposition 1 considers a special case of the model with symmetric space,
competitive labor markets (¢ — 00), and exogenous aggregate factor endowments of head-
quarters and branch workers (H and L). In this case, the economy-wide wage differential
between headquarters and branch workers is decreasing with the relative factor endow-
ment of headquarters workers (H /L) and increasing with their relative productivity 7,
as is standard in the literature. In addition, when n > 1, it also increases with the
employment-weighted average of firms’ geographical scope in the economy, captured by
Z. Note that in the simple case of symmetric space, market penetration is common across
locations z;;(z) = x(z), the firm’s geographical scope is given by z(z)N, and z is the
employment-weighted geographical scope in the economy.

Intuitively, the non-rivalry assumption implies that the marginal product of headquar-
ters workers scales with the number of locations in which their output can be applied,
whereas the marginal product of branch workers does not. The above result does not take
a stance on what drives changes in firms’ geographical scope (Z in the second part of the
proposition). Rather, it highlights that conditional on factor endowments and relative
productivity 7, shocks that change firms’ geographical scope (such as a reduction in the
cost of expansion C') would act as a technological change that augments the productivity

of headquarters workers.

3.5 Firm spatial expansion and firm-specific wages

The above result highlights the role of firms’ spatial scope for inequality across skill-
groups, and holds also for the version of the model with ¢ — co. In practice, residual
wage inequality is pervasive, and accounts for most of the increase in wage dispersion over
time. The model allows for such residual inequality when € is finite. In this case, different
firms and establishments pay different wages, conditional on skill group and location. The

following Proposition characterizes firm-specific wages in the model:

Proposition 2. The wages that firm (i, z) pays to its headquarters workers and branch-

level workers can be expressed as

€ 1
Inwy;;: (2 = consty + InW,, + Inr;: (2)+ In(1—-T% (=
e W g ()¢ (1T (2)
Wi to local lab g N~ N~
ages to focat tasor Local labor market Local sales Local labor intensity
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Wages to headquarters labor

Total firm sales H@ imtensity
Proof: see Appendix B.

When € — oo, all firms pay the same market-level wages, given by the wage indices Wy ;
and W, ;. Otherwise, branch level wages increase with local output (as captured by local
sales 7;;(%)) and decrease with the intensity of local output in the non-rival headquarters
production, which I label T';;(2).?* In contrast to branch-level wages, headquarters wages
rise with the firm’s total sales across all markets, as well as with the firm-level cost-share
of headquarters from Proposition 1, [';(z).

These expressions help to build-up intuition for the effects of spatial expansion on
firm-specific wages and within-firm inequality. For a given set of regional wage-indices,
spatial expansion at the firm level pushes up wage dispersion between its headquarters
and branches, by raising the ratio of total sales to local sales. This is true in particular
when 7 = 1, in which case I';j(z) = I'/(z) = 75 is constant and does not vary with
firm scope. If in addition 1 > 1, spatial expansion also reallocates production from the
branches to the headquarters (a rise in I';;(z) and I';(2), as in Proposition 1), adding
another force that pushes up within-firm wage dispersion.?*

More formally, the following proposition describes how firm-level wages respond when

expansion is driven by a small reduction in the cost of expansion C.

Proposition 3. Consider a firm that experiences a small decline in its cost-of expansion

dC(-) that results in non-negative expansion in all markets (dx;;(z) > 0). Consequently:
(a) The firm always raises headquarters wages (wp,;(z)).
(b) The firm raises branch-level wages (we;;(z)) only if o > n.

(¢) The ratio of headquarters wages to branch-level wages (wy;(2)/wyeii(2)) rises, irre-

spective of the values for o and 7.

Proof: see Appendix B.
According to Proposition 3, an increase in the geographical scope of a firm due to
lower cost of expansion leads to higher headquarters wages and higher dispersion between

headquarters and branches. Interestingly, the effect on branch-level wages is ambiguous,

23,5 (2) is the local equivalent of the firm-level cost-share of headquarters from Proposition 1. It is
defined as the share of local branch sales that is used to pay headquarters workers, or one minus the ratio
of local wage bill to local sales. See Appendix B for more details.

240n top of these effects, an increase in firms’ geographical scope raises wage-dispersion across branches
due to a mechanical effect, as the firm becomes active in more markets with different regional wage indices.
This same mechanical effect pushes down inequality between firms.
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as can be seen also in the two opposing terms in the expression for wy;;(2) in Proposition
2. On the one hand, spatial expansion generates a positive productivity effect across all
branches, following an increase in the firm’s non-rival inputs. This is captured by an
increase in local sales in Proposition 2. On the other hand, it generates an increase in
headquarters intensity when n > 1, which lowers demand and wages for local branch
workers. On net, branch-level wages go up if o > 7.

It is worth benchmarking these results relative to the literature on firms in monopson-
istic labor markets, as in Card et al. (2018) and Berger et al. (2022). The typical outcome
from such models is that larger firms pay higher wages. In the current framework, this
is still true on average, though it is also associated with larger within-firm dispersion.
Moreover, despite the existence of upward-sloping labor supply curves, firm growth does
not necessarily lead to higher wages for branch workers, as demonstrated in Proposition
3. Consequently, while there is a clear positive firm size gradient for headquarters wages,
it can be very flat (or even negative if o < ) for branch wages. In addition, it highlights
that firm-level shocks pass-through more to headquarters wages than to branch wages, in
line with evidence on differential pass-through in Kline et al. (2019).

A similar result to Proposition 3 also applies following a small increase in the firm-level
productivity z. Therefore, it is also a characterization of wage dispersion between firms
with different productivities in the cross-section. Conditional on local wage indices, higher
productivity firms pay higher wages on average, but not necessarily in their branches; and
they are characterized by higher within-firm dispersion.

The above propositions also highlight the special role of space for wage inequality
across firms and establishments. First, unsurprisingly, part of overall wage dispersion is
due to differences in regional wage indices (Wy; and W), in Proposition 2). Second, firm
wages in each market j are also a function of the firm’s headquarters location i.?° This is
reflected in the dependency of regional sales and local labor intensity (7;;(z) and I';;(2) in
Proposition 2) on the firm’s headquarters location 4, on top of the firm’s productivity z and
the local market j. Therefore, wages are characterized by a headquarters market effect,
in line with evidence on wage setting in affiliates of multinational firms, as in Setzler and
Tintelnot (2021).2° An implication of this headquarters market effect is that changes in
the spatial distribution of economic activity can affect not only inequality across regions,
but also inequality within any region: two branches can pay increasingly different wages
from each-other even if they are in the same market j and have the same firm productivity

z, if their headquarters market ¢ is not the same.

25The dependency on the headquarters location 4 is mediated through choices of the firm’s non-rival
component h, which are affected by headquarters-market characteristics such as the productivity A; and
the cost of headquarters labor Wj,;.

26Through the lens of simple wage decompositions as in Section 2, I find that this effect is quantitatively
meaningful. Firms’ headquarters locations account for between 30%-50% of the between-firm component
of overall wage inequality for multi-region firms.
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3.6

Firm spatial expansion and spatial disparities

The model also yields predictions for the connection between firm scope and spatial

disparities in skill intensity, yielding a new mechanism for what Moretti (2012) described

as “the great divergence”.

Proposition 4. Spatial disparities in skill-intensity.

(a)

(b)

(d)

The share of skilled-labor in aggregate income is given by
(1 — B) o+ BF,

where we define A= ﬁefl%l, and T is the sales-weighted average of the headquarters

intensity U';(z) from Proposition 1 across all firms and regions in the economy.

The share of skilled-labor in region i’s income is given by

. _ R
(1-B)a+p [(1 — @) 2 Touts + aling |
where R; is total (national) sales by locally-headquartered firms in region i; E; is
total expenditure on services in region i; and I'oy; and I'y,; are the sales-weighted
averages of the headquarters intensity for locally-headquartered firms and for locally-

active branches, respectively.

Whenn =1, then T = Tour = Lini = ﬁ In this case, a sufficient statistic for
region ¢’s high-skilled income share is its specialization in providing headquarters
services, as summarized by the ratio of total sales by locally-headquartered firms,

R;, to local expenditure on services, F;.

In the limit economy with no multi-location firms (C(-) — oo when z;;(z) > 0 for
i # j), the share of region i’s income accrued to high-skilled labor is summarized the
sales-weighted average of the headquarters intensity of its firms, I'i = Uoyri = Dini-

If in addition n = 1, there are no spatial differences in high-skilled income shares.

Proof: see Appendix B.

Proposition 4 starts with characterizing aggregate skill intensity in the economy, as a

benchmark for regional skill intensity. The aggregate income-share of skilled labor is a

weighted average of the (exogenous) skill intensity in the tradable-goods sector, «, and

the average intensity of the non-rival component of firms in services, I. The weight

3 reflects the importance of services in the economy. In turn, regional skill intensity

depends in addition on two region-specific objects. The first object, captured by R;/E;, is

regional specialization in headquarters services (as opposed to specialization in production

of tradable goods). When the non-rival component of services is more skill-intensive than
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production of tradables, greater specialization in headquarters services leads to higher
relative demand for skill. Note that in the above baseline model this is always the case,
since I assumed that only skilled labor is used in headquarters production, though in the
quantification below I relax this. When n = 1, this measure of specialization is also a
sufficient statistic for regional skill intensity (part (c) of Proposition 4). The scope for
such specialization is tightly linked to firms’ geographical scope. For example, when cross-
region firm activity is prohibited (part (d) of Proposition 4), all headquarters services are
supplied locally, and there is no room for regions to specialize in this activity: R; = E;
for all ¢, and there is no spatial variation in R;/FE;.

The second endogenous object that shapes regional skill intensity is the share of non-
rival factors in the cost structure of local firms (I'y,:; and I';,;). This object itself is a
function of firms’ spatial scope, as summarized in Proposition 1. Therefore, through these
two channels, an increase in firms’ spatial scope can lead to greater spatial disparities in the
economy. An illustrative case is the limit economy with no multi-region firms (C(-) — oo
when z;;(2) > 0 for i # j) and n — 1. In this case, there are no spatial disparities
in high-skilled income shares, demonstrating the importance of firms’ scope for spatial

disparities in an extreme case.

4 Empirical evidence for the main mechanisms

[ now turn to provide reduced-form evidence for the key assumptions and implications

of the above model.

4.1 Within-firm non-rivalries

A key assumption in the model is that the output of headquarters workers is non-rival
across the firm’s locations. A central challenge is that non-rivalry is not directly observ-
able: we cannot directly measure whether the use of an idea by one establishment reduces
the effectiveness of this idea elsewhere. However, we can empirically test implications of

this assumption, which I do in the following sections.

4.1.1 Qualitative evidence for headquarters non-rivalries from task-level data

First, I examine whether the tasks that headquarters workers perform in practice
are consistent with the theoretical concept of non-rivalry. To this end, I first compute a
measure of the non-rivalry of tasks across occupations, and then relate it to the propensity
of each occupation to be employed in firms’ headquarters. Using task-level data from

O*NET and a large language model (LLM), I classify each of the 19,530 O*NET tasks as
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either non-rival, rival, or ambiguous.?” For example, the task “Develop pricing strategies,
balancing firm objectives and customer satisfaction” is classified as non-rival, while the
task “Answer telephone calls to assist computer users encountering problems” is classified
as rival. Subsequently, for each occupation, I construct a measure of output non-rivalry
based on the proportion of tasks classified as non-rival out of the total number of non-

ambiguous tasks.

Figure 3: The non-rival nature of headquarters jobs

(a) Task non-rivalry and headquarters intensity (b) Spatial concentration and headquarters intensity
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Note: Panel (a) plots a measure of occupational headquarters propensity (y-axis) against the non-rival
content of each occupation’s tasks (x-axis). Headquarters propensity is constructed from job-postings data
(Lightcast) and headquarters location data (from Dun & Bradstreet), and is defined as the occupational
fixed effect after controlling for firm and location in each posting (see Section 2.1). The non-rival index is
measured as the share of an occupation’s tasks in O*NET that a large language model classifies as non-
rival (see Section 4.1). Circle size reflects the total number of jobs in each occupation. Panel (b) relates
the same headquarters propensity measure to the geographic concentration of occupations within firms.
The x-axis reports the average across firms of the log within-firm normalized Herfindahl-Hirschman index
(HHI) for the distribution of jobs across firms’ locations.

The results reveal a strong relationship between the non-rival content of tasks and
the propensity of occupations to be performed at firms’ headquarters, as can be seen
in panel (a) of Figure 3. The plot shows occupational headquarters propensity on the
y-axis (see Section 2.1 for more details) against the above measure of task non-rivalry
on the x-axis, across all Lightcast 4-digit occupation groups. Occupation groups such as
Product Design, Business Analysis, and Software Development are classified as having
highly non-rival output and are frequently performed at firms’ headquarters. In contrast,
occupations like Financial Sales, Food and Beverage Preparation, and Healthcare Therapy

tend to produce rival output and are rarely performed at headquarters.?®

27See Appendix E.3 for the complete prompt used with the LLM. Specifically, non-rivalry is defined
as: “Non-rivalry occurs when a task output can be used simultaneously across multiple firm locations
without diminishing its value, availability, or functionality at any single location.”

28Naturally, both measures are closely tied to the skill intensity of occupations, which is desirable
since my aim is to provide a micro-foundation for skill-biased technical change. Importantly, however,
the link between non-rivalry and headquarters activity remains strong even after controlling for standard
measures of skill, such as college intensity by occupation. For example, physicians are highly skilled, yet
they are classified as having low headquarters intensity and a low non-rivalry index.
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Another implication of non-rivalry is tradability: while rival tasks often need to be
performed near consumers — especially in the case of the non-tradable services I focus
on — firms can, in principle, produce the non-rival components of output anywhere.
This suggests that spatial concentration within firms offers an alternative proxy for non-
rivalry. I examine this in Panel (b) of Figure 3, which plots the headquarters propensity of
each occupation against a measure of its within-firm spatial concentration. Specifically, I
compute the Herfindahl-Hirschman Index (HHI) for the distribution of job postings across
locations within each firm and occupation, then average across firms. The x-axis shows
the (demeaned) log of this measure. Evidently, occupations more likely to be performed

at headquarters are also more spatially concentrated within firms.

4.1.2 Testing non-rivalry through the compensation of headquarters workers

A second piece of evidence for headquarters non-rivalry concerns the compensation of
headquarters workers. The non-rivalry assumption implies that the marginal product of
headquarters workers scales with the number of firm locations, other things equal. To
the extent that a worker’s salary is related to their marginal product, a natural test is
whether a change in the number of firm locations leads to an increase in the compensation
to headquarters workers relative to branch-level workers in that firm.?

This test aligns with the model’s predictions as demonstrated in Proposition 3. In
that proposition, the firm’s expansion is induced by a decrease in the cost of expansion
(C). Similar results are obtained when expansion is induced by an increase in firm-level
productivity (z) and an increase in demand (). All of these shocks are factor-neutral
conditional on the number of locations, but raise the marginal product of headquarters
workers (relative to branch workers) when the firm can adjust its number of locations.
As T discuss later, a potential threat to this test is when firm growth is driven by a firm-
specific non-neutral productivity shock. In the model, this can be clearly seen in the wage
formulas from Proposition 2, in which a firm-specific change in I';(z) can shift relative
wages without a change in the number of locations. I address this concern in the empirical
analysis below.

