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Abstract

The economic consequences of changing the distribution of power within firms is a fundamental
question, yet little is known of the longer-run growth effects of giving more autonomy to local
managers. We match direct measures on decentralization of decision rights within firms to out-
put and inputs in two complementary datasets: U.S. Census Bureau and international company
accounts across 18 countries. In both datasets we show that decentralization from headquar-
ters to plant managers is robustly correlated with growth over 15 years. We introduce a new
IV strategy exploiting the decentralization tendencies of previous parent companies (a “donor
firm” method) to show that the positive relationship between decentralization and growth ap-
pears causal. We find similar results using an alternative IV based on industry decentralization
trends in culturally similar countries. We highlight two mechanisms for the positive effect of
decentralization on growth. First, our results are strongest in older firms still controlled by the
founder, suggesting some founders may inefficiently hoard power. Second, more decentralized
plants perform better when faced by exogenous increases in business opportunities (market size
shocks), suggesting they have greater agility. Overall, our results suggest a tendency in firms

towards excess centralization.
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1 Introduction

Issues of power and authority are an intrinsic part of social, political, and economic life, and in-
fluential scholars from across social science disciplines have contributed to our understanding of
the origins, characteristics, and potential consequences of these forcesﬂ The management “guru’s
guru”, Peter Drucker, is perhaps the most famous exponent of the benefits of decentralizing man-
agerial power. The economy “has to be decentralized ... its organizations must be able to make fast
decisions, be based on closeness to performance, closeness to the market, closeness to technology...
which must be seen and utilized as opportunities for innovation” (Drucker, 1993)E| Drucker’s views
were in sharp contrast to many traditional approaches which emphasized the importance of com-
mand and control. For example, Henri Fayol (1841-1925), is generally recognized as the founder of
management science alongside his contemporary, Frederick Taylor. He saw the military as the ideal
type of efficient organization, and his fourteen ‘principles of management’ included centralization,
discipline, unity of command and direction and the subordination of individual interests (Fayol,
1933) P

Modern organizational economics points to the allocation of authority as a key part of the
firm design (from Coase, 1937, Simon, 1951, through to |Gibbons et al. (2012) and Bolton and
Dewatripont, 2013). Despite this interest and a multitude of business case studies, formal empirical
evidence of the consequences of delegating power within firms is very rare, especially over longer-run
horizons. This is partly due to two major empirical challenges. First, the analysis requires both
direct measures of decentralization and firm outcomes over long periods of time to abstract away
from the influence of short-term shocks or business cycles. Second, since decentralization is a design
choice, we need exogenous variation to isolate its causal effects. This is challenging as organizational
features like decentralization tend to be persistent over time (e.g. [Ichniowski et al.| (1997); |Gibbons
and Roberts| (2012); (Gibbons and Henderson| (2012)). The few recent studies with causal designs to
study the impacts of decentralization have been in the context of the public sectors of developing
countries, which have been more amenable to conducting experimentsﬂ

We tackle these twin challenges of data and design by assembling two sets of longitudinal micro-
data on both decentralization and business outcomes. One uses administrative and survey data from
the U.S. Census Bureau, and the other uses accounting and World Management Survey (WMS) data
from 18 countries. We show across both datasets that establishments with a higher baseline level
of decentralization from their headquarters subsequently experience higher levels growth (in sales,
value-added, and employment). Since sales and value-added growth generally outpace employment
growth, measures of labor productivity also tend to rise.

We introduce two complementary IV designs that exploit plausibly exogenous variation in the
extent to which plants are given control rights from their headquarters. One design exploits the
rich longitudinal firm ownership histories from the Census Bureau, and another exploits the cross-

country comparability of the WMS. Across both settings and research designs, we find consistent

1For example, see the literatures following Marx| (1867); Russell| (1938); [Parsons| (1963); [Dahl| (1957); Weber| (1978).

2See “Our Central Problem: Not Enough Decentralizing”, The Drucker Institute
https://drucker.institute/thedx/our-central-problem/ . Drucker himself attributed these insights to his favorite guru,
Mary Parker Follett (1868-1933) “The ramifications of modern industry are too widespread, its organisation too
complex, its problems too intricate for industry to be managed by commands from the top alone.” (Robinson, 2005)

3More modern supporters of Fayol would include Jacques (1990), for example. See “In Praise of Hierarchy”
https://hbr.org/1990/01 /in-praise-of-hierarchy .

4We discuss [Duflo et al. (2018); [Bandiera et al.| (2020); [Baldn et al. (2022)) in the next subsection.



evidence that our results reflect the positive causal effects of decentralization on growth, as opposed
to the differential selection of high-growth plants into adopting decentralization.

For U.S. data on decentralization and plant outcomes, we combine the Census Bureau’s Man-
agement and Organizational Practices Survey (MOPS) with establishment-level data on shipments,
value added employment and survival from the Census of Manufactures (CMF) and the Longitudinal
Business Database (LBD). The MOPS data was collected as a supplement to the 2010 and 2015
Annual Survey of Manufactures (ASM). The survey asks respondents to directly report the degree
of autonomy plant managers have from the central headquarters in six separate areas: capital in-
vestments, hiring of full-time employees, product introduction, marketing, pay, and product pricing.
Our primary measure of decentralization is an index calculated from the plant manager’s responses
over these six decisions, which can be interpreted as the share of business decisions that a plant
can make autonomously. We use the CMF as our primary source of plant-level data on the total
value of shipments, value-added, and employment between 2002 and 2017. We focus on these as
measures of plant size, and we additionally consider sales per worker and value-added per worker as
measures of the plant’s labor productivity. We augment the CMF with administrative data cover-
ing the near-universe of U.S. private, non-farm employers from the LBD as our primary source of
data on firm characteristics and on establishment entry and exit. The LBD combines administra-
tive payroll tax records with annual surveys of large firms to track establishment births, exits, job
creation/destruction, and firm ownership structures from 1976 onwards (Chow et al. [2021)).

To generate exogenous variation in plant decentralization, we introduce a “donor firm” method-
ology that exploits differences in the historical context in which an acquired plant operated prior to
joining its current owner. To fix ideas, consider the diverging fates of two acquisitions by Microsoft.
In 2014, it acquired the establishments that constitute the mobile phone division of the Finnish con-
glomerate Nokia. Despite its history of dominance, the division has been struggling to adapt to the
smartphone revolution due in part to a “Soviet-style bureaucracy” in the company’s design process
(O’Brien, 2010). The acquisition had several elements that promised success — Nokia’s CEO at the
time was a former Microsoft executive, and the two organizations had a history of collaboration on
their mobile products. Microsoft intended to use the acquisition to jumpstart the competitiveness of
its mobile platform by tightly aligning hardware and software (as Apple has done), and it integrated
several high-level Nokia executives into its organization, including putting the current Nokia CEO in
charge of all Microsoft devices (Bort), 2013|). However, the division’s sales stagnated as the company
struggled to align the mobile division’s priorities with the rest of the firm, and it ultimately sold the
division back to a startup run by former Nokia executives in 2016 for $350 million, a tiny fraction
of the $9.4 billion it paid just two years earlier (Greene and Verbergt, [2016). In the same year,
Microsoft made an even larger, $26 billion acquisition of the social networking startup LinkedIn
without a substantive history of operating in the area. Contrary to the expectations of market
skeptics, the firm recognized LinkedIn’s “distinct brand, culture, and independence” and decided to
retain its leadership team and operate it as a separate and autonomous entity that reports directly to
the Microsoft CEO. In the years following the acquisition, LinkedIn has experienced steady growth
and continued to by and large ... operate as a separate entity from the rest of the company,” even
deferring planned integration with other Microsoft products to ensure they’'re “maintaining the trust
of [their] membership” (Erlichman| 2019} Novet| [2019).

We use the consistent longitudinal coverage of both establishment and firm characteristics in



our Census data to systematically assess the validity of these examples in an instrumental variables
(IV) framework. We assume (and provide supporting evidence) that (i) multi-establishment firms
have propensities to decentralize across all their units (this “culture” may be the solution to long-
standing firm-specific factors); (ii) when an establishment is bought by another firm, it tends to keep
a portion of its previous control rights; (iii) conditional on the new firm’s characteristics and the
plant’s economic environment, the original decentralization status of the “donor firm” is otherwise
uncorrelated with any subsequent shocks to the plant (except through the plant’s persistent degree
of decentralization). We implement our IV strategy by identifying a set of plants that were acquired
between 1982 and 2002 (up to twenty years before we start measuring plant outcomes) and using
the characteristics of their donor firms in 1982 that predict firm decentralization (such as size) as
an instrument for the eventual decentralization propensity of the acquired plants. This strategy is
related to the long-run institutional persistence literature, which uses long-dated characteristics of
a geographical area (at a critical historical conjunction) as plausibly exogenous determinants of key
institutional features (e.g.,|Acemoglu et al.| (2001} 2005)); Dell| (2010))). Once these institutions bed
down, they often persist even when the initial characteristics change or are no longer relevant to
outcomes.

Our results from the U.S. data show that plant decentralization is robustly correlated with 15-
year-long growth rates and that the effects seem to be driven by the causal effect of persistent
decentralization on labor productivity. For example, in our baseline OLS regressions, we find that
a one standard deviation increase in decentralization (equivalent to getting full autonomy for an
additional 1.2 out of 6 business decisions) is associated with a 0.4 percentage point (p.p.) increase
in annual sales and value-added growth, and a 0.3 p.p. increase in jobs growth.

Our baseline IV results are larger for outputs, but smaller for employment, suggesting that the
channel may operate through labor productivity growth. We confirm that the effects of decentral-
ization on the sales or value-added per worker at surviving plants are especially large in our IV
regressions. These effects also remain similar after adding an array of detailed controls, including
structured management (as in Bloom et al.| (2012, 2019)) and the detailed characteristics of the
parent firm. Finally, as a placebo exercise, we find that our instrument has no effect on the growth
rate of single-unit firms — a setting where decentralization from headquarters to plant managers
would not be operating, but other potential concerns with the exogeneity or excludability of our
“donor” firm strategy would have remained relevant.

To assess the degree to which our results generalize to other countries and settings, we also
create another, internationally comparable dataset based on the World Management Survey. The
WMS is a survey of plant managers that has asked questions on decentralization from the 2006
wave onwards, nearly identical to MOPS. We match the WMS to firm-level accounting data from
BVD ORBIS and focus on the firm-level growth in sales and employment in 6-year increments as
our principal outcomes of interest.

We exploit the international dimension of our linked WMS data to construct a complementary IV
strategy to our Census data “donor” firm design. Specifically, we follow the literature that considers
culture as an important driver of decentralization decisions (e.g. |[Hofstede| (1984)), and we find
that firms in English-speaking countries (Australia, Canada, New Zealand, and the U.K.) are more
likely than firms in other countries to follow the decentralization propensities of comparable firms

in the U.S., despite the fact that production technologies may be similar across countries within



any given industry. We use the differential willingness of English-speaking countries to align with
the decentralization practices of their American peers (firms in the same industry) as a source of
non-technological variation in decentralization, and we consider the corresponding difference in firm
outcomes across the industry-country pairs.

Despite the differences in the underlying source of variation, our results from the WMS are
consistent with the positive causal effect of decentralization on firm growth. Our baseline OLS
estimates indicate a one standard deviation increase in decentralization is associated with a 0.6
annual p.p increase in sales growth and a 0.4 p.p increase in employment growth. When we focus on
the U.S.-induced industry-level correlation in decentralization in other English-speaking countries,
we again find corroborating evidence on the causal effects of decentralization.