To study changes in relative headquarters wages within firms, I use data on salaries
from firms’ job postings in the Lightcast database. Although posted wages do not perfectly
capture actual compensation, they offer two advantages for my analysis. First, they
provide firm-level measures of compensation by occupation that are not available in U.S.
administrative data. Second, they reflect changes in firms’ labor demand, abstracting

from concerns about wage stickiness for incumbent workers and hiring success.

29Note that while the model has clear predictions for the response of relative headquarters wages
to firm size, it does not have clear predictions for relative headquarters quantities. For example, if
n = 1, the headquarters payroll share is constant, implying that as firms expand, relative headquarters
wages rise, while relative headquarters employment falls. However, if 7 is particularly high, then relative
headquarters employment can rise with firm size.
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To measure the headquarters premium in the data—the analogue of wy, ;(2)/w;(z) in
the model, where wy;(z) denotes the average of wy;;(z) across j—I use my occupational
headquarters-intensity measure (see Section 2.1), computing the ratio of salaries in head-
quarters jobs relative to branch-level jobs. I then examine how this ratio changes when
firms expand. I proxy growth in the number of firm branches with the total number of
firm job postings, or with the number of counties in which the firm posts job openings.

The baseline relationship between firm size and the headquarters premium appears
in the left panel of Figure 4. This panel presents a binscatter of the log headquarters
premium (y-axis) against the log number of job postings across all occupations (x-axis).
The plot reveals a clear positive relationship: larger firms tend to pay higher headquar-
ters wages relative to branch-level wages. While consistent with the model’s predictions,
this finding raises several concerns. First, firms may differ systematically in their factor
composition beyond what is captured by size. Second, firm growth could be driven by
non-neutral technical change. To address these issues, the right panel introduces a set of
controls: firm and year fixed effects to absorb baseline firm heterogeneity, and sector x year
fixed effects to capture trends in sectoral technical change. The adjusted plot continues to
display a strong positive relationship between firm size and the relative compensation of
headquarters jobs. As firms expand, they raise posted salaries for headquarters occupa-
tions relative to branch-level occupations within the same firm. Quantitatively, according
to these plots, doubling firm size is associated with an increase of relative headquarters

wages of approximately 1%.

Figure 4: As firms expand, relative headquarters wages rise

(a) Cross-sectional relationship (b) Controlling for firm effects and sectoral trends
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Note: the left panel shows a binscatter plot of the (log) relative headquarters wages (y-axis) against the
log number of job postings (x-axis) across firms. Relative headquarters wages are computed as the average
posted salary for the top 10% of the most headquarters-intensive job-postings in the firm, divided by the
average posted salary for the remaining 90% of postings. The right panel shows the same relationship
after controlling for firm, year, and sector x year fixed effects. See Section 4.1 for additional details on the
construction of all variables.
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I now turn to investigate this relationship using an instrumental variable (IV) approach
to address two additional concerns. First, as discussed above, non-neutral productivity
growth might be firm-specific, and not accounted for by the sector x year fixed effects. This
can bias the above result in either direction, depending on the direction of firm-specific
technical change. Second, a standard attenuation bias is very natural in this setting, given
the imperfect mapping between firms’ scope (number of branches) and its number of job
postings or number of counties with job postings.

To this end, I instrument changes in firm size using exposure to regional economic
growth. The intuition is simple: consider two otherwise identical coffee shop chains, one
concentrated in Austin, Texas (e.g., Summer Moon Coffee), and the other in Indianapolis,
Indiana (e.g., Indie Coffee Roasters). The former is likely to benefit from Austin’s boom-
ing economy, while the latter faces a more stagnant environment. Comparing differences
in firm growth between such firms isolates expansion driven by factor-neutral demand
shifts (i.e., a change in T; in the model). In practice, I employ a “shift-share” design,
such that for a firm f in year ¢, the IV is defined as

N

L pe—1 GDP;
1V, = o x 1 9
i ZZ:; Ni g1 " GDP, ;4 (9)

where I[; s, is an indicator for whether firm f had job postings in region 7 in year t—1, and

GDPy
GDP; ;1

captures regional GDP growth between ¢t — 1 and t, obtained from the BEA’s regional

N t+—1 is the number of regions in which f had postings in ¢ —1. The shifter ln(

economic accounts. The identifying assumption is that, conditional on sectoral trends,
firm-specific non-neutral technical change is orthogonal to regional GDP growth.?® As
an alternative, I construct an instrument that fixes firm weights at their initial year of
appearance in the data rather than updating them each period. This version has lower
statistical power, since it does not track time-varying exposure to regional demand shocks,
but it avoids introducing identifying variation from changes in a firm’s market weights
over time.3!

Results from this analysis are reported in Table 2. Column (1) revisits the OLS
relationship from the right panel of Figure 4. It shows the coefficient from regressing log
relative headquarters wages on log firm size, controlling for firm, year, and sector-by-year
fixed effects. Panel A shows result when measuring firm size as the log number of job
postings, while Panel B shows results when measuring firm size as the log number of
counties. In both cases, the coefficient is positive and statistically significant. Column

(2) presents the baseline 2SLS estimate. The coefficient remains positive and statistically

30Using regional population growth instead of GDP growth yields qualitatively similar results,
though—unsurprisingly—the instrument is weaker in terms of statistical power.

8 More specifically, IV}, = Y ]Erf,tfo((ff)) x In Gggf;t(f), where to (f) is the first year in which firm f

appears in the data.
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significant, with first-stage F-statistics above conventional thresholds. The point estimates
are larger than the corresponding OLS estimates, suggesting either strong attenuation bias
in OLS or that firm-specific growth is biased towards branch workers. Despite different
point estimates across both panels (0.14 when measuring size with # of postings, and 0.33
when measuring it with # of counties), there is substantial overlap in their confidence
intervals, with the range [0.04,0.24] covered by both ClIs. Column (4) considers the same
regression with the alternative IV that uses weights from the initial year in which each
firm appears in the data. The point estimates remain similar to my baseline IV, although
the standard errors are larger and the first-stage F-stats are lower (particularly when
measuring size with the number of firm counties).

While one of the goals of this paper is to explain differences across skill groups, a
natural question is whether the results also hold within skill groups. In principle, even
conditional on skill, the non-rivalry assumption implies that more headquarters-intensive
occupations should experience greater wage growth when firms expand. Column (3) of
Table 2 provides such a test by replacing the outcome variable with relative headquarters
wages after residualizing out differences associated with educational requirements, in par-
ticular whether a job requires a college degree. The results remain very similar, suggesting
that the results are not driven purely by differences in educational requirements across
occupations.®?

The estimated effect cannot generally be mapped to a single structural parameter.
However, in the special case with = 1 (a constant headquarters payroll share) and
symmetric locations, the elasticity of the relative headquarters wage with respect to firm
size equals 6%1 (see Proposition 2). In this knife-edge case, the coefficient identifies the
firm-specific labor supply elasticity: the number of locations pins down the relative change
in headquarters versus branch output, and the labor supply elasticity translates relative
output into relative wages. Taking my average 2SLS estimate, we obtain an implied
firm-specific labor supply elasticity of roughly 6, consistent with the literature.*® Note,
however, that unlike most of the existing literature, the relevant elasticity here governs the
transmission from firm size to within-firm wage dispersion, in particular the headquarters
premium, and not only to firm-average wages. More generally, with asymmetric space and
n # 1, the estimated coefficient does not map to a single parameter, but remains tightly
linked to the firm’s labor supply elasticity, the substitutability between headquarters
and branch workers (1), and the degree of non-rivalry (y). As discussed below, the full
quantitative model delivers headquarters-premium elasticities with respect to firm size
that are similar to those estimated in the data.

More generally, beyond the specific classification into headquarters and branches, a

central implication of the theory is that pass-through of firm shocks to wages depends

32Gimilar patterns also emerge when controlling for geographic variation.
33Gee, for example, Lamadon et al. (2022) and Berger et al. (2022).
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Table 2: Firm expansion and relative headquarters wages

(1) (2) (3) (4)
Outcome: log relative headquarters wages ~ OLS IV(A) IV (A) IV (B)

Panel A: size measured by # of jobs

Log # of job postings 0.007***  0.137**  0.114**  0.116*
(0.002)  (0.054)  (0.052)  (0.063)
First-Stage F-stat (KP-Wald) - 47.600 47.600 34.890

Panel B: size measured by # of counties

Log # of counties 0.012%**  0.330**  0.274** 0.394
(0.003) (0.146) (0.138) (0.262)
First-Stage F-stat (KP-Wald) - 14.460 14.460 5.185
Firm and year xsector fixed effects Y Y Y Y
Residualize educational requirement N N Y N
Observations 65,055 65,055 65,055 65,055

Notes: This table shows how firm expansion affects relative headquarters wages in the firm. Firm size
is measured either as the log number of job postings (Panel A) or as the log number of counties with
job postings (Panel B). The outcome variable is the log ratio of average posted salaries in the top 10%
most headquarters-intensive occupations to those in the remaining 90% of occupations within each firm.
Column (1) shows OLS results, controlling for firm, year, and sector-by-year fixed effects. Column (2)
shows the baseline 2SLS estimates, using a firm’s exposure to regional economic growth, as given in
Equation 9 in Section 4.1. Column (3) replaces the outcome variable with relative headquarters wages
after residualizing out differences associated with educational requirements, in particular whether a job
requires a college degree. Column (4) presents 2SLS estimates using an alternative IV that fixes firm
weights at their initial year of appearance in the data rather than updating them each period - see addition
details in Section 4.1. The sample is restricted to firms in services sectors with at least 5 job-postings
classified as branches and at least 1 job-posting classified as headquarters, and exluding outlier firms in
which the headquarters share is below 1% or above 99%. Standard errors are clustered at the firm level.
*p<0.1, " p<0.05 *** p <0.01.

systematically on the non-rival nature of a job. In particular, ranking occupations by
the non-rivalry of their output within the firm, the model predicts that wages in more
non-rival occupations should be more responsive to firm growth. I test this prediction in
Figure 5, which plots pass-through of firm growth to wages for each occupation against
the task-based non-rivalry index for each occupation. To construct occupation-level pass-
through, I project log wages in each occupation on total firm size, following the same
approach used above for the headquarters premium.

The left panel shows a binscatter of OLS estimates, controlling for firm, year, and
sector-by-year fixed effects, and normalized relative to the mean pass-through level. Al-
though these OLS estimates are biased, they reveal a clear positive relationship: wages in
more non-rival occupations respond more strongly to firm growth. The right panel shows

a plot for 2SLS estimates, instrumenting firm growth with the IV defined in Equation
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9. Since my IV approach lacks the statistical power to estimate pass-through for each
occupation individually, I group occupations into five bins by their non-rivalry index and
estimate pass-through for each bin. The overall average pass-through is around 0.15,
consistent with existing estimates in the literature. More importantly, pass-through is
relatively low for occupations with limited non-rivalry (below 0.1), but rises sharply for

highly non-rival occupations (around 0.2-0.3), matching the theory’s predictions.

Figure 5: Stronger non-rivalry implies higher passthrough of firm growth to wages

(a) Passthrough across all occupation groups (OLS)  (b) Passthrough across occupation bins (IV)
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Note: the figure plots occupation-level pass-through of firm growth to wages against a measure of the
non-rivalary of the occupation output. Panel (a) shows a binscatter of OLS estimates of pass-through
against the measure of non-rivalry from Section 4.1. The pass-through is computed as the estimate
a regression of log firm wages on log firm size for a given occupation, controlling for firm, year, and
sector-by-year fixed effects, and normalized relative to the mean pass-through level. Panel (b) shows a
scatterplot of 2SLS estimates of pass-through for 5 equally-sized bins of occupations, where firm growth
is instrumented using the IV defined in Equation 9. Firm size and firm-by-occupation wages obtained
from Lightcast.

Finally, I examine whether similar patterns arise in the U.S. Census LBD data. In
this setting, the measurement of firm scope is improved by administrative records on
firms’ establishments. A key limitation, however, is the absence of occupational infor-
mation and reliable measures of headquarters activity. To address this, I proxy relative
headquarters wages using average wages across establishments within a firm, classifying
certain establishments as headquarters based on their industry codes (see more details
in Section 2.1). The full results are reported in Appendix E.4. Although this measure
is more restrictive and available only for a subset of firms, the findings are reassuringly
similar. In particular, regressing log headquarters premium on the log number of firm
establishments—controlling for firm, year, and sector-by-year fixed effects—yields a coef-
ficient of about 0.04, which falls between the OLS and 2SLS estimates from the Lightcast
data in Table 2.

32



4.1.3 Testing non-rivalry through spillovers across firm locations

Another implication and test of the non-rivalry assumption is that demand shocks
propagate across firms’ branches. Rising demand in a subset of the firm’s locations raises
the market size of the firm, inducing it to increase the firm’s non-rival inputs. Conse-
quentially, branches in unaffected markets experience a productivity boost, leading to
greater firm activity in those uneffected locations. This effect declines with the strength
of non-rivalries. The model also includes two forces that can work in the opposing di-
rection. First, if the cost of expansion C' exhibits convexities (e.g., due a span-of-control
cost, as I allow in the quantitative version of the model below), then expansion in one
market would raise the marginal cost of expansion in other markets, potentially leading to
less firm activity there. Second, if the elasticity of substitution between headquarters and
branch workers is very high, more expansion opportunities in one market would reallocate
production away from all markets to the headquarters.

[ investigate whether such spillovers exist in practice by studying how regional demand
shocks affect firm branch activity in other regions. Since this exercise does not require
to measure headquarters activity, I implement it with data from the U.S. Census LBD,
since its measurement of firm activity across space is more comprehensive relative to
commercial datasets. However, I find that similar results hold in the commercial datasets
that I use in the paper, the lightcast data and the Dun and Bradstreet data.

More specifically, let y;; denote an outcome of interest for firm f in market j in period
t, and let Y}; denote the GDP of market j in period ¢. The key question is whether vy,
responds not only to local demand, as captured by Yj;, but also to changes in the other
markets in which f operates.®* I focus on two outcomes: the log of total payroll of firm
f in market j, and the log of average wages of firm f in market j (with their difference
corresponding to the log of f’s employment in j). Importantly, the responsiveness of
total payroll does not depend on the firm-level labor supply elasticity €, whereas the
division of this response between wages and employment does. I define a region as a U.S.
labor market area (LMA, a slight aggregation of commuting zones) and examine 5-year
changes in these outcomes across Economic Census years. All specifications include firm-
by-year fixed effects, and standard errors are clustered at the firm level. The analysis
is restricted to service-producing sectors, excluding tradable-goods industries, thereby
alleviating concerns that results may be confounded by input trade across branches or by
output trade from region j to consumers in other firm markets.

My baseline specification regresses 5-year changes in log y/¢; on 5-year changes in log Y},
and on a weighted average of changes in log Y}, across all regions k, where the weights
reflect firm f’s ex-ante activity in each market k. Results are reported in Columns (1)

and (4) of Table 3 for total payroll and average wages, respectively. As expected, both

34Gee Giroud and Rauh (2019) for an exercise of a similar spirit.
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outcomes respond positively to local demand shocks in market 5. Moreover, consistent
with within-firm non-rivalries, both also respond positively to regional growth in f’s other
locations. The magnitudes are in line with the assumption of firm-specific labor supply
curves (finite €). Columns (2) and (5) replicate these regressions while flexibly controlling
for region-by-time fixed effects for the focal region j and sector-by-time fixed effects for the
sector of firm f. In this specification, the coefficient on regional growth in j is absorbed
by the time trend, but the coefficient on growth in other markets remains positive and
statistically significant for both total payroll and average wages. Controlling for this rich
set of fixed effects rules out mechanisms related to contemporaneous regional developments
in j (including spillovers into this market from others) as well as sector-specific shocks to
firm f.

A remaining concern is that firm f’s activity in market j rises because of a firm-
specific productivity shock (an increase in z in the model) that is correlated with regional
GDP growth in f’s other locations in ways not fully absorbed by sector-by-time fixed
effects. For instance, if f is large relative to some of its markets, a shock common
to all of f’s locations could itself raise regional growth there; conversely, if the shock
is specific to market j and the expansion cost C' embeds a span-of-control constraint,
activity might contract in other markets. In addition, in the model, demand shocks
operate through both regional income and the regional price index, so using only income-
based measures introduces a measurement error in the regressor. To address these issues,
I implement an additional specification that instruments regional growth in all other
markets with each region’s exposure to national sectoral growth trends (Bartik, 1991).
Because I also control for the sectoral trend relevant for firm f, identification comes from
regional growth induced by national shocks in other sectors. Columns (3) and (6) report
the IV estimates using this instrument. For both total payroll and average wages, the
effects remain positive and statistically significant, with F-stats way above conventional
levels. The IV point estimates exceed the OLS estimates, consistent with a bias due to
firm-by-region productivity shocks in the presence of span-of-control constraints and/or
attenuation from measurement error.>’

As with the pass-through to the headquarters premium, the propagation of demand
shocks across a firm’s locations does not map to a single structural parameter. Never-
theless, in the model quantification below, I verify that the framework reproduces similar

patterns.

Taking stock. While non-rivalry is traditionally a challenging object to measure,

I provide three pieces of evidence that the output of headquarters workers is non-rival

35The large coefficient for total payroll — implying roughly one-for-one transmission from growth in
f’s other markets to payroll growth in a typical market — is natural given that the typical market is very
small relative to the firm. Consider for example the response of a national chain’s payroll in a small
market to a common demand increase across all its other markets.
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Table 3: Within-firm spillovers across markets

) 2 ®3) (4) (5) (6)

Outcome: 5-year changes firm f, market j: | A In payroll A In payroll A In payroll | A In wage A In wage A In wage
Regional income growth in market j 0.254%** 0.0685%**

(0.0131) (0.00733)
Average income growth in all f’s markets 0.395%** 0.268%** 1.0247%%* 0.178%¥*  (.134%F*  (.280%***

(0.0234) (0.0247) (0.110) (0.0133) (0.0140) (0.0667)
Observations (rounded) 856000 856000 856000 856000 856000 856000
First-stage F stat . . 3283 . . 3283
Year and firm FE Y Y Y Y Y Y
Year x market FE N Y Y N Y Y
Year x sector FE N Y Y N Y Y

Note: This table shows how firm outcomes in a particular local market j respond to demand shocks in
other markets. Column (1) shows the results from a regression of 5-year changes in the (log) total payroll
of firm f in market j against regional GDP growth in market j over the same time period; and against
a weighted-average of regional GDP growth in all of firm f’s markets. Column (2) repeats Column (1)
with time-varying fixed effects for the firm’s sector and for market j, which also absorbs regional GDP
growth in the focal market j. Column (3) repeats Column (2) by instrumenting regional GDP growth in
all markets using ex-ante exposure to national sectoral trends, as described in the text. Columns (4)-(6)
repeat Columns (1)-(3), replacing changes in (log) total payroll with (log) average payroll per employee
as the outcome variable. All columns include time and firm fixed effects. Standard errors are clustered
at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01.

across a firm’s locations. First, headquarters jobs are strongly associated with non-rival
task content as captured in task-based data. Second, when firms expand in response to
firm-level demand shocks, they raise relative wages for headquarters jobs, consistent with
marginal productivity in these roles depending on the number of firm locations. Third,
local demand shocks in a subset of a firm’s markets spill over into higher activity in its

other markets, again consistent with within-firm non-rivalry.

4.2 Additional evidence

I now briefly discuss additional evidence for the model’s predictions, leaving more
details to Appendix E.4.

Firm expansion and spatial disparities. The model yields several key implica-
tions for the spatial distribution of economic activity. First, Proposition 4 predicts that
markets experiencing greater expansion of locally headquartered firms should see a rela-
tive increase in expenditure on headquarters jobs within the services sector (a higher T
in the model). Second, such markets should exhibit increased specialization in services
relative to tradable goods production (reflected in a higher R;/F; in the model), implying
a decline in the employment share of manufacturing and other goods-producing sectors.
Third, since this shift amounts to a positive regional labor demand shock, both regional
wages and employment should rise.

I examine these predictions in the data across U.S. commuting zones, focusing on
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decadal changes over the period 1980-2017. To construct a region measure for the ex-
pansion of locally headquartered firms, I use Dun & Bradstreet data on firm geography.®
Specifically, for each market and year, I compute the average number of commuting zones
served by firms that were headquartered in that market in 1980. For instance, Walmart
Corporation, headquartered in Benton County, AR in 1980, substantially expanded the
number of its locations during 1980-2017, contributing significantly to Benton’s average
expansion measure.?”

Figure 6 shows how key regional outcomes comove with this measure of spatial ex-
pansion for local firms. Panel (a) plots the log relative payroll share in headquarters-
intensive occupations on the y-axis against the log number of commuting zones served by
locally headquartered firms on the x-axis, controlling for year and regional fixed effects.
The figure reveals a strong, positive, and statistically significant relationship: as locally
headquartered firms expand into more markets, regional services payroll is increasingly
devoted to headquarters tasks. Second, panel (b) replaces the y-axis with the log of
the regional manufacturing employment share. The strong negative relationship reflects
increased specialization in providing headquarters services to other regions relative to
producing tradable goods. Third, panels (c¢) and (d) replace the y-axis with regional log
average wages and regional log total employment, respectively. Since expansion of locally
headquartered firms amounts to a positive local demand shock, both regional wages and
employment rise.

In Appendix E.4, T present the corresponding regression results and show that the
correlations reflect a causal relationship. To establish this, I exploit regional exogenous
variation in firm expansion arising from ex-ante exposure to national expansion trends,
following the approach of Bartik (1991). The idea is that if a market such as Benton
County, AR, was already specialized in hosting headquarters of productive retail firms
in 1980, then the substantial nationwide spatial expansion of retail sector firms over
19802017 generated an “expansion shock” for Benton that was not driven by other local
factors. Using this source of variation, I show that the results remain consistent with
those in Figure 6. Finally, I demonstrate that the findings are robust to controlling for
regional employment shares in the information and financial sectors, confirming they are
not driven by regional exposure to the exceptional growth of these two sectors.

Firm expansion and headquarters payroll share. Another prediction of the
model is that if n # 1, then the payroll share on headquarters tasks changes as firms ex-
pand in space. The job posting data I use to test the implications for headquarters wages

is ill-suited to study this prediction since I observe job postings and not employment

36Recall from Section 2.1 that this source is particularly well suited for the exercise, as it reports the
headquarters location of every firm in every year (unlike the Census LBD). Note that for this exercise, I
use only information on firms’ locations, and I do not use data such as employment or payroll which is
lower quality in D&B.

37See Appendix A for more details on this specific example.
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Figure 6: Firm spatial expansion and local labor market outcomes

(a) Regional headquarters share (b) Regional manufacturing share
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Note: Binscatter plots of local labor market outcomes against the expansion of locally headquartered
firms. Subplot (a) shows the log payroll share in headquarters-intensive occupations within the services
sector (y-axis) against the log average number of markets served by locally headquartered firms (x-axis).
See Section 4.2 for details on variable construction. Each observation is a commuting zone by year,
covering the years 1980, 1990, 2000, 2010, and 2017, and commuting zones with at least 10,000 employees
in 1980. All variables are residualized with respect to commuting zone and year fixed effects. Subplot
(b) replaces the y-axis with the log regional employment share in manufacturing; subplot (¢) with the
log average regional wages; and subplot (d) with the log total regional employment. The black dashed
line in all figures shows the linear fit. Regression results corresponding to these relationships appear in
Appendix E.4.
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quantity. However, I can study this relationship using the Census LBD data, leveraging
the alternative measurement of headquarters activity using the variation in establish-
ments’ industry classifications within firms (see Section 2.1 for details). I investigate this
in Appendix E.4, in which I study how the ratio between total payroll to headquarters
establishments and total payroll to branch-level establishments changes when the number
of firm establishments increases. The results show that controlling for firm, year, and
sector-by-year fixed effects, doubling the number of firm establishments is associated with
a 15% increase in this payroll ratio, consistent with the predictions of the model for n > 1.

Long-run occupational and industry dynamics. Up until now [ have studied
firm-level and region-level evidence. The model also predicts that given the substantial
firm spatial expansion in the data, we should observe rising relative wages of headquarters
occupations at the aggregate level in the long run. When headquarters and branch tasks
are substitutes (n > 1), it further predicts an increase in the payroll share of headquarters-
intensive occupation at the aggregate level in the long run. These effects should hold
within sectors, not just across them, and be especially pronounced in industries that
experienced greater spatial expansion. I test these predictions in Appendix Section E.4,
using data from the Decennial Census and the American Community Survey to study

changes between 1980 and 2017. The findings support the above predictions.

5 Model Quantification

I now turn to estimate the model. Using the quantitative model, I demonstrate the
importance of the above mechanisms for the overall increase in U.S. wage inequality, and
evaluate policies that shape firms’ ability to span multiple local markets. I match key
features of the U.S. economy in 1980, and study counterfactuals that reflect changes in the
economic environment between 1980-2017. I map the model to 200 local labor markets in
the U.S., which I construct by combining small commuting zones with neighboring large

ones.

5.1 Additional model components

First, I enrich the model with additional components that help to discipline the base-
line equilibrium and which are common in spatial equilibrium models.

Multiple skill groups in production. I now assume that households belong to S
different skill groups. The headquarters labor bundle h;(z) and the branch-level bundle
?;;(z) are now Cobb-Douglas aggregators of all skill groups with skill intensities ays and
s, Tespectively, such that Zle Qps = Zle aygs = 1. Similarly, the tradables sector also
uses a Cobb-Douglas production function with skill-intensities «,s, where 25521 ags = 1.

Regional amenities. Agents of type s choosing location ¢ now enjoy an exoge-
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nous amenity component B;s that enters multiplicatively in their utility function. Conse-

quently, the probability that an agent of type s chooses location ¢ is given by

Lis . (BZSWZS/‘PZ)g
S Lis SN (B Wi/ Pyt

J=1

(10)

where P, is the price index of the local final good, and W;, = LiWis is the ideal wage
index for type s workers in location 7. Households are more likely to choose locations with
higher effective real wages W,/ P; and higher amenities Bj;.

Housing. I add local housing, which introduces a second dispersion force on top of
the idiosyncratic preference shocks. Agents spend a share ¢ of their income on housing
and a share 1 — ¢ on the composite of goods and services. I assume a constant housing
supply elasticity o and that the rights to housing rents are owned by immobile absentee

landlords who have a similar structure of preferences for consumption as workers. The ag-

(1= s ¢
(1+e)—Ceo Y(1+Q)—CQ

gregate price index, previously given by Pf , is now equal to P, = ﬁ_Pf f ,
where Y; is total regional income and /3 is a constant that subsumes various parameters.
Conditional on the price index of services P;, local cost of living is increasing in regional
income Y; due to higher cost of housing. The exponent on regional income is higher when
agents spend more on housing (higher ¢) or when housing supply is relatively inelastic
(lower p).

Regional productivity in tradables. I allow locations to differ in their total factor
productivity in the production of tradable goods, given by A; .

Firm productivity distribution. In line with the literature, I parameterize the

firm productivity distribution G(z) as a Pareto distribution, with a shape parameter 6.

5.2 Parameterizing the cost of expansion

I consider a particular structure for market penetration and the cost of expansion C'(-)
for easy mapping to the data. I assume that market penetration is an increasing function
of the number of establishments that a firm opens in a given market, denoted by n;;(2):
zij (2) = Wl(z)*l Market penetration is zero when n;;(z) = 0, and approaches 1 when
n;;(z) — oo. The concavity of x;; in n;; reflects potential cannibalization effects across
the firm’s establishments in a given market: the marginal establishment attracts fewer
consumers than the average of existing establishments.?®

The cost of expansion C(-) captures the cost of setting up establishments n;;(z) in all

38Gee Arkolakis (2010), Oberfield et al. (2024), and Wenning (2024) for similar specifications.
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markets, and is given by

C ({mj (Z)};‘Vzl) = ﬁ:ﬂ‘j”z‘j () +0 (ﬁ: nij (Z)) :

The first term in the cost of expansion captures a constant cost per each establishment:
a firm based in location ¢ with presence in location j pays a cost of 7;; for every es-
tablishment that it opens there. The second term allows for a potential span-of-control
constraint (SoC) for the firm as a whole, reflected in a quadratic cost in the total number
of establishments in all markets. The importance of this SoC effect is captured by the
parameter 0. Note that this SoC effect works in the opposite direction to the non-rivalry
assumption in the production function: if § is high and the productivity of headquarters
inputs (7) is low, then expansion in one market (e.g. following a positive demand shock
there) could lead to contraction in other markets.

With an eye toward my main quantitative exercise, I assume a simple parameterization

of the bilateral cost per-establishment 7;;, given by
Tij = To X dlSth X /{H{Sti?ﬁstj}’

where 7y is a scaling constant; dist;; is the geographical distance between ¢ and j; p is
the distance-elasticity in the cost of opening new establishments; and & is a cost premium
when ¢ and j are in different states. The cost of setting up a new establishment is then
higher in markets that are far away from the firm’s headquarters.

The motivation for this specification is the strong gravity pattern in bilateral firm
linkages, detailed in Appendix E.5. As shown in Table 16, the number of headquarters-
branch relationships between market pairs is well described by a gravity equation with
headquarters-location fixed effects, branch-location fixed effects, and distance. The es-
timated distance elasticity of headquarters-branch linkages is about -1 and has declined
over time — a pattern I return to in the counterfactual analysis below.

In addition to distance, I allow for a higher cost per-establishment x > 1 when op-
erating establishments in a different state than the firm’s headquarters. Indeed, in the
data, cross-region firm linkages are lower when operating establishments in different state
from the firm’s headquarters, as can also be seen in Appendix Table 16. This state border
effect could arise due to the role of state-level regulations and compliance requirements.
An extreme example of such regulations is the restriction on cross-state banking activity
that characterized the U.S. banking system before a vast deregulation in the 1980s-1990s.
In such an extreme case, k would be set to infinity.

It is worth noting that I allow for spatial frictions in the cost of expansion C(-), but
not in the firm’s production function, as often assumed in the literature. The reason for

this assumption is that while gravity is a very strong feature of firms’ location decisions, it
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is not clearly evident in firm regional wages. Thus, in models with firm-specific wages, one
would like to avoid introducing spatial frictions that distort the marginal product of labor
across the firm’s branches, since it would create a counterfactual systematic relationship

between wages and distance.