Finally, we highlight two related questions. Why, if decentralization is beneficial are so many
firms centralized? And what are the potential mechanisms behind these positive, long-run effects
of decentralization? On the first question, we find that the effects of decentralization are especially
strong in firms that are over a decade old, but are still controlled by the founder. As a result, the
negative effects of centralization may reflect in part an inefficient organization structure that stems
from the desire to “hoard power” by firm owners. On the second issue of mechanisms, we find that
decentralized plants are more agile — growing faster in industries that experienced sustained exoge-
nous growth in product demand over the 15-year time period. This greater agility suggests that local
information may be a persistent advantage that plant managers have over company headquarters in
both good and bad times.

So, taken together, the data suggests that in the long-run decentralization on average does foster
growth, broadly in line with the Drucker hypothesis.

After a brief literature review, the rest of the paper is organized as follows. Section [2| describes
our data, Section [3| the empirical strategy, Section [4] presents the main MOPS results, Section
examines WMS, Section [f] mechanisms and Section [7] concludes. Online appendices have more data

details and further results .

1.1 Related Literature

Our paper is most closely related to the small but growing literature on the empirical effects of
decentralization on organizational performance. [Kalal(2019) uses a policy change to study the effects
of decentralizing control from the Indian federal government to managers of state-owned enterprises.
Decentralization depends on (partly nonlinear) rules relating to the prior profitability and net assets
position of these enterprises. She finds that decentralization increases firm value-added up to ten
years later. There were also distributional impacts increasing markups but reducing worker amenities
(such as housing). [Bandiera et al.| (2020) uses a randomized control trial in Pakistan to examine the
impact of increasing autonomy to government procurement officers (600 officers in 26 districts of the
Punjab). Autonomy enables the government to secure lower procurement prices without lowering
product quality. [Balan et al.| (2022) also have a randomized control trial, this time decentralizing
the collection of property taxes from the central state agency to local village chiefs in the Congo.
They find that decentralization raised tax collection (but also bribes) as the chiefs had better local

information on which households were more likely to pay their taxes. Our paper is consistent with



these three papers in finding a positive causal effect of decentralization on performanceﬂ But it
differs as we focus on the private sector in mainly developed countries, rather than decentralizing
control rights from government entities in emerging economies. To our knowledge, we are the first
paper systematically documenting the longer run growth effects of decentralization within private
firms. This is an interesting context, as there are many reasons why public sector entities could have
inefficient organizational architectures, especially in countries with weak state capacityﬂ

Our paper is also related to the literature that focuses specifically on the performance of pri-

vate firms under decentralization. |Aghion et al.| (2021)) examine the short-run growth responses of

decentralized firms to the negative economic shock of the Global Financial Crisis. Their data does

not allow them to look at longer run like ours, which is why they focus on business cycle variation.

Bradley et al|(2011) report a positive relationship between firm independence (which they interpret

as a proxy for greater autonomy in resource allocation decisions) and firm survival during downturns
using Swedish data. Neither paper has designs to capture exogenous differences in decentralization.

We also contribute to the existing literature on the determinants of decentralization (for example,

see the survey in |[Aghion et al|(2014)). On the theory side, our paper relates to the literature on
decentralization within the firm (see |Gibbons and Roberts (2012)) or |Garicano and Rayo| (2016) for
recent surveys) and incomplete contracts (see Gibbons and Roberts| (2012))). In particular,
(1936); Hayek| (1945)); Hart and Moorel (2005)); |Acemoglu et al.|(2007) analyzes the optimal allocation

of authority and how it depends on the trade-off between the nature of the agent’s local information

and the potential for conflicts between the principal’s and agent’s incentives. Empirically,
land Wulf (2006); Blundell et al. (2016) document a movement towards decentralized firms, and
[Caroli and Van Reenen| (2001)); [Bresnahan et al (2002); (Guadalupe and Wulfl (2010)); [Katayama)
let al.| (2018); McElheran| (2014); Dessein et al| (2019) highlight factors that influence the extent of

decentralization within firms. Our “donor firm” IV strategy additionally emphasizes the role of path

dependency as a determinant of decentralization, which supports the literature on organizational

persistence (see [Feldman et al.| (2019) for a survey), while our international IV highlights the role of

culture in addition to technology (e.g., (1984)).

2 Data

We detail all datasets in Appendix [A] but summarize some main features here.

2.1 U.S. Establishment-level Data

Management and Organizational Practices Surveys (MIOPS) We draw our direct measures
of decentralization and management practices from the Management and Organizational Practices
Surveys (MOPS), the world’s largest survey on organizational practices. It was conducted by the
U.S. Census Bureau as a supplement to the Annual Survey of Manufactures (ASM) and responses

were legally mandated, ensuring a very high sample response rate. We use the first and second waves

51t is also consistent with the message of . The authors conducted an experiment in India,
doubling environmental inspections in the treatment group, but made them random, so removing discretion from
local inspectors. There was little effect which they interpret as being due to the removal of autonomy from the
inspectors who were using their local information to more effectively target plants.

6More broadly, our paper is also related to the large literature on autonomy and school effectiveness. See, e.g.,
|Galiani et al.| (2008); |Clark] (2009); Hanushek et al.| (2013); |Abdulkadiroglu et al.| (2016)).




referring to reference years 2010 and 2015 (with recall questions back to 2005). The design was based
on the World Management Survey (WMS) that we discuss below and was generally answered by a
plant manager (for more background on the MOPS, see Buffington et al.| (2016) and Appendix [A)).

One block of the survey contained questions on decentralization regarding the degree of autonomy
the plant manager had from the central headquarters. The dimensions of decentralization related
to six areas: (a) capital investments, (b) hiring of full-time employees, (¢) product introduction,
(d) marketing, (e) pay, and (f) product pricing. For example, the capital question reads: “In 2005
and 2010, what was the dollar amount that could be used to purchase a fixed/capital asset for
this establishment without prior authorization from headquarters?” There were five choices for the
question on autonomy in capital investments, starting with “Under $1,000” (coded as 1) up until “$1
million or more” (coded as 5). The other questions had three possible responses. For example, the
labor hiring question was: “In 2005 and 2010, where were decisions on hiring permanent full-time
employees made? “Only at this establishment” (coded as 3); “Both at this establishment and at
headquarters” (coded as 2); “only at headquarters” (coded as 1).

Our baseline approach is to follow the extant literature and normalize the scale of all six de-
centralization questions to be between 0 and 1, and calculate the plant’s decentralization index as
the simple arithmetic average of the plant manager’s autonomy scores over these six decisions. This
approach gives the decentralization index an intuitive interpretation as approximately the share of
the six business decisions where the plant has maximal autonomy. We examined alternative ways
to build the decentralization index and found our results to be robust across different approaches[]

Each survey asked the respondent to report the plant’s degree of decentralization separately for
the reference year and five years earlier. As a result, we observe a plant’s decentralization status up
to four times - in 2010 and 2015 (from the contemporaneous questions in the 2010 and 2015 surveys),
as well as in 2005 and 2010 (from the 5-year recall questions in the 2010 and 2015 surveys). The 2010
recall responses are useful as an additional source of data for 2010, and the 2005 recall responses
are especially valuable because they measure decentralization at a time close to the beginning of our
plant outcomes period that otherwise would not be covered by any existing organizational surveys.
Bloom et al.| (2019) has shown that these recall responses tend to be high quality whenever the
tenure of the manager responding to the survey started at least one year before the recall period,
so we correspondingly only use recall responses from managers with at least seven years of tenure
at the establishment.

Other Census Data Given that the sampled plants for the MOPS are drawn from the universe
of manufacturing plants, we focus on measuring long-run outcomes at the plant level using the
2002 and 2017 Censuses of Manufactures (CMF). The Economic Censuses are conducted every five
years, and 2017 is the most recent year of data available. Defining the start of the sample period
in 2002 ensures that we are able to maximize the time horizon for measuring plant outcomes while
still observing a plant’s decentralization status close to the start of our sample period. The CMF
provides plant-level data on its total value of shipments (which we use as a proxy for sales), value-
added, and employment. We focus on these three measures as our focal measures of plant size,
and we additionally consider shipments per worker and value-added per worker as measures of the
plant’s labor productivity.

"For example, our empirical results are similar if we z-score and aggregate over each of the six responses, or if we
discretize the overall decentralization measure to a binary above/below median indicator.



Although the CMF provides important plant-level detail on sales and value-added for the near-
universe of manufacturing plants, it is missing detail for non-manufacturing plants and during non-
Census years. Consequently, we use administrative data covering the universe of US employers from
the Longitudinal Business Database (LBD) as our primary source of data on firm characteristics,
ownership, and establishment entry and exit. The LBD combines administrative payroll tax records
with annual surveys of large firms to track establishment births, exits, job creation/destruction, and
firm ownership structures from 1976 to the present(Chow et al., |2021). We exploit this longitudinal
coverage of both establishment and firm characteristics to identify mergers or acquisitions and to
construct instruments for the historic size of “donor” firms. We also use the LBD as our primary
measure of establishment exit.

For constructing our measure of export-based shocks to market size we use trade data. Estab-
lishment revenues by product class are available from the Longitudinal Firm Trade Transactions
(LFTTD) data which contain the universe of export shipments at the firm-product level. For the
growth in a foreign product by country export market we use the UN COMTRADE data which has
exports and imports by year at the HS six-digit by country level.

2.2 International micro-data from WMS and BVD

The MOPS data is the largest single-country database containing direct measures on decentralization
that currently exists. But being from a single country raises questions about the generalizability of
the results to other nations. To investigate this issue we use the World Management Survey (WMS)
which contains information on decentralization and other features of the firm. In short, the WMS is
a telephone-based survey of plant managers that has been ongoing since 2004. From 2006 onward,
respondents were asked questions on decentralization. The wording of the MOPs questions was
based on these WMS questions, so they are essentially identical. The two key differences are that
first, the WMS only has the first four of the six MOPS questions (relating to capital, labor, product
introduction, and marketing). Second, the WMS method was more open as the interviewers were
able to probe the respondents for practical examples to more accurately score the managers.

We used three waves of WMS in 2006, 2009, and 2013 across 18 WMS countries. WMS asked
many other questions regarding firm, worker, and manager characteristics (e.g. management prac-
tices, industry, education, ownership, etc.). To obtain outcome data, we match the WMS into
firm-level accounting data from BVD ORBIS in order to obtain sales, employment, age, etc. Using

this outcome data we estimate empirical models analogous to the ones in MOPS.

2.3 Descriptive Statistics

Some descriptive statistics on MOPS are contained in Table [1| for the baseline OLS sample of about
7,300 establishments. The mean of the plant decentralization index is 0.371 with a standard deviation
of 0.195. It can be seen that the firms are relatively large compared to the whole LBD, with an
average plant employment of over 100 and an average firm employment of over 1800. The typical
plant accounts for just under a quarter (23%) of the shipments in the firm. The middle part of the
table shows changes between 2002 and 2017. Unsurprisingly since this is the manufacturing sector,
the average plant was shedding about 2.7% of its workforce per year. Nevertheless, output has not

fallen so quickly, with only a 0.2% annual fall in shipments, implying a substantial increase in labor



productivity.

In Figure [1| we show bivariate binscatters of annualized plant growth over 15 years (2002-2017)
and decentralization. There is a strong upwards gradient for all three measures - sales, value added
and employment. The slope of the gradient appears similar for the output measures, but more
shallow for the input jobs measure, suggesting a positive association of labor productivity with
decentralization.