5.3 Calibration of the households block

I divide the model’s parameters into three groups. The first group includes parame-
ters that govern household preferences and the housing market. This group consists of
commonly-used building blocks from the literature and I rely on existing estimates to
calibrate it. The second group includes regional productivity and amenity fundamentals,
which I invert from the model’s equilibrium conditions. The final group includes param-
eters from the production block, in particular the services production function and the
cost of expansion. This block includes new features relative to the existing literature, and
so I estimate it using Simulated Method of Moments (henceforth SMM).

[ begin with the external calibration of the household block. I calibrate the expenditure
share on services () to match the share of services value-added in national accounts. I
set the dispersion of idiosyncratic shocks across regions (£) to 2.8, in line with the range
of values in the trade and spatial literature, e.g. Galle et al. (2023). I set the dispersion of
idiosyncratic shocks across employers (€) to 5.0, matching recent estimates of the average
wage markdown in Lamadon et al. (2022), Berger et al. (2022) and Azar et al. (2022),
which is given in the model by €/(1 + €). The elasticity of substitution across varieties o
is set to 5.0, to match a price markup of 25% over marginal cost. This is also in line with
the range of existing estimates on substitution between varieties in the trade literature,
e.g. Costinot and Rodriguez-Clare (2014). The expenditure share on housing is set to
0.24, following Davis and Ortalo-Magné (2011). Finally, I set the local housing supply
elasticity to the population-weighted estimate of 1.75 in Saiz (2010). Table 4 summarizes
the calibration of this part of the model.

Table 4: Calibration of the households block of the model

Parameter Interpretation Source Value
13 Dispersion of location preference shocks | Galle et al. (2023) 2.8
€ Dispersion of employer preference shocks | Lamadon et al. (2022), Berger et al. (2022) 5.0
o EoS between varieties Costinot and Rodriguez-Clare (2014) 5.0
B Sectoral expenditure shares Direct computation - BEA NIPA (1980) [0.64,0.36]
1) Housing expenditure shares Davis and Ortalo-Magne (2011) 0.24
0 Housing supply elasticity Saiz (2010) 1.75

I define four skill groups (S = 4) in the quantified model, and compute the skill

elasticities in production oy, ays, oy directly from the data, by computing the payroll-
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share of each group in all three activities. For additional details, see Appendix E.5.

5.4 Model inversion

The set of location fundamentals, A = A;, B;s, A, 4, s, comprises service-sector pro-
ductivity shifters, regional amenities, and tradable-goods productivity. I recover A by
iterating on the model’s equilibrium conditions, given a guess for the parameters. The
inversion matches three empirical moments: total regional labor income (Y;), employment
by skill group (Lis), and the relative payroll of skilled to unskilled workers (the ratio of
total payroll for the top two skill groups to that of the bottom two). Intuitively, B;
follows from inverting workers’ location-choice, while A; and A, ; are pinned down jointly
from regional income and skill-intensity. Thus, in the baseline equilibrium, I match em-
ployment, income, and skill-intensity across all 200 regions, replicating key features of the

U.S. economy. Appendix C provides further details.

5.5 Simulated method of moments for the production block

The remaining parameters to estimate are from the production block of the model:
the relative productivity of headquarters inputs (7); the elasticity of substitution be-
tween headquarters and branch labor (n); the dispersion of firm productivity draws (6);
the distance-elasticity of the cost of expansion (p); the state-border effect in the cost of
expansion (k); the scale of the cost of new establishments (7g); the span of control com-
ponent of the cost function (¢); and the entry cost (f.). I collect these parameters in the
vector ©, and estimate them by matching a set of empirical moments. Below I provide
brief intuition for which empirical moments helps to identify each of these parameters,
though recall that in practice all moments are jointly determined in equilibrium by all of
these parameters.

The parameter 7 is directly related to how the expenditure-share on headquarters
varies with firm scope, as given in Proposition 1. In particular, when n = 1, this ex-
penditure share does not commove with firm scope. I therefore target the estimate for
this co-movement Section 4.2. The productivity shifter of headquarters inputs () affects
directly the level of the expenditure share on headquarters workers, and thus it shapes
the amount of within-firm inequality. I therefore use it to discipline the importance of
within-firm inequality in the baseline equilibrium, targeting the within-firm component
of the overall variance of log wages across establishments in the economy (as measured
in 1980).% These two parameters (n and ) also affect the strength of within-firm non-

rivalries in the economy, as manifested in the response of the headquarters premium to

39Within-firm inequality is easier to measure than the expenditure share on headquarters workers (see
discussion in Section 4.2), and especially how it changed over time. Nevertheless, I show that the model
also yields reasonable values for the expenditure share on headquarters workers as an over-identification
check below.
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firm expansion, and in the within-firm spillover patterns from Section 4. I do not target
these moments explicitly due to the associated computational burden,* but I later ver-
ify that the model indeed yields a similar patterns to the estimates in Section 4 as an
over-identification check. To match the between-firm component of inequality, 1 target
the shape parameter of the productivity distribution, ¢, which determines the magnitude
of differences between firms. Note that both a higher v and a lower # raise inequality
between firms in the economy, but they have opposing effects on inequality within firms.

The other parameters are those in the cost of expansion C' and the entry cost. For
the distance elasticity in the cost of expansion, p, I target the distance elasticity of
headquarters-branch linkages from Table 16, by running the gravity regression in the
simulated model. For the state-border effect, k, I target the state-border effect from the
same gravity regression. For the scale of the cost of new establishments, 7y, I target the
average number of establishments per firm. For the span of control component of the
cost function, ¢, I target the employment-weighted number of establishments per firm.
Finally, for the entry cost f., I target average firm size, i.e. the ratio of total employment
(normalized to 1 in the model) to the total mass of firms.

To estimate O, I minimize the loss function £(©) = (m (0) — ﬁ”L)/ W (m(©) —m)
where m (©) is the vector of simulated moments from the model; m are the equivalent
moments for 1980 in the data; and W is a weighting-matrix, which I set to be diagonal and
inversely proportional to the squared values of m, expressing the moments in percentage-

deviation terms.*! Results from this estimation procedure are provided in Table 5.

Table 5: Estimated parameters for the production block of the model

Parameter Interpretation Estimate Main targeted moment ‘ Value (model/data)
Production function and productivity distribution
" EoS between headquarters and branches 128 | Co-movement of relative expenditure on HQ and firm scope (Table 13) 0.15/0.15
5 Productivity shifter for HQ workers 019 | Within-firm component of (within-sector) variance of log wages across establishments (Census LBD) 0.11/0.12
0 Dispersion of firm productivity 7.89 | Between-firm component of (within-sector) variance of log wages across establishments (Census LBD) 012/ 0.12

Cost of expansion (C) and entry cost

» Distance elasticity in cost of new establishments 0.76 | Distance elasticity of HQ-branch linkages (Table 16) 20.95 / -0.98
f; State border effect in cost of new establishments 250 | State border effect in HQ-branch linkages (Table 16) 130 / -1.28
7 Shifter of cost of new establishments 215 | Average number of establishments per firm (Census BDS) 119/ 1.22
5 Shifter of span of control in the cost of expansion | ~ 5.12 | Average number of establishments per firm (weighted, Census BDS) 15.4 / 15.2
2 Entry cost 10° | Firm size (employment per firm, Census BDS) 26.5 / 24.5

5.6 Over-identification

As one assessment of the model’s performance, I now briefly report how the quantified
model performs for moments that were not explicitly targeted in the estimation procedure.
Passthrough of firm growth to wages. As discussed in Section 4, one key

implication of the non-rivalry assumption is differential pass-through of firm expansion

40Tt requires an additional computation of the equilibrium for every guess of O, in addition to the
model inversion that I perform for each guess.

41In practice, I employ the TikTak algorithm for global optimization from Arnoud et al. (2019) with
500 starting points, setting the Nelder-Mead method as the local minimizer.
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to wages. In particular, I revisit in the model how an increase in firm size as a result
of simulated demand shocks (a change in T;) affects firms’ relative headquarters wages
in the model. Replicating the fixed-effect regression from Table 2, I obtain an estimate
of approximately 0.175, slightly above the 2SLS point estimate and well within its 95%
confidence interval. As one benchmark to assess this magnitude, recall that in the case
of symmetric space and n = 1, this elasticity is given by 1/(1 4+ ¢€) &~ 0.166 in the model.
With asymmetric space and n # 1, we obtain a slightly higher value. The model thus
replicates well the differential pass-through of firm expansion to wages that is implied by
the non-rivalry assumption.

Within-firm spillovers. Another implication of the non-rivalry assumption is
the existence of cross-region spillovers within firms. I measured such spillovers in Table
3. Replicating the regression that captures how a firm’s expansion in a given market
responds to exogenous income growth in the firm’s other markets within the model, I find
a coefficient of around 0.8. This is slightly lower than the 2SLS point-estimate from Table
3, but within its 95% confidence interval. The model thus replicates well the cross-region
spillovers within firms that are implied by the non-rivalry assumption.

Headquarters expenditure share.  Due to the challenges of measuring firms’
headquarters expenditure share in the data (see discussion in Section 4), I do not target
its level explicitly, and prefer to target the (more accurate) variance of log wages within
firms. Nevertheless, we can compare the output of the model to different approaches in
the data. Consider the approach of measuring headquarters payroll share using establish-
ments’ industry classifications in the LBD, as described in Section 2.1. According to this
approach, the expenditure share on headquarters workers out of total payroll to headquar-
ters and branches is around 16%. A potential upper bound is to treat only establishments
in the firm’s main NAICS-4 industry as “branches”, which yields an headquarters income
share of 23%; a potential lower bound is to treat only establishments in the NAICS 55
sector (which are explicitly reported as headquarters activity) as “headquarters”, and all
other establishments (including other within-firm business services) as “branches”, which
yields 8%. In the quantified model, the payroll-weighted average of this statistic across
firms is 14%, in-between the upper and lower bounds, and very close to my preferred
estimate.?

Spatial distribution of headquarters. While the allocation of population, wages,
and skills was explicitly targeted as part of the model’s inversion, I did not use data on
the spatial distribution of firms and headquarters. The correlation of the log measure of
headquarters between the model and the data is above 0.9. This high correlation results

from the fact that this measure scales very strongly with total regional employment. In

42 An alternative approach to measure this moment is the data is to use the notion of SG&A costs
(Selling, General, and Administrative Expenses) for publicly-listed firms. This measure is often used to
proxy for headquarters and other overhead costs. Depending on the specific data restrictions, the share
of these costs in total costs is around 15%-20%, again very close to the share in the model.
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the model, the tight link to regional employment results from the combination of free

entry and high spatial frictions for headquarters-branch linkages.

6 Quantitative experiments

In this section, I use the quantitative model to evaluate the aggregate and distribu-
tional implications of firms’ spatial expansion. I focus on a particular set of shocks to the
baseline equilibrium: changes in spatial frictions to firm expansion, i.e. on the geograph-
ical aspects of the cost of expansion C(-) — the distance elasticity p and the state-border
effect k. There are a few key advantages in focusing on these shocks when studying the
importance of firm expansion. First, since they are part of the cost of expansion C(-), all
their impacts on equilibrium, labor markets, and welfare are materialized through firms’
market penetration decisions z;;(z), and thus through the novel mechanisms outlined in
this paper. These shocks have no effect when holding constant expansion decisions, in
contrast to other primitives such as shocks to demand, firms’ production function, or re-
gional fundamentals. Second, while many primitives in the model can induce an increase
in firms’ geographical scope, we can easily discipline changes in these geographical fric-
tions from data on bilateral headquarters-branch linkages. Moreover, as detailed below,
I use only information on changes in the number branches in distant markets relative to
branches in firms’ headquarters market, thus abstracting from any expansion patterns
that are unrelated to spatial frictions. Lastly, these shocks have a clear interpretation of
lower frictions to operate far-away establishments. Thus, they capture specific techno-
logical and policy changes that shape firms’ communication frictions across space, such
as improvements in information technologies, the expansion of air-travel, and regulatory

changes.

6.1 Lower frictions to operate far-away branches

The main shock that I explore is a realistic decline in spatial frictions to firm expansion,
driven by an economy-wide decline in the distance elasticity p. This shock is motivated
by a sharp decline in the distance-elasticity for headquarters-branch linkages in the data,
as can be seen in Appendix Table 16. Between 1980 and 2017, this distance elasticity
has declined (in absolute value) by around 0.2-0.4. I thus change p in the model to
achieve a decline of around 0.3 in this distance elasticity, holding other primitives constant.
Importantly, I use only data on relative distances between headquarters and branches —

and no labor market data — to discipline this shock.*?

43Note that while the model does not admit an exact log-linear gravity equation, I verify that I
replicate the change in the empirical distance elasticity by running the exact same gravity regression in
the simulated model. The R? coefficient from this gravity regression in the model is over 0.9, suggesting
that it approximates very closely the log-linear specification that I consider in the data.
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Figure 7 displays changes in key aggregate moments of interest in response to this
decline in the distance elasticity p, where I vary the values of p relative to the baseline
equilibrium on the x-axis, ranging from zero (the baseline equilibrium) to a difference of 0.2
relative to the baseline 1980 equilibrium. I then re-compute the equilibrium for every new
value of p, and plot changes in selected outcomes relative to the baseline equilibrium on
the y-axis. By construction, the gravity coefficient of distance (top-left subplot) declines
by a similar magnitude to its decline in the data. Since this decline reflects a lower
cost of expansion C(-), firms increase their average number of establishments (top-middle
subplot). In line with the empirical evidence from Figure 1, this increase is driven by
the large firms, such that the employment-weighted expansion is far greater than the
unweighted expansion. Overall, the weighted expansion in the model is above 100%, over
half of the equivalent increase in the data between 1980-2017.

Turning to labor market outcomes, the above spatial expansion leads to higher economy-
wide headquarters-branch wage dispersion (top-right subplot), as in Proposition 1. In the
model, the decline in distance elasticity raises this difference by close to 20% . In the
data, this moment varies with the exact definition of headquarters and branches, but
employing the definitions in Section 2 reveals an increase of about 30%, such that the
distance-elasticity shock in the model accounts for around two-thirds of the trend in the
data.