We show the relationship between (i) firm sales and employment growth (from BVD) and WMS
decentralization in Figure [2| and (ii) plants employment growth and decentralization (both from
WMS) in Figure As with Figure [If from MOPS we see a strong upwards sloping relationship
in the raw data. We now move to some more formal econometric investigation of these intriguing

statistical relationships.

3 Empirical Strategy

3.1 The relationship between decentralization and establishment growth

We start by estimating the relationship between establishment growth and decentralization using

the following specification:

AY; 2002—17 = pDEGC; 2005 + 7 + 0X; + Ag, (1)

where the dependent variable AY; 2002—17 is the annualized growth in plant i’s outcome Y; be-
tween 2002 and 2017, and the explanatory variable of interest is DEC; 2005, the plant’s i’s decen-
tralization index in 2005 (as measured by MOPS). For outcomes that measure plant size (i.e., total
shipments, value-added, and employment), we use the Davis et al.| (1998)) transformation (hence-
forth, “DHS”) that measures relative changes both at the intensive and extensive marginﬁ For
outcomes that measure labor productivity (i.e., shipments per worker or value-added per worker),
we restrict our sample to plants that had positive employment in 2017, and we consider the log-
difference in outcomes between 2002 and 2017. Since outcomes always enter as a long difference
between 2002 and 2017, we implicitly net out any persistent differences in each outcome at the
plant level. In addition, we allow for arbitrary differences in industry growth rates over our sample
period by including four-digit NAICS industry fixed effects (v,). Depending on the specification,
we also allow for additional control variables, X;, such as establishment baseline log(employment)
and log(payroll) (measured in 2002), establishment structured management practices (as measured
in 2005), and other characteristics (X;) that we discuss below. We cluster all standard errors, (¢;)
at the firm level to allow for arbitrary correlations in outcomes between establishments in the same
firm.

An obvious concern in interpreting p as the effect of decentralization is that there could be
omitted factors correlated with growth and DEC. For example, |Caliendo et al| (2020) find that
firms add organization layers in response to positive demand shocks. To mitigate this concern, we
have used the plant’s lagged decentralization index (from 2005, the first year decentralization data

are available), estimated in long-differences and allowed for industry trends. We assess the degree to

Yi,2017 —Y5,2002 % 100
(Yi,2017+Y3,2002)/2 © 2017—2002°
Plant-level value-added is negative in a couple of observations, so we censor these at zero.

8Specifically, we define AY; 2002-17 = and we assign exiting plants to Y; 2017 = 0.



which this concern may be driving our OLS estimates by systematically allowing for plant growth
rates to depend flexibly on other lagged observables. The most general specifications include plant
baseline size (log employment, I, and log payroll, w, in 2002), plant practices (structured management
scores from 2005), firm characteristics in 2002 (log employment, log payroll, log number of plants in

the firm and log age) and the plant’s share of firm employment in 2002.

3.2 [Exogenous variation in decentralization

Although adding plant, firm, and industry controls can help rule out some potential confounding
mechanisms, decentralization may still be correlated with unobserved plant-level variables that affect
growth. Consequently, we describe how we exploit differences between plants’ historic owners as
a source of variation in a plant’s current propensity to be decentralized. As noted in the previous
section, the Census Bureau maintains longitudinally consistent identifiers at both the plant-level and
the firm-level in the LBD from 1976 to the present day. By following a plant’s firm-level identifiers
over time, we can identify establishments that have changed owners through a M&A event as well
as the characteristics of their previous owners, who we describe as “donor firms” (for more details
on how we identify mergers, see Appendix . Our key assumption is that a plant’s degree of
autonomy is likely to be persistent over time, whereas direct economic relationships between the
plant and the donor firm cease following a change in ownership. There is a wealth of evidence from
case studies and also a smaller econometric literature suggesting strong organizational persistence
(e.g. |Gibbons and Henderson| (2012))).

To make this approach concrete, define Dj as a firm’s permanent propensity to decentralize

control to its plants. Then defining J (i,¢) as the firm that owns plant ¢ in period ¢, we assume:

E [Afi,2002717|DJ(i,1982)7li,19827wi,198277n] =0 (2)

In other words, for plants that have changed ownership between 1982 and 2002, the decentralization
propensity of the plant’s donor firm in 1982 is uncorrelated with the unobserved factors that affect
the plant’s growth rate between 2002-2017. It is plausible that the characteristics of a parent firm
two decades after spinning off an establishment do not have a direct effect on the growth prospects
of this establishment (conditional on plant controls) except through the legacy of the organizational
form that the firm “donated” to it’s previously owned plant.

If we were able to observe each donor firm’s decentralization propensity, we would be able to
test for the causal effect of decentralization by using the donor firm’s decentralization propensity
as an instrument. However, the set of donor firms where we directly observe the decentralization
of at least one establishment is small, both because donor firms from 1982 are unlikely to survive
at least through to 2010 (by definition they were the subject of at least a partial acquisition) and
because MOPS itself is a partial sampling of plants in the manufacturing sector. So instead we use
observable correlates of the firms’ propensity to decentralizeﬂ Our primary instrument is the firm’s
total log(employment), but we show results using a variety of other 1982 observables such as the

log(firm payroll), log(number of plants in the firm), etcm

9.e.

Dios2) = F1Z ;1 1082, A (li,1082, Wi 1082) , Pn]

10We also considered machine learning approaches to build a predictor of firm decentralization trained on MOPS
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Our final IV estimation equations are then:

DEC; = 7Z} 1980 + A (li 1982, Wi, 1082) + ¥n + V4 (3)
AY; 2002—17 = BDEC; + O (l; 1982, Wi 1982) + Vo + A€; 2002—17 (4)

where Z/ 9g5 18 the log employment of donor firm j/ in 1982 and DEC,; is the average decentralization
index of plant ¢ across all waves of the MOPS. In our preferred specification, we separately control
for the establishment’s employment and payroll in 1982 to ensure that we are isolating the variation
from each donor firm’s other plants for identification, and in some specifications, we also additionally
include the plant’s structured management score and the plant’s recipient firm characteristics in
2002 to assess the degree to which our IV estimates may be driven by other channels unrelated to
decentralization.

What are the threats to our identification strategy embodied in Equation ? The core assump-
tion is that the characteristics of the donor firm in 1982 that we use to proxy for decentralization
propensity are uncorrelated with the establishment’s future growth shock between 2017 and 2002.
This assumption could be violated if there was a feature of the donor firm that made it more likely
that its spun-off plants would grow faster than average 20 years later (or similarly if it was sold
to a high-growth firm where all establishments grew in later periods). For example, perhaps larger
firms were more likely to sell (unobservably) high-potential growth establishments. We view this as
ez-ante unlikely because this effect should be reflected in the plant’s growth performance 1982-2002
which we capture by the observables in Equation such as 2002 and 1982 plant characteristics
and 2002 firm characteristics. However, a placebo test of this concern is whether we observe faster
growth in a spun-off establishment where decentralization should be irrelevant. We consider estab-
lishments that become single-unit firms as a placebo. Since our MOPS decentralization measure
refers to decentralization from the headquarters to the local plant manager, the decentralization
channel is irrelevant for single-unit firms, whereas other potential channels would apply for both
single-unit and multi-unit firms.

A second concern is that although Equation holds, the causal mechanism is not through de-
centralization but rather through some other inherited organizational feature from the donor firm.
Because we have rich organizational information from MOPS we can go further and directly in-
vestigate this alternative channel by repeating our baseline estimation strategy, but using other
organizational measures than decentralization. In particular, we may be concerned that the struc-
tured management practices (that Bloom et al (2019) show to be correlated with short-run growth)
are also inherited from donor firms and confound the decentralization effect. Consequently, we di-
rectly control for a plant’s structured management score to assess whether our results are driven by
the persistence of management practices. We find that our decentralization term dominates with
a little-changed coefficient on decentralization. Our view is that plant autonomy, once granted, is
particularly hard to rescind, so the long-run donor firm design we have developed here is well suited

to examining the impact of decentralization.

waves. In the event, this did not buy us much more, as a single variable such as size tends to be a very strong predictor
of decentralization as discussed below.
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4 Main MOPS Results

4.1 Decentralized and Growth: OLS Results

Our first result is that a plant’s baseline degree of decentralization is robustly correlated with its
subsequent, long-run growth. Table[2|shows estimates of Equation using the growth in the estab-
lishment’s total value of shipments in Panel A, the growth in value added (shipments less materials)
in Panel B, and employment in Panel C, all taken from the Census of Manufacturers. Column (1)
regresses annualized growth over the fifteen-year period of 2002-2017 on decentralization in 2005
controlling for for industry dummies. The later columns cumulatively add more controls. It is imme-
diately clear across all three outcomes and all four specifications, the coefficient on decentralization
is positive and statistically significant.

In column (2) of Table we control for the plant’s log employment and log wagebill. In terms of
magnitudes, the coefficient of 2.256 for the relationship between baseline decentralization and sales
growth in our preferred specification is non-trivial. From Table [, we can see that the standard
deviation of our decentralization index is 0.195. Hence, a one standard deviation increase in decen-
tralization is associated with a 0.440 ( = 2.256 x 0.195) percentage point increase in sales growth
per year. The relationship between decentralization and value-added growth is nearly identical,
suggesting a one standard deviation rise in decentralization is associated with a 0.433 ( = 2.223 x
0.195) percentage point increase in value-added growth. The correlation with employment growth
is somewhat smaller in magnitude: about 0.311 ( = 1.594 x 0.195) percentage points. This suggests
a net positive association of decentralization with labor productivity, a finding we will assess more
directly in the next table. In column (3) we also include the plant’s management score and in
column (4) we additionally include controls for the current parent firm’s characteristics (in 2002).
The coefficient on decentralization falls only slightly moving from the basic specification to the final
column with a rich set of controls (e.g. from 2.322 to 2.191 in Panel A).

Our outcomes in Table[2lare in “DHS” form so combine both the intensive and extensive margins
so a natural question is whether our growth results are driven by plant exit or by growth among
the survivors. Appendix Table explicitly puts plant exit as the outcome in Equation (If) to
consider the extensive margin. Either in our baseline specification or one with the most general set
of controls, we find that decentralized establishments are more likely to survive between 2002 and
2017 than their centralized counterparts. A one standard deviation increase in decentralization is
associated with a fall in exit of 1.38 percentage pointsH

In Table [3] we look more directly at the growth of plant productivity by presenting estimates
of the growth in shipments per worker (Panel A) and value-added per worker (Panel B) for the
sample of plants that have positive sales, value-added, and employment in 2017@ In column (2),
our baseline specification, the coefficient (standard error) on the relationship between shipments per
worker and decentralization is 0.457 (0.245). This implies that a one standard deviation increase
in decentralization is associated with about a 0.089 (= 0.457 x 0.195) percentage point increase in

annual labor productivity growth. The estimates on value-added per worker (in Panel B) are similar

11Since the DHS measure treats plant exit as equivalent to a -200% drop in plant outcomes, this extensive margin
effect is equivalent to a 1.38 x m = 0.184 annualized size effect. In other words, approximately 42% of the
relationship between decentralization and sales growth is due to changes in the extensive margin, and three-fifths is
due to changes in the intensive margin.

12 Although the exit channel is irrelevant for this sample, the relationship between size growth and decentralization
is qualitatively similar to the estimates in Table
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in magnitude but more noisy, being only (weakly) significant in the final column.