When investigating broader measures of inequality, the overall variance in log wages
(bottom-left panel) rises by around 0.04 points relative to the baseline equilibrium. Com-
pared to an increase of around 0.09 in the (within-industry) variance of log wages in
the data, the decline in spatial frictions to expansion can rationalize above 40% of the
observed trend. When considering the overall increase in the variance of log wages (and
not just within-industry), the above shock can rationalize close to a quarter of it, though,
recall that the model cannot speak to the cross-industry component which is not mod-
eled. Moreover, the model gives rise to higher inequality both across firms and within
them, in line with the patterns described in Section 2, and in contrast to theories that
highlight only greater differentiation between firms (such as rising outsourcing). To see
why inequality across firms rises in the model, recall that the model allows for endogenous
changes in the dispersion of firm productivity — defined as sales-per-worker — due to the
existence of within-firm non-rivalries. Indeed, in the quantitative model, the dispersion in
firm productivity rises following a reduction in the cost of expansion, as depicted in the
bottom-right panel. In principle, greater firm scope might also lead to lower dispersion in
productivity and wages across firms, if expansion is concentrated in smaller firms. This
is not the case in the quantified model or in the data, but it introduces concavity in the

relationship between the cost of expansion and dispersion between firms.
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Figure 7: Labor market implications of lower spatial frictions to firm expansion
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Note: Distributional implications of lower spatial frictions to firm expansion. The x-axis depicts changes
in the distance elasticity in the cost of expansion, p, expressed in terms of the difference from the baseline
equilibrium (with zero representing the baseline equilibrium). Positive values indicate lower distance
elasticity in absolute value. The y-axis in each subplot captures changes in selected moments of interest
relative to the baseline equilibrium, after re-computing the equilibrium for every new value of p: change in
the gravity coefficient of headquarters-branch linkages (top-left panel); % change in average establishments
per firm (employment-weighted and unweighted, top-middle); % change in mean wage dispersion between
headquarters and branches (top-right); change in variance of log wages (overall, across firms, and within
firms; bottom-left); change in the variance of log wages and the variance of high-skilled to low-skilled
employment (bottom-middle); change in the variance of log firm productivity (bottom-right).

Finally, spatial disparities also increase, in line with Proposition 4. The bottom-middle
panel of Figure 7 depicts changes in spatial inequality, as measured by the variance of
log wages across regions (solid red line); and changes in spatial segregation, as measured
by the variance of log skill-to-unskilled employment ratio across space (dashed gray line).
Both rise when the distance elasticity of expansion falls, by a magnitude that equals
around a third of the rise in spatial inequality in the data.

To understand which regions gain the most from lower barriers to firm expansion,
panel (a) in Figure 8 depicts regional wage growth following the above shock to p against
a measure of ex-ante regional specialization in providing headquarters services. As in
Proposition 4, I measure such specialization using the ratio of total national sales of
locally-headquartered firms to regional expenditure on locally-active branches, R;/E;. A
few patterns emerge. First, specialization in headquarters services (relative to production
of tradables) is a strong predictor of regional wage growth following a decline in the
cost of expansion, since the markets that benefit the most are those with comparative
advantage in providing headquarters services to other regions. Note that this comparative
advantage can arise in the model either directly through high regional productivity for
local headquarters (higher A;); or indirectly through greater market access (low outgoing
bilateral frictions 7;;) and/or high abundance of relatively skilled labor (e.g. due to high

skill-specific amenities B;s). Second, it is the relatively larger markets that specialize
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in such activity, and consequently that gain the most from a national increase in firms’

scope. This aligns with the “urban-bias” of regional growth in recent decades.

Figure 8: Regional implications of lower spatial frictions to firm expansion
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Note: Panel (a) shows regional wage growth in the model following a reduction of the distance elasticity
p against a measure of regional specialization in headquarters services in the baseline equilibrium. See
Section 6 for additional details. Panel (b) shows changes in this measure of specialization following a
shock to p against its value in the baseline equilibrium. Panel (c) shows regional wage growth in the
model following a reduction of the distance elasticity p against regional wage growth in the data between
1980 and 2017. In all figures, each circle is one of 200 U.S. local labor markets as defined in Section 5,
weighted by total employment in 1980. Dashed black lines capture employment-weighted linear fits. All
values are demeaned by the employment-weighted average of each measure.

One key channel through which lower barriers to firm expansion lead to higher spa-
tial disparities is the magnification of the above regional specialization in headquarters
services, as summarized in Proposition 4. Indeed, in the quantified model, a reduction
in the cost of expansion leads to greater variation in the specialization measure R;/FE;.
This can be seen in Panel (b) of Figure 8, which plots log changes in R;/FE; across local
markets following a decline in p against the ex-ante values of this measure in the baseline
equilibrium. Large markets with high ex-ante specialization in headquarters services such
as New-York City become even more specialized in such activities when firms can open
branches in more markets. In return, these regions increasingly import tradable goods
from smaller markets, which become increasingly specialized in the production of goods.
This aligns with the empirical pattern that regions with greater expansion of locally-
headquartered firms are also the ones that see a greater decline in their manufacturing
activity, as discussed in Section 4.

Finally, a natural question is how do the above regional manifestations compare to
actual patterns of regional growth in the data. Panel (¢) of Figure 8 plots log changes
in regional average wages in the model, following a shock to p, against these changes

in the data between 1980-2017 (both demeaned to capture relative changes in wages).*!

44To improve visual clarity, the figure omits one notable outlier: the local labor market of San Jose,
CA, which includes Silicon Valley. Wage growth in this market has been exceptionally high in the data
since the 1980s. While it is also positive and high in the model, it does not constitute a particular outlier.
This market is included in the computation of the regression slope and the correlation.
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Evidently, there is a strong positive relationship between the model and the data. The
scale of changes in the model is smaller than the data, suggesting that a lower cost of firm
expansion cannot be the only explanation for the observed patterns. Indeed, as noted
above, this shock can explain around a third of the rise in variance of log wages across
space that was observed in the data. At the same time, the prediction that larger markets
that specialize in headquarters activities should see the greater increase in wages aligns
with the experience of the U.S. economy in recent decades. It is also worth recalling
that the above experiment considers just a homogeneous increase in the ability to operate
far-away branches across all markets. Thus, the model rationalizes much of the regional

experiences in the U.S. economy without delving into region-specific shocks and histories.

6.2 Deregulation of cross-state firm activity

Finally, I consider a counterfactual that lowers the cross-state frictions in firms’ spatial
expansion (), holding the importance of distance (p) and other primitives constant. This
shock is motivated by the decline in the importance of state-border effects for cross-region
headquarters-branch linkages, as can be seen in Table 16. Between 1980 and 2017, this
state-border effect has declined (in absolute value) by approximately 0.1-0.4, depending
on the chosen estimator. One natural interpretation for the decline in state border effects
are changes in regulations and compliance requirements across U.S. states. Over the
1980s and 1990s multiple service sectors have undergone substantial deregulation that
increased the ability of firms to operate cross-state operations, including in Financial
Services (e.g. the Riegle-Neal Interstate Banking and Branching Efficiency Act of 1994,
alongside many state-level changes), Telecommunications (The Telecommunications Act
of 1996), Air Travel (The Airline Deregulation Act of 1978), Trucking (Motor Carrier Act
of 1980), and Electricity (Energy Policy Act of 1992).

I study such changes in the model by shocking x until the state border effect in
the model declines by 0.2. A replication of Figure 7 for this experiment is provided in
Appendix E.5. The effect on firm expansion is much smaller relative to the decline in the
distance elasticity p, raising the (employment-weighted) average number of establishments
per firm by less than 10%. This suggests that it is hard to rationalize the vast expansion in
the data using the wave of deregulation in the 1980s and the 1990s. Accordingly, the effect
on inequality is also minor, with the variance of log wages rising by approximately 0.005.
Average welfare increases by 0.8%, capturing gains from more variety in the economy
(as each firm can provide its product in more markets); increased productivity, due to
the non-rival nature of headquarters inputs (rising by 0.2% for the average firm); and
increased regional specialization. Of course, such an experiment cannot capture the full
welfare implications of the above deregulations, which are often associated with specific

industry-level distortions. Nevertheless, it provides a sense of the equity-efficiency tradeoff
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that arises from policies that shape firms’ expansion opportunities for the typical sector,
on top of the role of sector-specific distortions. Note also that the above manifestations
are consistent with the empirical findings in Philippon and Reshef (2012), in which the
deregulation of the U.S. financial industry is associated with an increase in the skill-

premium and top executive compensation in that sector.

7 Conclusion

A key trend in the U.S. economy in recent decades is the increase in firms’ spatial scope,
particularly in services-producing sectors. This paper offers new theory and evidence that
link this trend to changes in the distribution of wages, motivated by the central role of
multi-location service firms in the rise of wage inequality. The key idea is that when
the output of some workers is non-rival across the firm’s locations, changes in firms’
scope can generate rich distributional implications. I develop a model that formalizes
this idea, yielding new micro-foundations for skill-biased technical-change, rising spatial
disparities, and a simultaneous increase in wage dispersion across and within firms — all
of which are observed in the data in recent decades. I provide reduced-form evidence for
these predictions and for the assumption of within-firm non-rivalries, and quantify their
aggregate relevance by estimating the model for the U.S. economy. I show that a reduction
in spatial frictions to firm expansion can rationalize much of the observed labor market
trends in the U.S. economy since the 1980s. I also demonstrate how this framework can
be used to evaluate the implications of policies that shape firms’ ability to span multiple
markets, such as a deregulation of cross-state firm activity.

I highlight four main benefits of the framework for the broader question of wage
inequality. First, compared to other theories of rising inequality such as foreign trade or
automation, it is especially well suited to the services sector, which accounts for most
of the economy and much of the increase in inequality. Second, it can simultaneously
rationalize multiple labor market trends that have largely been studied in isolation. Third,
it aligns with observed changes in the organization of production and the expansion
of multi-establishment firms. Finally, it generates distinctive predictions absent from
existing theories of wage inequality — such as the importance of non-rivalry in explaining
occupational inequality and the rising dispersion across establishments within firms. More
broadly, the framework can also be applied beyond wage inequality, for example to analyze
the shift toward services, the globalization of services firms, the rise of work-from-home,

and the design of place-based policies and local competition for firms.
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Appendices

A Case studies for firm spatial expansion

In this section, I provide two case studies that demonstrate the heterogeneous labor
market implications of the spatial expansion of firms. Note that in both examples, I make

no use of confidential Census Bureau data.

A.1 The expansion of Shake Shack

The first case study is the expansion of Shake Shack, an American fast casual restau-
rant chain based in New York City, which opened its first restaurant outside of New York
in 2010. I explore its demand for labor through the lens of its online job postings, as col-
lected by Lightcast. Panel (a) in Figure 9 below shows the number of cities with postings
by Shake Shack in the Lightcast data over time, which has risen in parallel to its expansion
into more cities across the U.S. Panel (b) shows that most of these postings were in Shake
Shack’s new locations, with a significant share of them still posted in the original market
of New York City. Panel (c) shows the skill intensity of these jobs, as measured by the
share of total postings that explicitly require a college degree. While most of the posted
jobs are low-skilled according to this measure, the jobs that Shake Shack opens in New
York City are increasingly high-skilled, in line with the expansion of its headquarters in
that location. By 2019, 60% of the New York City job postings required a college degree.
A closer look reveals that these jobs include traditional headquarters-level occupations,

such as management, design, marketing, and information-technology specialists.

Figure 9: Example: the expansion of Shake Shack (online job-postings data)
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This example demonstrates the heterogeneous effects of firm expansion across two di-
mensions that are considered in the model: first, in the cross-section of establishments,
between firm headquarters and its branches; second, across space, between New York City

and other locations in the U.S. This example suggests potentially meaningful distribu-
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tional implications in the economy as a whole, given that the average firm in the economy

has exhibited this kind of spatial expansion in recent decades.

A.2 The expansion of Walmart

The second example is the expansion of the retail corporation Walmart, headquartered
in Benton County (Bentonville City), Arkansas. Walmart is an outlier in the sense that
it is a particularly large firm with headquarters in (what used to be) a relatively remote
location. However, precisely because of this property, it provides a good example of the
regional effects of firm spatial expansion at its headquarters market. Panel (a) of Figure
10 below shows the spatial expansion of Walmart as measured by its total number of stores
(data from Walmart Inc.). The chain’s expansion outside of Arkansas started in the late
1960s and has been growing exponentially since then. Panels (b) and (c) show regional
outcomes for Benton County, Arkansas, relative to the Arkansas average. In the early
1970s, Benton County resembled an average Arkansas county, with a similar wage to the
rest of the state and with similar skill intensity, as measured by the ratio of workers with
a college degree to workers with only a high school diploma. Since then, in parallel with
the expansion of Walmart’s headquarters in that county, the average wage has diverged
from the rest of the state, such that by now it is more than double the average Arkansas
wage. At the same time, it has experienced an influx of college graduates, leading to
stronger skill-deepening than the rest of the state. These outcomes are in line with the
central mechanism of the model, in which the aggregate spatial expansion of firms leads
to greater growth of income and demand for skilled labor in locations that specialize in

providing headquarters services.
Figure 10: Example: the expansion of Walmart (Walmart Inc. data)
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This example demonstrates the heterogeneous effects of firm spatial expansion once
aggregated to the regional level, with divergence in income and demand for skill across
different areas within a single state. As in the case of the previous example of Shake
Shack’s expansion, it is suggestive of potentially important heterogeneous effects for the

economy as a whole, given the observed spatial expansion of the average firm in the data.
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B Model derivations

B.1 Proof of proposition 1

Recall that x;; (z) Wy,l;; (z)j is the firm’s payroll in region j and denote by x;; (2) 74 (2)
the firm’s sales in region j. The share of z;; (2) ;; (2) that is allocated toward labor com-
pensation (in both the branch and the headquarters) is given by ¢ = m%l Define
the share of payroll originating from market j (¢ x;; (2) 755 (2)) that is allocated toward
headquarters labor as I';; (2), given by

e+1

Wiili (2) <
Yrij(2)

It is also helpful to define h;; (2) = <1E1£—2(JZ()) vafj )ﬁ l;; (2) as the hypothetical market-

e+1

specific allocation of headquarters labor. Note that Wj,;h; (z) =y im1 Tij (2) Whihij (2) <,

N etl e+1
or hi (2) = | i (2) by ()|
By the firm’s first-order condition with respect to ¢;; (2), the ratio of the j-originated

headquarters payroll to the branch payroll in j is

e+1 e+l
i (2) Whihaj (2) @i (2) ¥rij (2) — 4 (2) Wil (2)
e+1 T e+1
ij (2) Wesliy (2) < ij (2) Wejliy (2)
_ Fl] (2)
— Iy (2)
h; (z
()"
li; (2)
Rearranging both sides of this expression we obtain
e+1

Wi (hij (z))fl _ (Wh>‘ (hi (2) ) T
Wei \ s (2) Wi T\ ) |
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The headquarters payroll share at the firm level can then be obtained as

e+1
Li(z)  _ S wij (2) Whihig (2)
1-T; (Z> Z]kv 1 Tik ( ) ng&k (Z) etl
e+1 e+1

o Z ng ijezg ( ) € Whihij (Z) €
e+1 e+
T Yy ik (2) Wala (2) < Wity (2)

[un

1 N

e+l %
— Z iy (2) Wighy )+ ((%) (hi <z>) e ) ;
SN (2) Wk (2) Whi ) \ hij (2)

1 N e+1

e . (2) Wity () -
e+1
o S vk (2) Walar, (2)

y Wej I (Z) Z xzm ) Tim (Z) -
Wi Tij (2) =D e Tk (2) T (2)

(2
A ng z N
)

where
Wi (2) = <Z Qi (2) Wzl> 7 ,
7= 7
=g m=1)
_ a () Wty () D) am) )
Ly (2) = o7 X x ¥ .
= > @ik (2) Warlin (2) (Fiﬂ' (2) ; 2 k=1 i (2) Tij (Z)>

In the case of symmetric space, the above expressions reduce to:

e (e >)

where x (z) is the share of locations served by a firm of type z in each of the N regions in the
economy. When, in addition, ¢ — 0o, we get that W), and W, are the economy-wide prices
of headquarters labor and branch-level labor, respectively, and that the headquarters

payroll share for firm z is

7 (BN <,z))”_1

n—1-
1+ (%N;ﬁ (z))

['(z2)=

Let H and L be the endowments of headquarters labor and branch-level labor in the
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economy, and let F'(z) be the cumulative distribution function for firms of type z. In this

case:

P(z) _Wu  h(z) (Wi =1
1-T(2) W, Nz(2)l(2) 7(WhN ()> ’

and ;
h(z)=~" (%) (Nz ()" Na(2)l(2).

Labor market clearing for headquarters workers implies
W,
=y () et v @i ar )

< )/NIEE (N2 (=)' dF (2) L.

Therefore the ratio of headquarters wages to branch-level wages is given by

where 7 is a weighted power mean of firms’ geographical scope in the economy,

v=([aeoeyar <z>)";, e () = LG

with branch-level employment of each firm (s, (z)) as the weights.

B.2 Proof of propositions 2 and 3

Recall the firm’s problem

N R
max ) Z xi; (2) 15 (Aiz (yhi (z)% + 4 (z)%) 771)

hi(2),{¢ij(2)} {wiz (2

o—1

where ¢ = 57—,

1ij (2) is the firm’s local sales, and we define the intensity of head-
n—1

quarters labor in local production as I';; (z) = Z,h_ﬁ 2) 7 —r. Noting that wy;; (2) =
Yhi(2) T 44 (2) 2
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1
Wyili; (2)¢ and rearranging, we obtain

log wy;; (2) = log ¢ + - € 1 log Wy; + ! 1 log (1 -Ty; (%)) + 1 log ri; (2) -
The first-order condition with respect to h; (z) yields
N
Wihs () = 63Ty ()25 (2) s (2).
j=1
Noting that wy,; (2) = Whih; (2)% and rearranging, we obtain
al xi; (2)ri (2) a
wi (2) W =1 (; Z,’fzj Tk (,:) ik (Z)Fij (2)> (; ik (2) Tin (Z)) :
) =1(2) ’
which yields
log wp; (2) = log + e—i : log Wh; + 1 : logT; (2) log <Z T (2) Tig ( ) :

We now consider a small homogeneous reduction in the cost function C'(+) that results in
positive expansion in all markets, dlog x;; (2) > 0. Log-linearizing the first-order condition

for headquarters labor, we obtain

1
€ 46— Z bij (z) [dlogTyj (2) + dlog i (2) + dlogri; (2)],

where we define
Uyj (2) 45 (2) 135 (2) .
Sy Di (2) mar (2) i (2)

Log-linearizing the first-order condition for branch-level labor, we obtain

Gij (2) =

€ I (2)
—l—ll—F (2)

€
dlogl;; (z) = e+—1d10g rij (2) — dlogly; (2),

Log-linearizing the local labor intensity, we obtain
-1
dlogTy; (2) = (1 — Ty; (2)) L— (dlog h; (2) — dlog £;; () .
n

Log-linearizing local sales 7;; (2), we obtain

oc—1

dlogri; (2) = (' (2) dlog hy (2) + (1 = Iy; (2)) dlog £3; ()
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Combining the above expressions, we obtain two relationships between dlog/¢;; (z) and
dlogh; (2):

dlogh; (z) = - _T_ 1 Z¢ij (2) dlog w; (2)
#3000 (- Ty () ot 41y () T dloghels) (A
j=1 g
N c—1 n-1
#3205 () 1Ty 2) (7o = Yot (),
dlogl;; (z) =Ty, (z) dlogh; (2), (A.2)
where we denote
€ (o=t —nl L (=
Ty (2) = “1(" "> ) <1

First, we show that dlogh; (z) > 0 following a small reduction in the cost of expansion.

Combining (A.1) and (A.2) and rearranging, we obtain

-1 N

dlog hy (2) = GL {1 _ ((1 — & (z)> A B ”;1)} ;@j (2) dlogzi; () |

+1 o

where we define

6i(2) = i\f: ¢ij (2) (1 =Ty (2)) (1 =T (Z)> :

Since gz~5z (z) < 1, we get that <1 — gz~5Z (z)) ”T_l + gz~5Z (2) ”Tfl < 1 and dlogh; (z) > 0 when
Eé\le ¢ij (2) dlog x;; (2) > 0. Consequently, also dlogwy,; (z) > 0.

To see that headquarters wages increase more than branch-level wages, note that,
holding constant the labor-supply shifters (or allowing them to change but comparing
headquarters and branch labor in the same market such that ¢ = j), we get dlogwy,; (2) —
dlogwe; (z) = L (Ldlogh, (z) — dlogl;; (z)). Since Ty (2) is always smaller than 1, a
decline in the cost of expansion that keeps market-specific demand shifters T; constant
results in dlog ¢;; (z) < dlogh; (2). Consequently, dlogwy;; (2) < dlogw; (2).

Finally, whenever dlogh; (z) > 0, then dlogwg,; (2) > 0 if and only if T';; (z) > 0.
This is the case if "T_l — ”Tfl > 0, or ¢ > n. This completes the proof.
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B.3 Proof of proposition 4

Denote by R; and E; the total sales of locally headquartered firms in region ¢ and total

expenditure on locally active branches in region ¢, respectively. R; and F; are given by

R, = Z M; /x” 2)rij (2)dG; (2),

N

E;, = Z M, /xm i (2) dGy (2),

where M; is the mass of firms headquartered in region ¢ and G, (z) is the productiv-
ity distribution of these firms. In addition, define the headquarters intensity of locally

headquartered firms, f‘out’i, and of locally active branches, I_jmvi, as

Fous = Z/Q%fﬂfﬁhwﬂ%wmw%

Lons Z/waﬁf%%mQ”WWM”

We can now write the total headquarters payroll in region ¢ as

77Z) f‘aut,ifzzﬁ
total payroll to branch workers in region i as
¢ (1 —Tin) B,

and total payroll in the goods-producing sector as 1 IR, ;, where R, ; stands for total sales
from tradable goods in region 1.

We now assume that the bundles of headquarters labor, branch-level labor, and
tradable-goods labor are all Cobb—Douglas aggregators of labor from different skill groups
s € {1,..., S}, with skill intensities oy, s, au s, oy s, respectively. Define S;5 as the share of

regional income in ¢ that is paid to skill group s. From the above derivations, it can be

written as 3 _
ag,s¢Rg,i + O‘h,srout,id}Ri + Qp,s (1 - Fin,i) ¢Ez

Sis - )
Y

where Y; is total regional income.

Since income must equal expenditure, F; = Y;, the above can be rewritten as

6¢ags + 6¢ahs outz l + qubab,s (]- - Fin,i) .
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Since overall trade in goods and services is balanced in the model, total outflow of

headquarters services must equal the total inflow of tradable goods:

R, (ﬁ (- rin,i)) B — TR

Combining the above expressions, we obtain

Si= (1= ) gt 6 |aga + (e = ) T

4
out,i E
7

+ (Oéb’s — Oég,s> (1 — f’m,,z) , (A3)

where we denote 3 = BY.

Consider now a few special cases of Equation A.3. Suppose that s is the group of
skilled labor. When headquarters production uses only skilled labor (ay s = 1), branch
production uses only low-skilled labor (aps = 1), and the skilled intensity of tradable

goods is given by a = ay ,, then the skilled income share in region ¢ is given by

Sis = (1 — 5) a+ B {(1 — ) Fout,i% + Olfm,i] ;

as in Proposition 4.

For the economy as a whole, the income share of skill group s is given by

N
Y . -
Ss:g — Sis = 1_5 +ﬁr7
i=1 Zjvzlyj ( )04

where T is the aggregate intensity of the factors producing the non-rival headquarters
input in the production of services.

Whenn =1, T = fout’i = f‘m,i = # In this case, the aggregate skill intensity is

invariant to the spatial distribution of economic activity and given by

5. (1=A) oL

In this case, regional skill intensity is summarized by regional specialization in providing

; i Bi.
headquarters services, captured by the ratio R

y . R,
Sw:(l—ﬁ)a%—ﬁ{(l—a)ﬁ%—a} 711.

In particular, when there is no cross-region firm activity (e.g., when the cost of expansion
is infinite and x;; (2) > 0 only for ¢ = j), then all spatial differences in skill intensity are

eliminated, and skill intensity in all regions is given by (1 — B) a+p #
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C Model inversion

The set of location fundamentals A = {AiaBisaAg,i}i’s includes the productivity
shifters in the services sector, regional amenities, and regional productivity in tradable-
goods. I obtain A by inverting the model’s equilibrium conditions, conditional on all
other parameters.

To this end, I match three sets of regional outcomes in the data: total regional labor
income, Y;, regional employment in each skill group, L;s, and relative payroll for skilled
workers, which I label w;. I define w; as the ratio between total payroll of workers in the
upper half of the skill distribution (i.e., the top 2 skill groups that I defined in Section 5)
to the income of workers in the bottom half of the skill distribution (the bottom 2 skill

groups from Section 5).

C.1 Preliminaries: obtaining regional sales and expenditure

It is first useful to recall the definition of key regional outcomes in the model, which
I defined in Sections 3 and B.3. I denote by R; and F; total sales of the firms that
are headquartered in region ¢ and expenditure on branches that operate in region ¢,
respectively. I denote by R,; total regional sales of tradable goods in region 7. I define
by fout,i and fm,i the headquarters-intensity of locally-headquartered firms and of locally

active branches, respectively.

Finally recall that oy, ays, s denote the intensity of
group s in the headquarters labor bundle, branch-level labor bundle, and tradable-goods
labor bundle, respectively. With the above definition, total income of group s in region ¢
is given by

Yvis = ’QD (ahsfout,iRi + Qups (1 - Fm,z) Ez + agng,i) )

where recall that ¢ = 001 -7 1s the payroll share of sales. We then have that w; in the

model is defined as
Yi1 + Yio

Yis + Y’

where groups 1 and 2 are the top two skill groups and groups 3 and 4 are the bottom two

w; =

skill groups.
The first step of the inversion is to obtain E;, R;, and R,; that are consistent with

the model’s structure and with the above observables Y; and w;. Since E; is total local

451 elaborate on these definitions in Appendix B.3:

N zN:/ ( 2 xnizj)(;jf(“;)('z)Gn (Z’)> Pni ()G (2).

n=1"7%
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expenditure on local branches, it is simply given by E; = BY;, where recall that [ is
exogenous expenditure share on services. Now, let s denote the upper half of the skill
distribution and & denote the lower half. From the above expression for total income of

group $ in region 7, we have that
(witgr — ags) Rygi = (ans — wion) Touri Ri + (s — wiowr) (1 — Tinyi) Ei.

In addition, regional balance of payments in the model implies that

Rg,i = <ﬁ - (1 - fzn,z)) Ez - f‘out,iRi'

Combining these two equations, we obtain two equations for R; and R,;, conditional on

parameters, observables, and guesses for I';,; and 'y,

(B) " (s — wiank) + ((ags — wior) — (s — Wittni)) Tini

R, =
7t (hs — wiank) — (Qgs — Witgr)

E;

1
R, = —
wrout,i

[Ei (1/8 =4 (1= Ting)) — ¥Ry,]

C.2 Inverting A;

We now invert A; using the recovered value for R;. Recall that sales of a firm with

productivity z from region ¢ in region j are given by

o= o—1 1

—o=1l o=l 5 1 g-1_n _o—1_n_ o—1
zij (2)rij (2) =2y (2) B;Q; ° A7 2oy 7 vy (2)” 7 T hi(2) @
Aggregating across all i-based firms, we obtain:

o—1 o=l 5-1 1n

Ry = [y () ()G () = E,Q; 7 477 4712,

where we define

1

5y = / 1y (2) 25 Ty (2) 577 by (2)7 G (2).
Total sales by i-headquartered firms are given by
N
o—1 o—1 _n _L‘l,_
Ri=A;7 v 1 ZEij 7 2.
j=1

Thus, we can update our guess for A; by iterating over the following equation as part of

the solution of equilibrium:
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R;
N —e=1
Yim BiQ; 7 Ejj

Note that we have replaced the equilibrium condition that derives R; based on knowledge

Ai = ’)/_%

of A; with a condition that recovers A; based on knowledge of R;.

C.3 Inverting A,;

Using the information on R,;, we can similarly obtain a new guess for A,; from the

first order condition of firms in ¢’s tradable sector, yielding:

o—1

Ry
— g,?
Ag,i — 1

o—

_UT_l S Qgs o
Mg,iEgQg (Hs:l gg,is)

where M, ; is the guess for the mass of firms in the tradable sector; E, and @), are the

economy-wide expenditure and quantity index in the tradable sector; and H§:1 Egl,giz is the

Cobb-Douglas labor aggregator in the tradable production function.

C.4 Inverting B

Inverting the location choice equation 10, we obtain a new guess for Bi:

4 N - . I €
B, = — B.SWAS/p. v
Wi, (; ( js¥Vj J) Z;Vﬂ ng)

where P is the guess for the regional price index (including housing) and Wi, = LW,

is the regional ideal price index for workers of type s.
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D Additional details on the data

D.1 U.S. Census Longitudinal Business Database (LBD)

Sample selection. I follow a similar sample selection procedure to Barth et al. (2016).
I drop observations with non-positive employment or payroll, as well as establishments
with over 100,000 employees which are likely to capture miscoded records. I compute
average wages as the ratio of total annual payroll to total establishment employment. I
convert wages to 1982 dollars using the Consumer Price Index and exclude establishments
that have an average wage less than half the yearly equivalent of the 1982 minimum wage
of $3.35 an hour for a 40-hour week. I also omit firms in the utilities sector.

Firms and firm-level industry code. My definition of a firm follows the standard
Census Bureau firm identifiers that link different establishments together based on IRS
employer identification numbers (EINs) and ownership data from enterprise-level surveys.
A multi-establishment firm is defined as having at least two establishments.

In the LBD, establishments are classified into industries, but multi-establishment firms
do not have a unique industry identifier. I define the firm’s industry according to the 4-
digit NAICS code that accounts for the largest share of the firm’s payroll.*® For example,
a firm’s industry is classified as “Restaurants and Other Eating Places” if establishments
with a NAICS code of 7225 constitute most of the firm’s total wage bill.*” Similarly, I
define firm-level sector as the 2-digit NAICS sector that accounts for the largest part of
its payroll. In the example above, the firm’s sector would be “Accommodation and Food
Services” (NAICS 72). To classify firms into goods and services, I follow the standard
Bureau of Economic Analysis (BEA) definitions for “goods-producing industries” and
“services-producing industries”.*® T define a firm as a “service firm” if establishments in
services-producing sectors account for at least half of its total payroll.

Geography. In all data sources, I define a region or a local labor market according
to 1990 commuting zones (CZs) as in Tolbert and Sizer (1996). In the model, I consider
an aggregation of these commuting zones that groups together small neighboring com-
muting zones. I focus on the contiguous U.S., excluding Alaska, Hawaii and the American

territories, yielding a total of 722 commuting zones that aggregate into 200 local markets.

46Throughout the paper, I employ the longitudinally consistent industry codes from Fort and Klimek
(2018) that address changes in U.S. industry classification schemes over time.