There are two reasons why the coefficients in Table [3] are smaller than in Table First, the
coefficients on decentralization in the output equation are larger than those in the labor input
equation. For example, the difference in column (2) of Table [2| between sales in Panel A and
employment in Panel C is 0.662 =(2.256 - 1.594). This is still larger than the 0.457 coefficient in
Panel A column (2) for a second reason. In contrast to the results for plant size where exiters
really do have zero sales and employment, productivity can only be defined for survivors, so we are
forced to drop exiting plants (which is why we have 6,100 plants in Table [3|instead of 7,300 plants in
Table. Given our empirical finding of a positive relationship between survival and decentralization
discussed above (and documented in Appendix Table, we underestimate the relationship between
productivity and decentralization in Table[3]since the least productive establishments are most prone

to exit.

4.2 Decentralization and growth: IV Results

The previous subsection provided robust evidence that establishments that were initially decentral-
ized grew faster than their centralized counterparts over the 2002-2017 period. We now document
that exogenous variation in a plant’s decentralization, based on the decentralization of its previous

owner in 1982 (and before) also appears to generate significantly faster long-run growth.

4.2.1 Core IV results

Table [4 shows the First Stage of our IV regressing current decentralization on our main proxy for
the donor firm’s propensity to decentralize - its (log) employment in 1982. The order of the columns
mirrors the earlier tables where we build up from the most basic specification in column (1) to the
most general regression in the final column with the richest set of controls. The instrument is highly
significant in all columns and implies that larger firms are more likely to be centralized. One reason
for this could be that coordinating actions across plants is more important in large corporations
(for example, in pricing decisions). The firm size effect is not negligible. Using column (2), a one
standard deviation increase in firm size (1.7 from Table [1)) reduces the decentralization index by
about 9% (=(1.7x0.01)/.195)) of standard deviation. Note that the addition of the plant’s 1982
establishment size in column (2) of Table [4{ means that the coefficient on firm size is identified solely
from the variation in size of the donor firm’s other establishments, and is, therefore, an important
check on our conditional exogeneity assumption.

Table [5| presents our key results using our three major growth outcomes of sales, value-added
and employment. There is a clear positive and significant causal effect of decentralization on sales
in all columns of Panel A. The F-statistics at the base of the columns range between 42 and 55
and confirm that our instrument has considerable power. The estimates are again similar for value
added in Panel B, which suggests that our results are not driven by increases in materials.

Interestingly, none of the impacts on employment are significant in Panel C of Table[5] except for
the simplest specification of column (1). Indeed, in the final column, the point estimate is negative
(albeit with a large standard error). This suggests that the positive impacts of decentralization on
employment growth we saw in OLS may be spurious. The results are contrary to theories of “empire-

building” where plant managers prioritize plant employment size over revenue growth. Rather, they
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suggest that plant managers hold superior local information that allows them to operate more
efficiently (Aghion and Tirole, 1997)).

To look at the productivity impact more directly, Table [6] contains the IV productivity regres-
sionE We find significant and large effects of decentralization. Using our baseline specification
in column (2), we find that a one standard deviation increase in decentralization leads to a 3.16
percentage point increase in sales per worker and a 2.65 percentage point increase in value-added
per worker.

The IV results are a lot larger than our OLS estimates. Focusing on the sales growth effects in
the final columns, the IV results are about seven times as big. Below, we will investigate the validity
of our instruments further, but in terms of interpretation, we think it is unlikely that the downward
OLS bias can be fully explained by attenuation bias or omitted variables. More likely, the reason
for the larger IV coefficients is due to the establishments that provide the identifying variation
for the instrument (a LATE interpretation). Implicitly, the plants driving the IV estimates are
those who have stuck with the organizational pattern of their original donor firms despite changes
in ownership. In other words, plants that are able to most successfully resist changes in their
organizational structure across ownership changes may also be the ones that benefit the most from
decentralization. For example, consider a decentralized plant being acquired by a firm with a high
propensity to centralize. Forcing such a firm to centralize may have strong negative effects on its
performance if there is a general tendency towards over-centralization at the firm level, especially
if acquired establishments tend to be in “peripheral” or new business areas in which the parent
firm has weaker knowledge or expertise (Andrade et al.,2001; Renneboog and Vansteenkistel |2019).
Section [6] will present some evidence suggesting that this is indeed the case.

4.2.2 Placebo Test of IV

The nature of our instrument and the result of our specification checks support the interpretation that
the variation behind the instrument is unrelated to unobserved shocks to plant outcomes between
2002 and 2017. However, the primary threat to a causal interpretation is that historic differences in
firm ownership may be affecting subsequent growth through channels other than decentralization.
Although our control for structured management practices in column (3) of Table |§| tests for this
explanation, it is possible that there are other transmission mechanisms.

In Table [7] we present a direct test of the exclusion restriction through a placebo check. If
persistent decentralization is the key mediator between the historic firm and subsequent plant growth,
then the historic decentralization propensity of the donor firm should have no effect on plants where
the decentralization channel is irrelevant. Since decentralization is defined as the delegation of control
from firm headquarters to other plants, one observable placebo group should be the establishments
that serve as the headquarters to its firm - i.e., single-unit ﬁrmsE We estimate the reduced form
analog of our IV specification on all primary outcomes, and we find that the effects of historic firm
size are generally small in magnitude and statistically insignificant in all cases. Moreover, given that
the relationship between original firm size and subsequent decentralization is negative, the placebo

estimates for value-added and value-added per worker are of the wrong sign (positive).

13The relationship between size growth and decentralization for this sample of survivors is again qualitatively similar
to Table
14For more details on how we construct the placebo sample, see Appendix
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4.2.3 Other robustness tests of IV

We conduct a number of robustness tests on these results. Appendix Table reports the first stage
estimates for the survivors in the IV productivity sample. Reassuringly, the first-stage estimates are
similar to the first-stage estimates in the overall sample, so our productivity estimates in Table [f]
are not driven by potential differences in the persistence of decentralization for these plants.

Appendix Table expands the set of historic 1982 firm characteristics to include historic firm
wagebill and establishment count as additional instruments in our baseline IV specification. Note
that by including the additional characteristics as logs, this specification implicitly allows for vari-
ation in average pay or establishment size to also explain subsequent decentralization and firm
outcomes. The results corroborate the main results: we identify positive and significant decentral-
ization effects on sales, value-added, and labor productivity, but zero effect on employment growth.
Moreover, we cannot reject the null in the over-identification test that our IV estimates are the same
across these instruments, despite the distinct conceptual channels they may capture. This provides
further reassurance that the effects of these instruments are operating through decentralization
rather than through an alternate channel.

Finally, although we consider plant-level outcomes between 2002-2017 and allow for exit in the
size regressions, there is a concern that plants must survive at least until the 2010 MOPS to be
included in our sample. If the plants that exit between 2002 and the 2010 MOPS have different
responses to decentralization than the plants that survive until the 2010 MOPS, then this selection
introduces bias in our IV estimates even if the instrument was as good as randomly assigned and
operated solely through the decentralization channel. To test for the role of this selection channel,
we estimate the reduced form equation implied by our IV system of equations and . Since the
reduced form equation does not require us to observe decentralization, we can estimate the regression
on all acquired plants that fit our sample selection criteria without requiring that they are included
in the 2010 MOPS. Appendix Table reports reduced form estimates of the relationship between
historic firm size and subsequent plant outcomes, including exit. Given that the relationship between
historic firm size and decentralization is negative, the reduced form results are consistent with our IV
results, but slightly noisier — plants that are expected to be more decentralized have faster output

and labor productivity growth and are less likely to exit.

4.3 Reconciling OLS and IV estimates

Taken together, our OLS estimates in Section 4.2 and our IV estimates in Section 4.3 each presents
robust evidence for a positive causal effect of decentralization on plant output growth. But there is
uncertainly over the magnitude of the effects. For example, our preferred OLS estimate from Table
2 column (2) is that a 0.1 increase in the plant’s decentralization index (equivalent to an extra 10%
of decisions being delegated from headquarters to the plant) increases the plant’s annualized sales
growth by 0.23 p.p., while our preferred IV estimate from Table 5 column (2) is that a 0.1 increase
in the plant’s decentralization index increases the plant’s annualized sales growth by 1.57 p.p. - a
seven-fold difference (the results on value added suggest a five-fold difference).

In general, OLS and IV estimates may differ due to measurement error in the endogenous vari-
able, omitted variables bias, or heterogeneous treatment effects (DiTraglia and Garcia-Jimenol, [2021}

Ishimarul |2024). Our preferred explanation for the difference between the OLS and IV results is
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measurement error in our decentralization measure. In particular, we argue that since the compo-
nents of the MOPS questionnaire are discrete and bounded between 0 and 1, measurement error
tends to have a “mean-reverting” structure that biases OLS estimates downwards and IV estimates
upwardsE As a result, the true effect tends to be bounded between the OLS and IV estimates.
Without high quality validation data or additional instruments that are orthogonal to this measure-
ment error, it is difficult to characterize the exact degree and nature of the measurement error, which
is required to point-identify the true decentralization effect (Abowd and Stinson, 2013} |Schennach)
2016; Bingley and Martinello, |2017)). Instead, we can refine our bounds by conservatively assuming
a wide range of empirically relevant models for measurement error, and under each assumed model,
calculating the true coefficient that would be consistent with our estimated effects. For more de-
tails of our approach, including expressions for the expected bias in OLS and IV estimates under
measurement error, see Appendix B.

Table [8] presents our adjusted estimates under three different assumed models for measurement
error. The first model assumes that the measurement error for the treatment variable is equivalent
to the error structure from a binary variable with a constant i.i.d. probability that the variable is
mismeasured. The second and third model assumes in turn that the treatment is a simple arithmetic
index over either three or six underlying binary variables, each with their own i.i.d. probability of
mismeasurement. Under each assumed model, the bias and variance of the measurement error can by
determined by the sample mean for decentralization and the empirical OLS and IV estimates. These
statistics, in turn, are sufficient to characterize and adjust for the implied bias in our estimates. The
ratio between the OLS and IV estimates differs slightly when we consider either sales growth or
value-added growth, so we repeat the exercise for each of the two outcomes[?| Recall that for sales
growth we obtained an OLS effect of 2.3 and IV of 15.7. Our bias corrected effects have a tighter
range between 5.7 and 7, closer to OLS than IV. Similarly, our bias corrected decentralization effects
on value added growth range from 4.6 to 5.9 compared to 2.2 for OLS and 12.0 for IV.

We considered two other explanations of the differences in our OLS vs IV estimates for output
growth, but found them less persuasive: omitted variables and heterogeneous treatment effects.
First, the degree of omitted variables bias necessary to rationalize the difference between the two
sets of results would not only need to be large, but it should also shrink as we progressively add
controls that are correlated with the treatment and the outcome (Altonji et al., [2005; |Oster], [2019).
Instead, we find that our baseline results remain stable after controlling for either management
or a flexible set of firm characteristics. In Panels A and B of Tables and 5, the coefficient on
decentralization do not materially change as we add controls. The exception to this is employment
growth, where the coefficient does fall across columns for IV in Table 5 and even flips sign in the
final column (although is statistically insignificant). This suggests the IV helps deal with some of
the omitted variable bias for jobs.

We also do not find clear evidence that heterogeneous treatment effects can explain the differ-

ence between our estimates. For example, we non-parametrically assess the potential scope for any

15To see this, consider the binary case. Measurement error means that true decentralization will be classified as
full centralization (and vice versa). This type of measurement error leads a valid IV first stage to be “too low”
by compressing support of the predicted value of the endogenous variable while leaving the reduced form regression
unaffected. The resulting IV coefficient is then too large. The Appendix goes through this simple binary case and
then a generalization to our context in detail.

16We do not use the estimates for employment in this exercise, since the difference between the two sets of estimates
is less consistent and more likely to reflect omitted variables bias in the OLS. We discuss this point more extensively
at the end of this section.
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heterogeneous treatment effects by estimating flexible quantile regressions to assess the relationship
between decentralization and the full distribution of establishment outcomes. If the effect of decen-
tralization is highly heterogeneous, we would expect to see a greater dispersion of outcomes at more
decentralized plants. We instead find results to the contrary - the distribution of sales growth at
more decentralized plants is more compressedm

In summary, we believe that the discrepancy between the OLS and IV estimates on output
growth is due to non-classical measurement error, biasing OLS downwards and IV upwards. Our
preferred treatment effect estimates imply a causal impact of decentralization on sales growth of
between 6 and 7 and an effect on value-added growth of between 5 and 6. A 0.1 point increase in
decentralization increases sales growth by between 0.6 and 0.7 p.p. per annum. This is closer to the
OLS estimate of 0.2 than the IV estimate of 1.2. Of course, while there is still uncertainty over the
exact magnitude of the decentralization effects, all these bias-adjusted suggest that decentralization

has a meaningfully positive effect on output growth.

5 Analysis using the World Management Survey

As discussed above, we now turn to the WMS data which asked four identical questions to the
MOPS survey over a similar time period, but covers 18 countries and used a different collection
methodology. Our baseline estimates regress the annualized six-year growth rates of sales and
employment on the initial level of decentralization. For example, we regress the growth of sales
2006-12 on decentralization in 2006 for the firms surveyed in 2006 (and similarly the 2009-15 growth
on 2009 decentralization and 2013-2019 growth on 2013 decentralization)@

5.1 Basic WMS Results

Table [0] presents the WMS results in an analogous way to those from MOPS with the sales growth
regressions in Panel A and the jobs growth regressions in Panel B. We see a very clear picture of a
strong and positive relationship between growth and initial decentralization. Column (1) controls
only for NAICS5 trends (SIC3 dummies), year dummies, and country dummies. Column (2) adds
in initial employmentE Since decentralization in the WMS is parameterized as a z-score, we can
interpret the coefficients directly as the average change for a 1 s.d. increase in the decentralization
score. The coefficients in Column (2) imply that a one standard deviation increase in the decentral-
ization index is associated with a 0.621 percentage point increase in annual sales growth and a 0.399
percentage point increase in annual employment growth. These are a bit larger than the MOPS re-
sults where the OLS marginal effects were 0.440 and 0.311 for sales and jobs respectively, but are in
the same ballpark. Column (3) includes initial management scores constructed as in Bloom and Van
Reenen (2007) and Column (4) includes a wide range of other firm and plant controlsm Although

17Note that the sample in our IV regressions comprise of establishments that have changed firm ownership between
1982 and 2002, whereas the sample in our OLS regressions include all plants for which we have a valid measure of
decentralization from 2005. Although in principle, these sample differences could contribute to the difference between
our estimates, we also find that the IV estimates are larger than comparable OLS regressions that are estimated on
exactly the same sample.

18Since we match WMS to accounting data, it is harder to implement the very long 15 year differenced specifications
we can perform on MOPS, as sales and employment are not mandatory accounting items for SMEs in most countries.

19The wagebill is missing from accounts data for too many firms to include it as a control

20These additional controls include union density, whether the firm is a foreign multinational, the fraction of
employees with a college degree, firm size, average hours worked, whether the CEO is onsite, whether the firm is
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these controls are jointly (and sometimes individually) significant, the coefficients and significance of
decentralization are largely unchanged from the earlier columns, similarly to MOPS. The coefficient
on decentralization in the productivity regressions in Panel C of |§| are positive, but only (weakly)
significant in the last two columns.

Overall, we find the WMS results in Table [J] are remarkably consistent with those of US MOPS.
Given the standard errors, we cannot reject surprisingly similar magnitudes, despite the great dif-

ferences in the samples and survey methods.

5.2 Alternative IV strategy for WMS

We do not have the same rich data on ownership changes in the WMS as we have from the US
Census LBD, so we cannot implement the donor firm IV. However, we consider the idea of using
decentralization in the industry of the technology leader (the US) as an IV for decentralization
in other countries. The idea is that the exogenous element of decentralization that is driven by
fundamental technological causes, rather than country-industry-specific performance, is reflected in
the decentralization status of US industries.

Existing work suggests that culture is an important driver of decentralization decisions (e.g.
Hofstede, 2001). We calculate the average decentralization in each US SIC three-digit industry
(NAICS-5 digit) using only the US firms. Empirically, we find that the industry-level correlation of
US decentralization was much stronger with other English-speaking countries (Australia, Canada,
New Zealand, and the UK) than other nations. The binscatter in Figure shows a strong positive
correlation between industry decentralization in these “Anglo” countries, whereas the relationship
was generally weaker for other countries (suggesting underlying cultural similarities). Hence, we
focus on this sub-sample of the data. We then use this as a shifter of decentralization in the
four Anglo-Saxon countries in the same industries. Column (1) of Table estimates a similar
specification to column (3) of Table |§| for the subset of non-US Anglo-Saxon countries in the WMS.
Since the instrument is at the SIC three-digit industry level, we can longer include three-digit
dummies, so we include two-digit dummies and identify from the three-digit variation within a
two-digit industry. All standard errors are clustered at the three-digit level.

Although we lose three-quarters of all firms in Table [Ch| compared to Table [0 due to focusing
on the “Anglo” nations, and are using more conservative standard errors, we still observe a positive
and significant relationship between sales growth and initial decentralization in column (1). The
coefficients are slightly larger than those of Table[d] (0.997 vs. 0.633). Column (2) presents the First
Stage. Consistent with the industry-level bivariate scatterplot of Figure [C2] there is a positive and
significant correlation between US industry decentralization and that of Anglo-Saxon firms. The F-
statistic of 7 is not strong, howeverE Column (3) presents the IV results, showing a large positive
coefficient of decentralization on growth that is significant at the 10% level. These results are similar
to the findings in MOPS, where the IV coefficient is larger than the OLS one.

We repeat these specifications using employment growth as an outcome in Panel B of Appendix
Table The IV estimate for the effects of decentralization on firm employment is larger than the

effects on sales, although given the size of the standard errors we cannot reject the equality of the

publicly owned, a multi-plant dummy, average plant size and dummies for ownership type (government, dispersed,
family and other private).

21Note that the same specification in column (2) on the non-Anglo-Saxon firms has essentially zero correlation: a
coefficient (standard error) of 0.001(0.041).
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coeflicients. We use labor productivity as an outcome in Panel C. Here, the OLS results in column
(1) are positive, but small and insignificant. The coefficient on the IV results is negative, but also
completely insignificant. Given the size of the sample and the lower power of the IV, we conclude
that although there is evidence for a positive and causal impact of decentralization on size in the

WMS, we cannot say anything very clear about productivity.

5.3 Plant-level regressions for employment growth

The WMS analysis is based on firm-level regressions from BVD as sales information is unavailable
at the establishment level in company accounts. However, the WMS did ask for plant employment,
so we can consider this as an outcome. Note that this can only be done on observations that
are in the WMS panel in order to have plant-level employment (in Table |§| we exploit firm-level
accounting data from other sources generally available in each year, even if the WMS survey was
not performed on that firm in that year). Since the WMS panel is very unbalanced, we focus on the
2006 decentralization variable and follow the evolution of employment through to the next wave of
the WMS. Here, we can track over a thousand plants until the next wave of the WMS, which is by
far the largest sample for a long-difference regression. Figure has the binscatter between plant

employment growth and initial decentralization, showing a positive relationship.

5.4 Summary on WMS results

The international results from the WMS broadly confirm what we have found in US MOPS. There
is a robust and positive correlation between decentralization and sales growth, which is smaller in
OLS than IV.

6 Digging deeper: Reasons for over-centralization and mech-

anisms behind the decentralization effect on growth

We have documented evidence that decentralized establishments grow systematically faster than
their more centralized counterparts in two complementary datasets both in OLS and using alternative
IV designs. This raises two connected questions. If decentralization benefits growth, why do more
firms remain centralized? And second, what is the mechanisms why decentralization aids growth?
To investigate this, we first investigate the hypothesis that there may be an inefficiently high
degree of centralization by examining whether founders may be reluctant to cede control. Then,
we examine whether decentralized firms are more agile in responding to new market opportunities,

which would be the case if local managers were better able to exploit their local information.

6.1 Why are so many firms so centralized?

If decentralization on average creates faster growth, why is it the case that so many firms remain
centralized? Growth is not the same as profitability, of course, and it could be the case that costs
rise as fast as output. We tended to find positive effects, however, and could not detect much effects
on much higher costs. For example, employment rises less quickly than sales and we do not find

that average wages rise in response to decentralization.
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One possibility is that some owner-CEOs may inefficiently hoard power at the center. A class
of firms where this might be the case is firms controlled by the founder, even when the firm has
sufficiently matured that we would expect the founder to bring in more professional management.
There are numerous examples of this in the economics and finance literature, history and popular
culturelﬂ For example, (Johnson et al., [1985)) examined event studies around the death of a CEO of
publicly listed US firms. They found that cumulative abnormal returns fell in general after a CEO
death, but actually rose if the CEO was also a founder.

MOPS does not have founder information, but WMS does. Hence we re-estimate Table [9] but
allow an interaction between decentralization and a dummy for whether a firm was old (above median
age) and still controlled by the founder in Table We also include linear terms in decentralization
and the “old founder” dummy. The results clearly show that the coefficient on the decentralization
interaction is significant and positive in the sales and employment growth equations. Indeed, in
Panel B the linear decentralization coefficient (reflecting the impact of decentralization on non-old
founder growth) although positive, is statistically insignificantly different from zero.

The magnitudes are economically non-trivial. Whereas a one standard deviation increase in
decentralization in column (2) of Table [10]is predicted to increase growth by 0.4 pp a year for most
firms, it increases growth by 2.7 pp for old founders. This seems consistent with the hypothesis that
there may be systematic power-hoarding by many firms, and this might explain the positive impact

of decentralization on growth.

6.2 Decentralization and Market Size opportunities

We next turn to another leading hypothesis on the benefits of autonomy, namely that decentralized
organizations may respond with greater agility to new market opportunities. We explore the mecha-
nism of adaptability by testing whether decentralized plants respond more sensitively to opportunity
shocks. To define “opportunity shocks”, we begin by following [Mayer et al.| (2020) and construct a
measure of exogenous increases to market size driven by shocks to export demand at the six-digit
NAICS level as:

AOPP; 2002-17 = (X/Y )n,2002 * Z [(Xnje,2002/ Xn,2002) * A(Mjc,2002—17)] (5)
i,e,c£US

where X, ;¢ 2002 denotes exports from industry n of product j to country ¢ in 2002, X, 2002 denotes
total exports from industry n in 2002, and A(M;. 2002—17) denotes the change in imports of product
j by country ¢ from all countries (other than the US) between 2002 and 2017 (using the Davis-
Haltiwanger-Schuh transformation). This industry-level export measure is then interacted with
(X/Y)n 2002, the ratio of exports to shipments in industry n in 2002. The advantage of this measure
(as opposed to a firm-level measure) is that it can be defined for non-exporting firms as well as

exporters.
The idea behind this design is that a firm in an industry which is heavily exporting in 2002 to
a market (product-country pair) where demand grows strongly over the next 15 years (e.g. selling
computers in China), will enjoy a large exogenous increase to its demand. Unfortunately, we do not

have the sufficiently disaggregated export data to implement this on WMS, so we focus on MOPS

22For example, (Jayaraman et al. [2000; [Wasserman| 2003} [Lee et al [2017). An example in popular culture would
be Logan Roy from the HBO hit series ‘Succession’.
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data for this exercise.