471 construct a separate category for firms without a clear industry classification when no single
industry covers at least 40% of the firm’s payroll. This group of firms accounts for only a small share of
total employment and wage bill, so most firms in the data have a clear firm-level industry identifier.

484“Goods-producing industries” include agriculture, mining, construction and manufacturing.
“Services-producing industries” include all other sectors with the exception of utilities which are ex-
cluded from the analysis.
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D.2 Dun & Bradstreet

I use the Dun & Bradstreet Historical Records which provide data on U.S. private
and public companies going back to 1969, with the exception of 1981 and 1984. Each
establishment in a multi-establishment firm is linked to its headquarters establishment,
and therefore it is possible to infer the headquarters location for all establishments in the
data. I omit observations with missing firm linkages.

This data source has pros and cons relative to the Census LBD. For data on em-
ployment, it is less accurate than the LBD — especially for data on establishment-level
employment — and it lacks data on wages. However, a key advantage relative to the
LBD is that it clearly distinguishes between firm headquarters and branches, and it has
a headquarters identifier for each firm. Therefore, I use this data to compute cross-region
headquarters-branch linkages. See Barnatchez et al. (2017) for additional discussion of
this dataset, including evidence on its good coverage of the spatial allocation of firms.

Sample selection. [ drop observations with missing geographical data; missing in-
dustry; and missing data on establishment type and firm linkages. I omit establishments in
Public Administration and other selected industries that are beyond the scope of the LBD
dataset such as Membership Organizations, U.S. Postal Service, Federal and Federally-
Sponsored Credit Agencies, Private Households. I also drop Educational Services, since

it is hard to distinguish between privately-owned and government-owned establishments.

D.3 Lightcast

Data on online job postings is obtained from Lightcast, a business analytics company,
which extracts information from the near-universe of online job postings from a variety
of online sources such as job boards and company websites. Lightcast employs a desig-
nated algorithm to avoid double counting of postings across multiple sources. The data
covers 2010-2024, although I focus mostly on pre-Covid years 2010-2019. It includes ex-
tracted information on employer, job location, occupation, education-requirement, and
for approximately a fifth of total observations also posted salaries.

In these data, a firm is defined based on the set of job postings that share the same
codified employer name.*” The Lightcast data lacks establishment identifiers, but the
geographic location of the posting is known, allowing me to compare firms’ postings
across different commuting zones. These data are only available since 2010, but it is
nevertheless useful for understanding how multi-location service firms are structured.

To distinguish firm headquarters from branches, I merge the Lightcast data with
Dun & Bradstreet firm geography using name and location matches. The match is per-

formed year by year, with the goal of retrieving headquarters FIPS codes from the Dun

Lightcast claim to invest much effort into name codification to ensure that they capture the same
entities.
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& Bradstreet data. To standardize names across datasets, I apply the stnd_compname
command in Stata, which removes nonessential words while retaining the core company
name. Matching proceeds in two stages: first, through exact name matches; and second,
through a fuzzy match that requires the first seven letters to coincide and allows a maxi-
mum string distance of two, implemented using the stringdist command in R. Table 7
shows the number of matches by year, with the number of matched firms ranges between
22,000 and 60,000 per year for the period 2010-2019.

Table 7: Match counts by year

Year Exact match Fuzzy match

2010 22,240 3,872
2011 27,201 4,835
2012 23,879 3,984
2013 30,451 5,416
2014 30,650 5,472
2015 38,992 7,514
2016 35,801 6,730
2017 34,784 6,181
2018 51,536 12,176
2019 58,999 14,359
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E Additional empirical and quantitative results
E.1 Additional information on firm expansion (Section 2.2)

Table 8: Statistics on firm spatial expansion

Type of firm ‘ Year ‘ Firms | % of workforce | Emp. per firm ‘ Estabs. per firm ‘ CZs per firm
Goods-producing firms 1980 | 639800 31% 38.0 1.2 1.1
Goods-producing firms 2017 | 778400 14% 23.3 1.1 1.1
Services, single estab. 1980 | 2407000 40% 12.7 1.0 1.0
Services, single estab. 2017 | 3769000 38% 13.1 1.0 1.0
Services, multi-estab. and single-CZ | 1980 | 69000 5% 53.2 2.9 1.0
Services, multi-estab. and single-CZ | 2017 | 72500 % 125.3 3.5 1.0
Services, multi-estab. and multi-CZ | 1980 | 43500 24% 432.6 12.2 5.0
Services, multi-estab. and multi-CZ | 2017 | 72500 41% 748.2 20.4 6.4

Note: Data from the Census Bureau Longitudinal Business Database. Goods- and services-producing
firms stand for firms with at least half of their wage bill across all establishments in goods- and services-
producing sectors, respectively. Multi-estab. stands for a firm with at least two establishments, and
multi-CZ stands for a firm with establishments in at least two 1990 commuting zones

Figure 11: Firm expansion through the extensive margin

.24 — Firm size
Establishment size =
| ——— Estabs./firm /

Log change relative to 1980

-.05- ) .
1980 1990 2000 2010 2020

Note: This figure shows that changes in the average number of establishments per firm account for all the
increase in average firm size (defined as employment per firm) since 1980, while average establishment
size (employment per establishment) remained constant. Data from the U.S. Census Business Dynamics
Dataset for firms with at least five employees.
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Figure 12: Firm expansion by sector
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Note: This figure shows the log change in the average number of establishments per firm relative to 1980

by economic sector, for firms with at least 5 employees. Data from the Business Dynamics Statistics
dataset.

Table 9: Additional statistics on firm structure in goods-producing sectors

Type of firm ‘ Year ‘ Firms ‘ % of workforce | Emp. per firm | Estabs. per firm | CZs per firm
Goods, single estab. 1980 | 623000 11% 49 1.00 1.00
Goods, single estab. 2017 | 762000 % 38 1.00 1.00
Goods, multi-estab. and single-CZ | 1980 | 6900 1% 210 1.78 1.00
Goods, multi-estab. and single-CZ | 2017 | 5400 1% 230 1.03 1.00
Goods, multi-estab. and multi-CZ | 1980 | 9900 19% 8942 69.66 18.73
Goods, multi-estab. and multi-CZ | 2017 | 11000 6% 3535 48.22 11.50

Note: Data from the Census Bureau Longitudinal Business Database. The table includes statistics for
firms with at least half of their wage bill in establishments in goods-producing sectors. Multi-estab.
stands for a firm with at least two establishments, and multi-CZ stands for a firm with establishments in
at least two 1990 commuting zone.
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E.2 Additional results on decompositions of wage inequality
(Section 2.3)

E.2.1 Comparison of rising inequality across workers and across establish-

ments

I now establish that inequality across establishments accounts for most of the increase
in overall inequality across workers in the economy. To this end, Table 10 compares the
change in the variance of log wages between 1980 and 2017 across multiple data sources.
The first row in Table 10 shows the change in this variance using data on individual-level
reported wage earnings in the Decennial Census and the American Community Survey.
Between 1980-2017, this variance has increased by 0.17 points. Similar magnitudes have
been found by Song et al. (2019) using data from the U.S. Social Security Administration,
and by Barth et al. (2016) using data from the BLS Current Population Survey (CPS).
The second row in Table 10 repeats this exercise for establishment-level wages in the LBD,
weighting different establishments by their employment. Evidently, both sources yield the
same increase in the variance of log wages. Formally, let w; be the log of earnings for
individual 7, and let e(7) be the establishment that employs individual i. By the law of
total variance, the total change in variance equals to the sum of change in variance across

establishments and the average change within establishments,

AVar [w;] = AVar [E [w;|e (7)]] + AR [Var [w;|e (7)]]
Total change in variance Change in Variance;rcross establishments ~ Change in variance svrithin establishments

Both the left-hand-side of this equation and the first term on its right-hand-side equal to
approximately 0.17. Therefore, the last term that captures rising within-establishment
variance is found to be close to zero.

The second Column in Table 10 repeats these findings for within-industry inequality,
by demeaning detailed industry fixed-effects from log individual and establishment wages
before computing the increase in the variance. Again, I find similar magnitudes across
the Census/ACS and the LBD datasets, reinforcing the small role of within-establishment
variance in the overall increase in inequality. Overall, rising within-industry wage disper-
sion accounts for slightly over half of the total increase in inequality.’® Similar magnitudes

for the role of within-industry trends are obtained when utilizing data from the CPS.%!

S0Haltiwanger et al. (2022) find that a slightly higher share — around 60% — of the rise in total inequality
in the LEHD is due to differences between industries starting from the late 90s. Indeed, I find that the
importance of differences between industries becomes larger in the latter part of the sample, reconciling
the figures reported here with their findings.

*lComparing these moments to the Social Security Administration data as in Song et al. (2019) is
infeasible due to the lack of high-quality industry identifiers in that data.
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Table 10: Rising variance of log wages in the U.S. economy

Change in the variance of log wages (1980-2017)

Data Total change | Within-industry change
Decennial Census / ACS - across U.S. workers 0.17 0.1
LBD - across all establishments 0.17 0.09

Note: This table summarizes changes in the variance of log wages in the U.S. economy between 1980-2017.
The first row computes this measure from individual-level reported wage earnings in the Decennial Census
and the American Community Survey. The second row reports this measure for average establishment-
level payroll in the LBD. The first column shows the overall change, and the second column reports this
change after controlling for industry-level fixed effects.

E.2.2 The role of multi-establishment firms in the rise of inequality — without

industry fixed effects

Figure 13: The role of multi-establishment firms in the rise of inequality - without industry
fixed effects

— All establishments
------ Single-establishment firms o~
—— Multi-establishment firms ~

A Variance rel. to 1980

1980 1990 2000 2010 2020

Note: This figure shows changes in the employment-weighted variance of log average payroll across es-
tablishments in the Longitudinal Business Dataset (LBD) in selected years relative to 1978: for all estab-
lishments (solid-black line), for multi-establishment firms (dashed-red line) and for single-establishment
firms (dotted-gray line). Relative to Figure 2 in the paper, this figure shows this decomposition without
first demeaning industry fixed effects.

E.2.3 Occupational headquarters intensity and the rise of wage inequality

I now investigate how much of the overall increase in the variance of log wages in
the economy can be accounted for by the distinction between headquarters and branch
occupations. To this end, I decompose the overall increase in variance in the Census-ACS
data, as in the above. I merge the headquarters-intensity measures from Section 2.1 to the

Census-ACS data using workers’ occupation codes,” and then compute how much of the

52For this exercise, I employ time-invariant classifications of occupations, utilizing the occ1990dd classi-
fication from Autor and Dorn (2013) and Autor et al. (2019). See also https://www.ddorn. net/data.htm.
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Table 11: Decomposition of the rise in variance of individual earnings

Component of log individual earnings ‘ A Variance 1980-2017 ‘ % of total A

HQ-intensity of the occupation 0.08 46%
Commuting zone and college attainment 0.03 18%
Covariance 0.03 20%
Residual 0.03 16%
Total 0.17 100%

Note: this table shows a variance decomposition of individual wage earnings from the 1980 Decennial
Census and 2015-2019 American Community Survey. Individual earnings are regressed on the interaction
of commuting-zone and college attainment fixed effects, and on the continuous measure of occupational
headquarters intensity from Section 2.1 of the paper. The table shows changes over time in the variance
for the predicted part of earnings based on each of these components, and the residual change in variance.

rise in variance is explained by the increasing importance of this measure between 1980-
2017. Specifically, I project log individual wage earnings on my HQ-intensity measure
and other selected individual characteristics, and compute the share of the overall rise in
variance this measure accounts for. I include in this projection a series of fixed effects
capturing individual educational attainment, geography (commuting zones), and their
interactions, in order to highlight the strength of my HQ-intensity measures on top of
these other factors. Results from this variance decomposition can be seen in Table 11.
The overall increase in the variance of log wages in the economy over the covered period
stands at 0.17 points, similarly to the increase across the universe of establishments in the
LBD. Out of this increase, 46% can be accounted for by my occupational HQ-intensity
measure; 18% by the combination of education and geography; and additional 20% by
their covariance. Of course, this is only an accounting decomposition, and the substantial
role for my HQ-intensity measures could be reflecting other mechanisms that are not
related to firm expansion. However, it provides further evidence that the HQ-branch

distinction seem to be quantitatively important for the question of rising wage inequality.

I merge my headquarters intensity measures to this classification using a concordance between the 158
occupational codes in the Lightcast data and the occ1990dd codes.
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E.3 Classifying O*NET tasks (Section 4)

The following prompt is used as an input to a large language model (LLM) to classify
the outputs of O*NET tasks as non-rival, rival, or ambiguous.

You are analyzing work tasks from ONET in the context of a firm with many branches.
You need to determine whether the output of each ONET task is non-rival across branches.
Non-rivalry occurs when a task output can be used simultaneously across multiple firm
locations without diminishing its value, availability, or functionality at any single location.
Consider outputs like standardized procedures, software code, training materials, analyt-
ical frameworks, or digital templates. In contrast, rival outputs include location-specific
services, physical products, or tasks that require dedicated resources that cannot serve
multiple locations simultaneously. For example, the output of a manager can be non-rival
if it is dedicated to developing training program that can be deployed across all branches,
while it can be rival if it is dedicated to a conference call with a team from one branch.

Classification Instructions: For each work task description provided, classify the out-
put using exactly one of these categories: NON-RIVAL, RIVAL, or AMBIGUOUS (in-
sufficient information in the task description to make a clear determination about rivalry

characteristics).

E.4 Additional results for Section 4.2
E.4.1 Spatial disparities

In this section, I provide the regression tables with OLS and 2SLS results for the
analysis from Section 4.2 on firm expansion and spatial disparities.

The model yields several implications for how the expansion of locally headquartered
firms affects regional outcomes. Markets where such firms expand more should see a
relative increase in expenditure on headquarters jobs within the services sector. These
markets should also exhibit increased specialization in services relative to goods produc-
tion, implying a decline in the manufacturing employment share. Finally, because this
shift amounts to a positive local labor demand shock, both regional wages and total
employment should rise.

Table 12 presents evidence consistent with these predictions. The key explanatory
variable is the log number of commuting zones (CZs) served by firms headquartered in a
given market in 1980. For example, because Walmart Corporation was headquartered in
Benton County, AR in 1980, its subsequent expansion into additional commuting zones
between 1980 and 2017 contributes to Benton’s average measure of local firm expansion.
Columns 1-4 correspond to the following outcomes, all in logs: the headquarters share of
total payroll in services, constructed from the payroll share in the Decennial Census or

American Community Survey of the most headquarters-intensive occupations (as defined
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in Section 2.1); the manufacturing employment share from the County Business Patterns;
average wages from the BLS Quarterly Census of Employment and Wages (QCEW); and
total employment from the QCEW. The sample includes all commuting zones in the
contiguous U.S. with at least 10,000 residents in 1980, in order to reduce measurement
error and avoid comparisons with very rural areas. The analysis covers five benchmark
years: 1980, 1990, 2000, 2010, and 2017. For the regression of the headquarters payroll
share, I exclude outliers where the measure equals 1, equals 0, or is missing.

The OLS results (Panel A) show that local markets with greater expansion of locally
headquartered firms experienced reallocation to headquarters activity within the services
sector, reallocation away from manufacturing, and an increase in regional wages and
employment, all consistent with the model. All results are quantitatively meaningful and
statistically significant at standard confidence levels.