The opportunity shock is in long-differences (AOPP;;) and our preferred method is to use Census
years to maximize the number of observations (so those which end in a 2 or 7). The firm export
data comes from LFFTD. The country-product trade data for exports is from UN COMTRADE
(available 1962-2018) and the industry-level export and shipments data is aggregated from the
Census of Manufactures.

We then generalize Equation (|1)) to estimate:

AlnY; s002—17 =B (DEC; x AOPP; 2002-17) + pDEC; + aAOPP; 200217 (©)

+ O [1i 2002, Wi 2002, (15,2002, Wi 2002) X AOPP; 2002—17] + o + A€; 2002—17,

where AOPP; 200217 is our constructed exogenous trade shock. Note that since v, our baseline
industry fixed effects, are at the more aggregated NAICS4 level, while our industry shocks are
defined at the NAICS6 level, the linear industry shock is separately identified from the within
NAICS4 variation in export demand.
Given the exogeneity of the demand shock, the main coeflicient of interest, (3, is identified under
a similar assumption to our assumption for Equation . Namely, we assume that conditional on
plant size, the plant’s degree of decentralization is uncorrelated to the plant’s unobserved sensitivity
to external demand shocks. Ideally, we would relax this assumption using a generalization of the
IV approach from Equations and , but precisely estimating 3 is a demanding exercise, and
our variation from the instrument is not sufficiently strong to detect meaningful differences in the
responses to shocks. To mitigate concerns with omitted variables bias, we focus on outcomes that
are consistent between the OLS and the IV regressions — sales growth and value-added growth.
Table presents results from expanding our OLS specification to allow for differential effects
of decentralization by the industry’s exposure to market size shocks (as in Equation ) The
controls are consistent with those in Table [2| with the simplest specifications in Column (1) and the
most demanding specifications in Column (4). Across all specifications, we find that decentralized
establishments respond more to these market opportunity shocks than centralized firms, as indicated
by the positive and (weakly) significant interaction term between decentralization and the shock for
output growth. this is true whether we use sales growth in Panel A or value added in Panel B.
The magnitudes are not trivial. For a firm with mean decentralization (0.37), according to column
(2) of |[11] the marginal effect of a demand shock for a plant with the mean level of decentralization
isa 1.11 (= (0.371 x 4.102) - 0.409) percentage point increase in annual sales growth. By contrast,
for a plant with a one standard deviation (0.195) higher level of decentralization, the same demand
shock generates a 1.91 (= (0.566 x 4.102) - 0.409) percentage point increase in sales growth. So,
a one standard deviation increase in a plant’s decentralization index increases its responsiveness to
demand shocks by an extra 72% (= (1.91 - 1.11)/1.11 ) relative to the average plant in our sample.
The results in this section suggest that an important mechanism for the faster growth of decen-
tralzied firms is that react with more agility to market opportunities. And one reason why more
firms remain too centralized is that older owner-managers are reluctant to “let go of the reins” as

they exercise their preferences for power (e.g. Fehr et al, 2013).
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7 Conclusions

We present what we believe is the first analysis of the effects of decentralization on medium-run
micro growth (over one to two decades). It is also the first causal design in the private sector
and in a set of developed countries. We exploit panel data on (i) US establishments (MOPS) and
(ii) cross-country firm-level data (WMS). In both datasets, we find compelling evidence that more
autonomous establishments grow faster. We develop a new “donor firm” IV methodology exploiting
exogenous variation in plant decentralization based on the organizational persistence of plants spun
off from firms of different organizational firms. This uses decentralization-related characteristics of
the firms who originally owned a plant, many decades after the plant switched owners.

In summary, our key findings are that more decentralized plants (whose local managers have
more autonomy from headquarters over capital, labor, innovation, product, pricing, and pay) firms
grow faster than their centralized counterparts. This correlation appears to be causal when using
quasi-exogenous variation in plant decentralization using our “donor firm” IV strategy. Moreover,
the growth-decentralization relationship is also apparent in cross-country firm-level panel data from
the WMS both in OLS and using an alternative “cultural” IV. Finally, we show that one mechanism
underlying the positive impact of decentralization on growth is that local managers appear to respond
with more agility to export market size shocks, consistent with more efficient use of local information.

Although we believe the evidence for these benefits of decentralization is compelling, the question
remains of why more firms do not grant their local managers more autonomy. We suggest that this
is because there is a tendency for CEOs to hoard power and present suggestive evidence showing
our results are much stronger in older firms that remain under the control of the founder. This is

an area where more evidence is needed.
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Tables and Figures

Figure 1: US plant growth is increasing in average decentralization (MOPS)
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Note: Binscatter of average annualized plant level sales, value-added, and employment growth be-
tween 2002 and 2017 (measured by DHS) as a function of the plant’s average decentralization status
from all waves of the MOPS. Decentralization is a continuous index for the plant’s average degree
of decentralization across all six questions and all waves of the MOPS.
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Figure 2: Firm growth is increasing in initial decentralization (WMS)
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Note: Binscatter of average annualized firm-level sales and employment growth from BvD (in per-
centage points) as a function of initial average decentralization from WMS. WMS data pooled across
all available years.
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Table 1: Summary statistics

(a) MOPS samples (b) WMS samples
Variable: Mean SD Variable: Mean SD
Decentralization index (2005)  0.371  [0.195] Decentralization (z-score) 0 1]
Baseline characteristics: Baseline characteristics:
Log shipments 10.10  [1.029] Log sales 11.28  [1.38]
Log value-added 9.300 [1.063] Log employment (plant) 5.19 [0.89]
Log employment 4.601  [1.005] Log employment (firm) 5.79  [1.08]
Log firm employment 7.492  [1.678] Old Founder 0.11 [0.31]
Share of firm shipments 0.230  [0.307]

Changes (6 years):
Changes (2002-17): Sales growth -1.34  [11.60]

Shipment growth -0.245  [6.669] Firm employment growth -1.93  [10.80]
Value-added growth -0.733  [7.127]
Employment growth -2.657  [5.509]
Exit (LBD) 0.130  [0.336]
Industry demand shock 0.192  [0.228]

Additional IV stats:

Decentralization index (any)  0.374  [0.166]
1982 log employment 4.659 [1.123]
1982 log firm employment 7.474  [2.417)

Note: For panel A, establishment-level summary statistics for our baseline OLS sample (approx-
imately 7,300 establishments). In the last three rows of panel A, we report additional summary
statistics for plants in our IV sample (approximately 4,400 establishments). “Decentralization index
(2005)” includes only valid responses from the 2005 recall questions of the MOPS, while “decentral-
ization index (any)” includes responses from all waves of the MOPS. All baseline characteristics are
measured in 2002. The industry demand shock is the industry-level export shock, as described in
Equation[f] For panel B, establishment and firm-level summary statistics for our WMS OLS sample
(approximately 8,900 establishments).
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Table 2: Decentralization predicts subsequent plant size growth

Long Differences (DHS), 2002-17
(1) 2) 3) (4)
A: Sales

Decentralization 2.322%%%  QBEIIE 2.982%Kx 9 9]k
(0.438)  (0.439)  (0.437)  (0.442)

B: Value-added

Decentralization 2.281F%k D 223k¥k 9 94QkHk 9 HRkH*
(0.474) (0.475) (0.472) (0.476)

C: Employment

Decentralization 1.669%*%*  1.594%*%*  1.620%*%*  1.471%**
(0.368)  (0.367)  (0.366)  (0.369)

# Est. 7300 7300 7300 7300
# Firms 3400 3400 3400 3400
Controls:

Baseline est. size Y Y Y
Management Y Y
Baseline firm chars. Y

Note: OLS coefficients with standard errors in parentheses (clustered at the firm level). Decen-
tralization is a continuous index for the plant’s average degree of decentralization across all six
questions in MOPS in 2005. The sample is all plants with a valid decentralization score in 2005
and positive shipments, value-added, and employment in 2002. The dependent variable is the total
annualized difference in total plant shipments (Panel A), value-added (Panel B), or employment
(Panel C) between 2002 and 2017, as measured by DHS (Davis-Haltiwanger-Schuh) growth rates

(AY; 2002-17 = (szsfil}xzjg;f 73 % 20171902002). “Baseline establishment size” controls allow for differ-
ences by the plant”s log émployment and log wagebill from the 2002 CMF. “Management” controls
allow for differences by the plant’s structured management score from the 2005 MOPS. “Baseline firm
characteristics” controls allow for differences by the plant’s 2002 ownership firm’s log(employment),
log(wagebill), log(establishment count in firm), and log(firm age) from the 2002 LBD, as well as
the plant’s share of total firm output from the 2002 CMF. Stars indicate the level of statistical
significance: * 10%, ** 5%, and *** 1%.
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Table 3: Decentralization predicts subsequent plant productivity growth

Long Differences (Log), 2002-17
(1) (2) 3) (4)
A: Sales per worker

Decentralization 0.413*  0.457*  0.453* 0.538**
(0.249)  (0.245) (0.245)  (0.248)

B: Value-added per worker

Decentralization 0.419 0.489 0.487 0.572%*
(0.321) (0.320) (0.320) (0.322)

# Est. 6100 6100 6100 6100
# Firms 3000 3000 3000 3000
Controls:

Baseline est. size Y Y Y
Management Y Y
Baseline firm chars. Y

Note: OLS coefficients with standard errors in parentheses (clustered at the firm level). Decentral-
ization is a continuous index for the plant’s average degree of decentralization across all six questions
in MOPS in 2005. The sample is all plants with a valid decentralization score in 2005 and positive
shipments, value-added, and employment in both 2002 and 2017. The dependent variable is the
total annualized difference in total plant shipments per worker (Panel A) or value-added per worker
(Panel B) between 2002 and 2017, as measured by logs. “Baseline establishment size” controls allow
for differences by the plant’s log employment and log wagebill from the 2002 CMF. “Management”
controls allow for differences by the plant’s structured management score from the 2005 MOPS.
“Baseline firm characteristics” controls allow for differences by the plant’s 2002 ownership firm’s
log(employment), log(wagebill), log(establishment count in firm), and log(firm age) from the 2002
LBD, as well as the plant’s share of total firm output from the 2002 CMF. Stars indicate the level
of statistical significance: * 10%, ** 5%, and *** 1%.
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Table 4: Pre-merger firm characteristics predict subsequent decentralization

Dep. Variable Average Decentralization
(1) (2) (3) (4)
Orig. firm size -0.00795%**  -0.00988***  -0.00998***  -0.00938***

(0.00122)  (0.00135)  (0.00135)  (0.00141)

# Est. 4400 4400 4400 4400
# Firms 1600 1600 1600 1600
Controls:

Orig. est. size Y Y Y
Management Y Y
Baseline firm chars. Y

Note: OLS coefficients with standard errors in parentheses (clustered at the firm level). Original firm
size is the log employment of the plant’s owner firm in 1982. The sample is all plants that experienced
a merger or acquisition event between 1982 and 2002, have a valid decentralization score in any wave
of the MOPS, and positive shipments, value-added, and employment in 2002. The dependent variable
is the plant’s average decentralization score from all waves of the MOPS. “Original establishment
size” controls allow for differences by the plant’s log(employment) and log(wagebill) from the 1982
LBD. “Management” controls allow for differences by the plant’s structured management score
(constructed as in Bloom et al| (2019) from 16 question) questions from all waves of the MOPS.
“Baseline firm characteristics” controls allow for differences by the plant’s ownership 2002 firm’s
log(employment), log(wagebill), log(establishment count in firm), and log(firm age) from the 2002
LBD, as well as the plant’s share of total firm output from the 2002 CMF. Stars indicate the level
of statistical significance: * 10%, ** 5%, and *** 1%.
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Table 5: Causal impacts of decentralization on plant size growth

Long Differences (DHS), 2002-17
(1) (2) 3) (4)
A: Sales

Decentralization 23.89%**  15.70*%**  16.95%**  13.67**
(6.130)  (5.304)  (5.268)  (5.496)

B: Value-added

Decentralization 24 .50%**%  12.09** 13.30** 9.401
(6.747) (5.746) (5.704) (6.024)

C: Employment

Decentralization 11.67%** 2.013 3.162 -0.154
(4.495)  (4.092)  (4.030)  (4.387)

# Est. 4400 4400 4400 4400
# Firms 1600 1600 1600 1600
First stage F 424 53.9 54.6 44.2
Controls:

Orig. est. size Y Y Y
Management Y Y
Baseline firm chars. Y

Note: Two-stage least-squares coefficients with standard errors in parentheses (clustered at the firm
level). We instrument for the plant’s average decentralization status from all waves of the MOPS us-
ing the log employment of the plant’s owner firm in 1982. The sample is all plants that experienced
a merger or acquisition event between 1982 and 2002, have a valid decentralization score in any
wave of the MOPS, and positive shipments, value-added, and employment in 2002. The dependent
variable is the total annualized difference in total plant shipments (Panel A), value-added (Panel B),
or employment (Panel C) between 2002 and 2017, as measured by DHS (Davis-Haltiwanger-Schuh)

: _ Y5 0017—Yi 2002 100 e Y : B
growth rates (AY; 2002-17 = V- 2orr 7V 5002) 72 50T 5005 ).  Original establishment size” controls

allow for differences by the plant’s log(employment) and log(wagebill) from the 1982 LBD. “Man-
agement” controls allow for differences by the plant’s structured management score (constructed
as in [Bloom et al.| (2019) from 16 question) questions from all waves of the MOPS. “Baseline firm
characteristics” controls allow for differences by the plant’s ownership 2002 firm’s log(employment),
log(wagebill), log(establishment count in firm), and log(firm age) from the 2002 LBD, as well as
the plant’s share of total firm output from the 2002 CMF. Stars indicate the level of statistical
significance: * 10%, ** 5%, and *** 1%.

33



Table 6: Causal impacts of decentralization on plant productivity growth

Long Differences (Log), 2002-17
(1) (2) (3) (4)
A: Sales per worker

Decentralization 137205 16.23%6%  16.23%%% 16,617
(3.772)  (3.780)  (3.762)  (4.113)

B: Value-added per worker

Decentralization 15.32%*%*  13.61*** 13.63*** 13.78%**
(5.074)  (4755)  (4720)  (5.117)

# Est. 3700 3700 3700 3700
# Firms 1400 1400 1400 1400
First stage F 35.9 48 48.4 38.4
Controls:

Orig. est. size Y Y Y
Management Y Y
Baseline firm chars. Y

Note: Two-stage least-squares coefficients with standard errors in parentheses (clustered at the
firm level). We instrument for the plant’s average decentralization status from all waves of the
MOPS using the log employment of the plant’s owner firm in 1982. The sample is all plants that
experienced a merger or acquisition event between 1982 and 2002, have a valid decentralization
score in any wave of the MOPS, and positive shipments, value-added, and employment in both
2002 and 2017. The dependent variable is the total annualized difference in total plant shipments
per worker (Panel A) or value-added per worker (Panel B) between 2002 and 2017, as measured
by logs. “Original establishment size” controls allow for differences by the plant’s log(employment)
and log(wagebill) from the 1982 LBD. “Management” controls allow for differences by the plant’s
structured management score (constructed as in [Bloom et al.| (2019)) from 16 question) questions
from all waves of the MOPS. “Baseline firm characteristics” controls allow for differences by the
plant’s ownership 2002 firm’s log(employment), log(wagebill), log(establishment count in firm), and
log(firm age) from the 2002 LBD, as well as the plant’s share of total firm output from the 2002
CMF. Stars indicate the level of statistical significance: * 10%, ** 5%, and *** 1%.
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Table 7: IV placebo: historic donor firm size does not predict future growth for single-unit estab-
lishments

Long Differences, 2002-17

(1) (2) (3) (4) (5)
Orig. firm size -0.0672 0.00945 -0.0595  -0.0114 0.151
(0.116)  (0.119)  (0.0969)  (0.0773)  (0.0930)

# Est. 9000 9000 9000 3600 3600
# Firms 9000 9000 9000 3600 3600
Outcome Sales VA Emp Sales/Emp VA /Emp
Controls:

Orig. est. size Y Y Y Y Y

Note: OLS coefficients with standard errors in parentheses (clustered at the firm level). The sample
is all plants that changed firm ownership between 1982 and 2002 and are single-unit firms in 2002.
The definition of the instrument and all outcomes are the same as in Tables[Bl and [6l Stars indicate
the level of statistical significance: * 10%, ** 5%, and *** 1%.
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Table 8: Measurement error adjusted decentralization effects

Long Differences (DHS), 2002-17

Sales Value-added

Baseline estimates:

BoLs 2.256 2,993
Brv 15.70 12.09
Brv/BoLs 6.959 5.439
Adjusted estimates:

Binary treatment 7.008 5.886
Index (3 components) 6.201 5.165
Index (6 components) 5.568 4.619

Note: Point estimates for the effect of decentralization on plant growth, adjusted for bias from (non-
classical) measurement error. Each row assumes a different underlying structure for measurement
error for decentralization. The first model assumes that the measurement error for the treatment
variable is equivalent to the error structure from a binary variable with a constant i.i.d. probability
that the variable is mismeasured. The second and third model assumes that the treatment is a
simple mean over either three or six underlying binary variables each with their own i.i.d. probability
of mismeasurement. For each outcome, the parameters of the assumed error structure is calibrated
using the observed sample mean of decentralization (from Table 1) and the ratio of the corresponding
baseline IV and OLS estimates (from column 2 of Tables 5 and 2, respectively) according to Equation

36



Table 9: Decentralized firms have higher growth rates: Cross country WMS data

6-year Long Differences (Log)
(1) (2) 3) (4)
A. Sales

Decentralization 0.633***  0.621***  0.657***  (.705***
(0.198)  (0.199)  (0.204)  (0.203)

Observations 9,155 9,155 9,155 9,155

B. Employment

Decentralization 0.421%* 0.399* 0.377* 0.424*
(0.213)  (0.216)  (0.224)  (0.227)

Observations 9,224 9,224 9,224 9,224

C. Sales per worker

Decentralization 0.204 0.216 0.292* 0.300*
(0.175)  (0.175)  (0.176)  (0.178)

Observations 9,058 9,058 9,058 9,058
Controls:

Initial size Y Y Y
Management control Y Y
Extended controls Y

Note: OLS regressions based on WMS plant-level data from 18 countries. Decentralization (z-
score) is measured in various years between 2006 and 2009 and outcomes are subsequent growth in
log(sales) in Panel A, log(employment) in panel B, and log(sales/employment) in Panel C. These are
annualized change in log values over the subsequent six years. Standard errors are clustered by firm.
Initial size controls are base year log(plant employment) and log(firm employment). Management
controls are the z-score of management across 18 practices. Extended controls include basic controls
plus whether the establishment belongs to a domestic multinational, whether the establishment
belongs to a foreign multinational, the fraction of unionized employees, and the fraction of workers
with a college degree. All columns control for three-digit industry dummies, country dummies, and
time dummies. Up to 2,203 firms underlying these regressions. Stars indicate the level of statistical
significance: * 10%, ** 5%, and *** 1%.
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Table 10: The growth-decentralization relationship is strongest for old founders

6-year Long Differences (Log)
(1) (2) 3) (4)
A. Sales (8,887 obs)

Old Founder x Decentralization 2.253*%**  2.297*** 9 312*%** 9 27Q***
(0.830) (0.826) (0.825) (0.809)

Decentralization 0.445**  0.429**  0.463**  0.511**
(0.193)  (0.194)  (0.198)  (0.198)
Old Founder 0.695 0.750 0.690 0.229

(0.787)  (0.788)  (0.788)  (0.792)

B. Employment (8,977 obs)

Old Founder x Decentralization  1.242** 1.271%* 1.263** 1.238**
(0.607)  (0.610)  (0.611)  (0.599)

Decentralization 0.328 0.302 0.281 0.322
(0.224)  (0.228)  (0.234)  (0.237)
Old Founder 1.278** 1.298** 1.333** 0.914

(0.626)  (0.630)  (0.638)  (0.658)

C. Sales per worker (8,820 obs)

Old Founder x Decentralization 1.074 1.100 1.128 1.134
(0.731) (0.714) (0.713) (0.708)
Decentralization 0.102 0.116 0.183 0.196
(0.171) (0.171) (0.173) (0.174)
Old Founder -0.155 -0.070 -0.186 -0.258

(0.655)  (0.651)  (0.651)  (0.658)

Controls:

Initial size Y
Management control

Extended controls

Y
Y

S

Note: OLS regressions based on WMS plant-level data from 18 countries. Decentralization (z-score)
is measured in various years between 2006 and 2009 and outcomes are subsequent growth in log(sales)
in Panel A, log(employment) in panel B, and log(sales/employment) in Panel C. These are annualized
change in log values over the subsequent six years. “Old Founders” are firms over a decade old who
are controlled and owned by the original founder. Standard errors are clustered by firm. Initial
size controls are base year log(plant employment) and log(firm employment). Management controls
are the z-score of management across 18 practices. Extended controls include basic controls plus
whether the establishment belongs to a domestic multinational, whether the establishment belongs
to a foreign multinational, the fraction of unionized employees, and the fraction of workers with a
college degree. All columns control for three-digit industry dummies, country dummies, and time
dummies. Up to 2,203 firms underlying these regressions. Stars indicate the level of statistical
significance: * 10%, ** 5%, and *** 1%.
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Table 11: Decentralized plants are more responsive to demand shocks

Long Differences (DHS), 2002-17
(1) 2) 3) (4)
A: Sales

Shock x decen. 4.427FFF 4 315%FF  4.021** 3.678%*
(1.593)  (1.588)  (1.573)  (1.548)

Shock -0.841  -0.691  -0.653  -0.556
(0.840)  (0.834)  (0.822)  (0.812)

B: Value-added

Shock x decen. 5.385%%%  5988FFK 5 0T 4,636%F*
(1.716)  (1.710)  (1.694)  (1.672)

Shock 1405 41252 -1.217  -1.114
(0.896)  (0.889)  (0.878)  (0.870)