To isolate a causal effect of local firm expansion on such labor market outcomes, I
instrument the expansion of locally headquartered firms using ex-ante exposure to national
industry expansion trends. Specifically, for each labor market area i and period ¢, I

construct the following shift-share measure of exposure to firm expansion:

EE = Y. <—N2‘I’%80 > x log <_—m’” ) :
ketndustrics \ 2k V. z‘k’c;zl980 locationsy, 1980
Here, Nzg,?gso is the number of firm headquarters located in region 7 for industry & in 1980
(from the Dun & Bradstreet dataset), and mm is the national average number of
locations per firm in industry k& at time ¢. The logic is that regions hosting headquarters
of industries that expanded more nationally after 1980 were more ”exposed” to spatial
firm expansion by their locally headquartered firms, regardless of other local conditions.
This approach follows the shift-share (Bartik) tradition (Bartik, 1991).

The 2SLS results (Panel B) confirm the OLS patterns: expansion of locally headquar-
tered firms significantly increased headquarters payroll shares, reduced manufacturing
employment shares, and raised both wages and employment. The first-stage KP-Wald
F-statistics, reported at the bottom of the table, are around conventional thresholds, in-
dicating relevance of the instrument. The magnitudes are higher, in line with the expected
attenuation bias resulting from measuring expansion of locally headquartered firms using
the Dun & Bradstreet data.

Finally, Panel C repeats the 2SLS analysis when controlling for time-varying regional
employment shares in the information and financial sectors (NAICS 51 and 52), ruling
out concerns that the results are driven by exceptional regional growth in these industries.

Overall, Table 12 provides strong evidence consistent with the model’s predictions:
regions more exposed to expansion of their locally headquartered firms experienced a

reallocation toward headquarters services, away from manufacturing, accompanied by
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regional gains in wages and employment.

Table 12: Expansion of locally-headquartered firms and regional labor market outcomes

(1) (2) (3) (4)
Outcome: (log) HQ share Manuf Average  Total em-
share wage ployment

Panel A: OLS

Log # CZs for locally HQed firms  0.0909***  -0.0917***  0.0476***  0.0707***
(0.0197)  (0.0254)  (0.0113)  (0.0225)

Panel B: 2SLS

Log # CZs for locally HQed firms  0.613** -0.942%F* (0,391 %K* 1.136%**
(0.264) (0.292) (0.134) (0.328)

First-Stage F-stat (KP-Wald) 7.761 14.38 14.38 14.38

Panel C: 2SLS + Controls

Log # CZs for locally HQed firms  0.596** -0.890*H*F  (.378*H* 1.175%**
(0.265) (0.285) (0.134) (0.347)

First-Stage F-stat (KP-Wald) 7.586 13.39 13.39 13.39
Year and CZ fixed effects Y Y Y Y
Observations 1925 2499 2499 2499

Notes: Local labor market outcomes against expansion of locally-headquartered firms. FEach column
shows the estimated coefficient from a regression of a different labor market outcome for a given local
market against the log number of locations that are operated by the firms that were headquartered there
in 1980. Columns 1-4 include as outcome variables the logs of headquarters share of total payroll in
services, manufacturing share of total employment, average wages, and total employment, respectively.
Observations include five years (1980,1990,2000,2010,2017) and commuting zones with at least 10,000
employees in 1980. Observations number is smaller in column 1 since missing values or values that equal
1 or 0 are dropped. The other columns rely on administrative data. Panel A shows the OLS results,
and Panel B instruments the expansion of locally-headquartered firms with the instrument described
in Section E.4. Panel C shows the 2SLS results when also controlling for the time-varying regional
employment share in the information and financial sectors (NAICS 51 and 52, respectively). Standard
errors are clustered at the commuting zone level. * p < 0.1, ** p < 0.05, *** p < 0.01.

E.4.2 Long-run occupational and industry dynamics

In this section, I test whether long-run wage growth has been concentrated in more
headquarters-intensive occupations, and whether this effect is particularly pronounced in
sectors that underwent greater spatial expansion. To do so, I draw on the measure of
occupational headquarters intensity introduced in Section 2.1. I combine this measure
with long-term changes in occupation-level wages using data from the Census Bureau’s
Decennial Census and the American Community Survey. The empirical exercise consists of

regressions of changes in occupational outcomes at the industry—occupation level between
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1980 and 2017 on the headquarters intensity measure.®?

Table 13 reports the results. Column (1) shows that relatively more headquarters-
intensive occupations experienced larger increases in total payroll, implying greater rel-
ative sectoral expenditure on headquarters labor once sector fixed effects are accounted
for. Columns (2) and (3) reveal similar positive associations for log average wages and for
residual wages (controlling for individual demographics and location), indicating greater
wage dispersion between headquarters and branches. Columns (4)-(6) extend the analy-
sis by interacting headquarters intensity with an indicator for sectors in the top quartile
of spatial expansion. Consistent with the model’s predictions (Propositions 1-3), sec-
tors that expanded more geographically exhibit larger relative increases in both wages
and residual wages of headquarters-intensive occupations. Moreover, consistent with sub-
stitutability between headquarters and branch labor (n > 1), these sectors also display

greater reallocation of labor costs toward headquarters-intensive work.

Table 13: HQ-branch dispersion based on occupational classifications

M (2 3) (4) ©) (6)

Outcome: 1980-2017 changes in - Pay share Log wage Logr. wage Pay share Log wage Logr. wage
Occupational headquarters intensity 0.0912%**  (.519%** 0.0809** 0.0401**  (0.362*** -0.0325
(0.0263)  (0.0507) (0.0390) (0.0195)  (0.0593) (0.0491)
Headquarters intensity x high expansion 0.0963**  0.295%**  (.214%**
(0.0467)  (0.0936) (0.0780)
Industry fixed-effects Y Y Y Y Y Y
Number of observations 13325 13325 13325 13325 13325 13325
R-squared 0.206 0.422 0.253 0.213 0.426 0.256

Note: Changes in occupational wages and payroll-shares between 1980-2017 as a function of headquarters
intensity. Each cell shows the estimate from a regression of changes in industry-occupation level outcomes
against the headquarters intensity of the occupation and against an interaction of this measure with
an indicator for high-expansion industry. Each column captures a different industry-occupation-level
outcome: changes in within-industry occupational payroll shares (columns 1 and 3); changes in log
average wages (columns 2 and 4); and changes in log residual wages (columns 3 and 6). All changes are
between 1980-2017. The measurement of occupational headquarters intensity is described in Section 2.1.
High-expansion industries are those with the greatest increase in average establishments per firm (the
top quartile of this distribution). Observations are weighted by total employment. All columns control
for industry fixed effects. Occupations and industries are classified in accordance to the occ1990dd and
ind1990ddz classifications from Autor and Dorn (2013) and Autor et al. (2019), which can be found in
https://www.ddorn.net/data.htm. * p < 0.1, ** p < 0.05, *** p < 0.01.

53For this exercise, I employ time-invariant classifications of industries and occupations, utilizing the
occ1990dd and ind1990ddx classifications from Autor and Dorn (2013) and Autor et al. (2019). See also
https://www.ddorn. net/data.htm.
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E.4.3 Pass-through from firm growth to HQ payroll and wages in the LBD

In this Section I study how the relative expenditure on headquarters labor and the
relative wages in headquarters establishments change when firms expand in space using
the LBD data. Recall that one key prediction in the model is that as firms expand, then,
other things equal, they increase the relative wages in their headquarters jobs relative to
branch-level jobs. Moreover, if 7 # 1, then also the relative expenditure on headquarters
jobs rises. Here, I study these relationships using the Census LBD data, leveraging the
alternative measurement of headquarters activity using the variation in establishments’
industry classifications within firms (see Section 2.1 for details).

Specifically, the analysis regresses measures of relative headquarters intensity on the
firm’s log number of establishments, using variation both across firms and within firms over
time. The outcome variables are the log ratio of headquarters to branch payroll (Column
1) and the log ratio of headquarters to branch average wages (Column 2). Columns 3 and
4 repeat the specifications with firm fixed effects, year and sector-by-year fixed effects, and
controls for regional wage differences across the locations where firms operate, as required
in the model (see Proposition 2). The sample is restricted to Economic Census years
from 1997 to 2017, and standard errors are clustered at the firm level. Establishments
in the LBD are classified as headquarters or branches based on their industry codes, as

described in Section 2.1.

Table 14: HQ-branch dispersion based on industry classifications

(1) (2) (3) (4)

Outcome: Log ratio between HQ and branches | Payroll ratio Wage ratio Payroll ratio Wage ratio

Log # of establishments 0.305%** 0.0394%** 0.153%%* 0.0403**
(0.0152)  (0.00526)  (0.0325) (0.0123)

Observations (rounded) 29500 29500 29500 29500
Year and firm FE Y Y Y Y
Year x sector FE N N Y Y
Controls N N Y Y

Note: Relationship between firms’ scope and within-firm headquarters-branch dispersion. Each obser-
vation is a firm at a particular year. Column 1 shows the estimated coefficient from a cross-sectional
regression of the log of the firm’s payroll ratio between its headquarters and branch establishments, as
defined in Section 2.1, against the firm’s log number of establishments. Column 2 replaces the outcome
variable with the log ratio of average payroll per worker between headquarters and branch establish-
ments. Columns 3 and 4 repeat columns 1 and 2 when controlling for firm fixed effects, year fixed effects,
year xsector fixed effects, and controls for differences in average regional wages across firms’ locations.
Standard errors are clustered at the firm level. The sample includes years from Economic-Census years
starting from 1997 (i.e. 1997,2002,2007,2012,2017). * p < 0.1, ** p < 0.05, *** p < 0.01.

The results reveal a positive relationship between firm scope and within-firm headquarters-
branch payroll and wage dispersion. In the cross-sectional specifications, a one log-point

increase in the number of establishments is associated with a 0.31 log-point increase in
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the payroll ratio between headquarters and branches, and a smaller but still significant
0.04 log-point increase in the wage ratio. When adding firm and sector-year fixed effects,
the payroll ratio estimate is attenuated but remains positive and significant at 0.15, while

the wage ratio estimate stays close to 0.04.
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E.5 Additional information for the quantified model
E.5.1 Skill groups and skill intensities

Definition of skill groups. I define four skill groups by dividing workers into equally-
sized bins in the 1980 Decennial Census based on the average skill requirement of their
occupation. The skill requirement is measured using the share of college graduates in
each occupation. I use the same allocation of occupations to skill groups when computing
statistics for the skill groups in 2017. This division into skill-groups has a few advantages
relative to categorizing individuals based on their educational attainment. First, the
demographic composition of different education groups has changed dramatically over
time; this is not the case for my four groups of occupations. Second, the relative size of
these groups remained relatively constant over time, allowing me to abstract from changes
in the aggregate supply of skill. Finally, it allows me to consider more skill groups.
In support of this approach, the average college intensity of a worker’s occupation is a
stronger predictor of their wage than their own educational attainment.

Skill intensities. I also recover the skill elasticities in production oy, ous, ogs directly
from the data, by computing the payroll-share of each group in all three activities. To
compute s and ay, | utilize the occupational headquarters-intensity measures from
Section 2.1, and the fact that each occupation is classified into a single group, delivering
the intensity of each skill group s in headquarters and branch production. For oy, I
take the payroll share of each group in goods-producing sectors. The values for all skill

intensities can be found in Table 15.

Skill group | aps | s | s

1 0.07 | 0.16 | 0.37
0.11 | 0.19 | 0.19
0.22 |1 0.26 | 0.19
0.59 | 0.39 | 0.25

=~ W N

Table 15: Calibrated values for skill-intensities in the headquarters labor bundle (), branch-
level labor bundle (cy ), and tradable-goods labor bundle (ay ).

E.5.2 Headquarters-branch gravity

In this Section I document the strong gravity pattern of headquarters-branch linkages
and how it has changed over time. Denote by M;; the number of establishments in loca-
tion 7 that belong to i-headquartered firms. Table 16 reports the results from a gravity
regression of M;; against log bilateral distance, controlling for origin and destination fixed
effects, where each observation corresponds to a pair ij of the 200 local markets in my

quantification.®® T also include a dummy variable for whether the two markets share state

4] implement this procedure using the Dun & Bradstreet data, which has the key advantage that
every multi-establishment firm has a clear headquarters location. In contrast, in the LBD, headquarters
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borders, to account independently for state border effects. Column (1) shows results for
1980 from an OLS regression that sets the log of M;; as the outcome variable, abstract-
ing from ij pairs with zero linkages. Column (2) estimates this relationship using the
Poisson Pseudo-Maximum Likelihood estimator from Silva and Tenreyro (2006), allowing
for zero bilateral linkages and encompassing all observations. In both specifications, the
coefficient on distance is negative and statistically significant, at around unity. Notably,

the coefficient on distance has declined over time as can be seen in Columns (3) and (4).

Table 16: Gravity for cross-region firm linkages

(1) (3) (2) (4)
1980 2017

Outcome: number of cross-region establishments Logs Levels Logs Levels
Log distance -0.956%**  -0.981*** | 0. 777K _(0.608%**

(0.0135)  (0.0322) | (0.0128)  (0.0165)
Different state -1.132%FK 1 281K | _1.032%**  (0.873***

(0.0263)  (0.0445) | (0.0246)  (0.0334)
Origin and destination fixed effects Yes Yes Yes Yes
Observations 11451 39800 11451 39800
R-squared 0.688 0.767
Pseudo R-squared 0.790 0.838

Note: This table shows results from the regression of the number of bilateral headquarters-branch linkages
across pairs of local markets against the distance between the markets and a dummy that equals 1 if
the markets do not share state borders. Each observation is a pair out of 200 local U.S. labor markets
as defined in Section 5.2. Columns (1) and (3) are estimated in logarithms by ordinary least squares
(OLS), and Columns (2) and (4) are estimated in levels by Poisson pseudo maximum likelihood (PPML).
All specifications include headquarters-location and branch-location (origin and destination) fixed effects.
Columne (1) and (3) show results for 1980, Columns (2) and (4) show results for 2017. * p < 0.1, **
p < 0.05, *** p < 0.01.

location cannot be inferred for a large share of firms, especially in earlier periods. The Dun & Bradstreet
data is well-suited for this purpose, since it puts great emphasis on documenting firm linkages, and since
the spatial distribution of firms and establishments is one of the dimensions in which it compares well to
administrative datasets. See Barnatchez et al. (2017) for additional details.
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Figure 14: Labor market implications of lower state-border effects
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Note: Distributional implications of lower state border effect. The x-axis depicts changes in the state
border effect in the cost of expansion, k, expressed in terms of the difference from the baseline equilibrium
(with zero representing the baseline equilibrium). Positive values indicate lower state border effect in
absolute value. The y-axis in each subplot captures changes in selected moments of interest relative to
the baseline equilibrium, after re-computing the equilibrium for every new value of p: change in the
gravity coefficient of headquarters-branch linkages (top-left panel); % change in average establishments
per firm (employment-weighted and unweighted, top-middle); % change in mean wage dispersion between
headquarters and branches (top-right); change in variance of log wages (overall, across firms, and within
firms; bottom-left); change in the variance of log wages and the variance of high-skilled to low-skilled
employment (bottom-middle); change in the variance of log firm productivity (bottom-right).
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