# Est. 17500 17500 17500 17500
# Firms 6700 6700 6700 6700
Controls:

Baseline est. size Y Y Y
Management Y Y
Baseline firm chars. Y

Note: OLS coefficients with standard errors in parentheses (clustered at the firm level). Decen-
tralization is the plant’s average decentralization status from all waves of the MOPS. Shock is a
continuous measure of the exogenous export demand shock faced by the plant’s NAICS6 industry,
as defined in equation 5] The sample is all plants with a valid decentralization score in any wave
of the MOPS and positive shipments, value-added, and employment in 2002. “Baseline establish-
ment size” controls allow for differences by the plant’s log employment and log wagebill from the
2002 CMF. “Management” controls allow for differences by the plant’s structured management score
from the 2005 MOPS. “Baseline firm characteristics” controls allow for differences by the plant’s
2002 ownership firm’s log(employment), log(wagebill), log(establishment count in firm), and log(firm
age) from the 2002 LBD, as well as the plant’s share of total firm output from the 2002 CMF. Stars
indicate the level of statistical significance: * 10%, ** 5%, and *** 1%.
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A Data Appendix

A.1 Management and Organizational Practices (MOPS) Survey Design

The Census Bureau, the National Science Foundation, and the MIT Initiative on the Digital Econ-
omy, the Sloan Foundation and the Kauffman Foundation jointly funded the Management and
Organizational Practices Survey (MOPS). It was fielded in 2011 and 2016 as a supplement to the
2010 and 2015 Annual Survey of Manufacturers (ASM), with response mandated by law. The design
was based on the World Management Survey (WMS) and was mailed to the establishment plant
manager (see Bloom et al.| (2019)) or Brynjolfsson and McElheran 2016). It was adapted from the
WMS format of open-ended telephone interviews to the closed format of the US survey through
two years of development and cognitive testing by the Census Bureau. Paper copies of the survey
instrument along with instructions for responding online were mailed to the physical addresses of all
establishments in the ASM sample, attention of the plant manager. The typical respondent for the
MOPS 2015 was a plant manager). Most respondents (58.4% in 2010 and 80% in 2015) completed
the survey electronically, with the remainder completing the survey by paper. Non-respondents were
mailed a follow-up letter after six weeks if no response had been received. A second follow-up letter
was mailed if no response had been received after 12 weeks. The first follow-up letter included a
copy of the MOPS instrument.

The sampling frames for the 2010 and 2015 MOPS were the 2010 and 2015 ASM respectively,
which were around 50,000 plants in each wave. We had a response rate of 78% in 2010 and 74%
in 2015. Bloom et al. (2019) report the results for linear probability models for each step in the
sampling process. The establishments that were mailed and responded to the MOPS survey are
somewhat larger and more productive compared to those that did not respond, but these differences
are quantitatively small. Importantly, the decentralization questions are only asked for plants who
said the headquarters was not on the same site. For most of our analysis, we further restrict
the sample to establishments with at least four non-missing responses to the six decentralization

questions.

Decentralization Measures The “Organization Module” of MOPS is only for plants where
headquarters is off site - plants with headquarters on site (question 17) are told to skip this section.
The survey contained six questions on decentralization with four of these covering the same domain
as the WMS - plant manager autonomy over (a) capital investments (q23), (b) hiring of full time
employees (q18), (c¢) product introduction (“innovation”) (q20) and (d) advertising (q22) — with
two additional question on (e) pay increases of at least 10% (q19), and (f) product pricing decisions
(q21).

For each question, respondents were asked to choose among three options capturing where the
specific decisions were made “only at this establishment”, “only at headquarters”, or “both at this
establishment and at headquarters”. There were five choices for the question on autonomy in capital
investments, starting with “Under $1,000” up until “$1 million or more”. We consider several ways
of constructing a single index of decentralization as well as disaggregating question by question. For
example, our main measure reflects the fraction of decisions decentralized, and is constructed by
coding responses to each question to evenly spaced values between 0 and 1 (with 0 for the least

decentralized response and 1 for the most decentralized response) and then averaging this score
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across the six categories.

Other Measures in MOPS The survey also included measures of structured management prac-
tices; of decentralization from the plant manager to workers and the use of data driven decision-
making (DDD). It also had some background questions on the establishment (such as the proportion

of employees with college degrees) and respondent.

Performance Measures from other datasources In addition to our management data, we
also use data from other Census and non-Census data sets to create our measures of performance
(size, productivity, growth, and survival). We use establishment-level data on sales and labor inputs
from the ASM to create measures of labor productivity. We also use measures of material inputs to
create value added.

We construct measures of establishment survival and growth using the Longitudinal Business
Database (LBD). In a handful of cases, a plant with valid decentralization data is missing one
or more performance measures or additional MOPS controls. To fully utilize the decentralization
data while ensuring a consistent sample, we impute the missing performance measures by using the
industry by year-recall group mean, if available, or just by the year-recall group mean. Whenever
we include a potentially imputed measure in the regression, we allow the imputed observations for
that measure to have a separate intercept by including the corresponding indicator for whether the

measure was imputed.

A.2 Identifying mergers and acquisitions

For our IV estimation strategy, we identify plant acquisitions in the Longitudinal Business Database
(LBD) by isolating cases where a plant leaves its previous firm to join another, ongoing firm. The
LBD tracks the parent firm of each establishment in each year through its firm identifiers. Unlike
establishment identifiers, firm identifiers in the LBD are not necessarily longitudinally consistent.
As a result, while changes in a plant’s firm ownership should be accompanied by changes in its firm
identifier, an establishment’s firm identifier may also change due to other reasons that are unrelated
to a change in ownership, like reorganizations into different legal forms or idiosyncratic changes in
EIN filing behavior |(Chow et al.| (2021). To eliminate these alternate scenarios that would also result
in a change to an establishment’s firm identifiers, we define an acquisition as the case when a plant
changes firm identifiers to a firm that has had strictly positive employment and payroll during at
least one prior year@ Correspondingly, our IV sample is the set of all plants in the 2002 Census of

Manufacturers that:
1. Switched firm identifiers between 1982 and 2002
2. Experienced an acquisition between 1982 and 2002
3. Is in a multi-unit firm in 2002

The multi-unit firm restriction is not strictly necessary to identify acquisitions, but it helps ensure
that the plants in our IV sample are exposed to the decentralization channel and distinct from our

placebo sample.

23This is similar to the approach from |Atalay et al.| (2019) to identify mergers using the LBD.
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Figure provides an example of an acquired plant that would be included in our IV sample.
Circles are establishments — the red (dark) circle is the focal establishment, and grey (light) circles
are other establishments that may be in the same firm. Dashed lines indicate establishments and
firms whose existence is not required for the definition of our sample, but is also not ruled out by
our restrictions. In this example, the focal establishment switched ownership from Firm 1 to Firm 2
between t and t-1. In addition, Firm 2 also existed prior to the ownership change, and is a multi-unit
firm. On the other hand, we do not require Firm 1 to survive following the acquisition event, nor
do we require Firm 1 to be a multi-unit firm prior to the acquisition@

In contrast, we define our placebo sample as all plants that may have changed ownership but
where the decentralization channel would not apply. To construct this sample, we include all plants
that changed firm identifiers between 1982 and 2002, including both acquired plants and plants that
may have undergone a reorganization or an idiosyncratic change in EIN filing behavior. Crucially,
we require that the plant is a single-unit firm in 2002 — so the plant and the headquarters coincide
— and that the plant never reported a valid decentralization response between 2002 and 2017. These
plants are effectively the complement of our IV sample, but we additionally relax our acquisitions-
only restriction to ensure that we are including ownership changes and spin-offs that might be a
substantial portion of this sample. Figure provides an example of a spun-off plant that would be
in our placebo sample. In this example, the focal establishment also switched ownership from Firm
1 to Firm 2, but we do not impose any other restrictions besides that Firm 2 is a single-unit firm

following the ownership change.

Firm 1 Firm 1

Firm 2 Firm 2

t-1 t

Figure Al: Acquired plant example

24Note, however, that by controlling for original establishment size in most of our IV regressions (including our
preferred estimates), we are effectively isolating the identifying variation from multi-unit origin firms.
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Figure A2: Placebo plant example

A.3 Exports

We use disaggregate establishment revenues by product class to the Longitudinal Firm Trade Trans-
actions (LFTTD) data which contain the universe of export shipments at the firm-product level. To
construct our measure, we first match the product categories from LETTD (ten-digit Harmonized
System categories, or HS10) to the 7-digit NAICS product classes contained in the ASM using the
Pierce and Schott (2009) concordance. Next, we aggregate exports to the 7-digit NAICS level and

calculate the change in exports in each product by year.

A.4 World Management Survey (WMS) International Data

Firm-level Accounting Databases

The WMS sampling frame was based on the Bureau van Dijk (BVD) ORBIS which is composed of
the Amadeus dataset for Europe; Icarus for the United States, Oriana for Japan and China. These
databases all provide sufficient information on companies to conduct a stratified telephone survey
(company name, address, and a size indicator). These databases also typically have accounting
information on employment, sales and assets. Apart from size, we did not insist on having accounting
information to form the sampling population, however. Amadeus is constructed from a range of
sources, primarily the National registries of companies (such as Companies House in the United
Kingdom). Icarus is constructed from the Dun & Bradstreet database, which is a private database of
over 5 million U.S. trading locations built up from credit records, business telephone directories, and
direct research. Oriana is constructed from the Teikoku Database in Japan.The full WMS consists

of 34 countries but because we need decentralization data in we are restricted to 18 countries.
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The Organizational Survey

In every country the sampling frame for the organization survey was all firms with a manufacturing
primary industry code with between 50 and 5,000 employees on average over the most recent three
years of data. Interviewers were each given a randomly selected list of firms from the sampling
frame. More details are available in Bloom, Sadun and Van Reenen (2012) where we compare the
sampling frame with Census demographic data from each country and show that the sample is
broadly representative of medium sized manufacturing firms. We also analyzed sample selection -
the response rate was 45% and respondents appear random with respect to company performance,
although larger firms where slightly more likely to respond. We collected a detailed set of information
on the interview process itself (number and type of prior contacts before obtaining the interviews,
duration, local time-of-day, date and day-of-the-week), on the manager (gender, seniority, nationality,
company and job tenure, internal and external employment experience, and location), and on the
interviewer (we can include individual “analyst” fixed effects, time-of-day, and subjective reliability
score). We used a subset of these “noise controls” (see text) to help reduce residual variation in
some specifications.

In analyzing organizational surveys across countries we also have to be extremely careful to ensure
comparability of responses. One step was the team all operated from two large survey rooms in the
London School of Economics. Every interviewer also had the same initial three days of interview
training, which provided three “calibration” exercises, where the group would all score a role-played
interview and then discuss scoring together of each question. This continued throughout the survey,
with one calibration exercise every Friday afternoon as part of the weekly group training sessions.
Finally, the analysts interviewed firms in multiple countries since they all spoke their native language
plus English, so interviewers were able to interview firms from their own country plus the UK and
US, enabling us to remove interviewer fixed effects.

The construction of the degree of decentralization measures (from Central Headquarters to Plant
Manager) is discussed in the main text. The questions are addressed to the plant manager. We
only keep observations where at least two of the four decentralization questions were answered (and
we include a control for the number of non-missing questions in the set of noise controls). We drop
observations where the plant manager is also the CEO (5% of firms). In cases were the Central
Headquarters is on the same site as the plant we interviewed we add a dummy variable to indicate
this (one of the noise controls) to reflect potentially greater monitoring. We use the data from the
2006 wave in all cases except when we analyze changes in decentralization as an outcome where we
exploit the fact that we ran another wave in 2009 and 2010 for a sub-sample of firms.

As a check of potential survey bias and measurement error we performed repeat interviews on
72 firms in 2006, contacting different managers in different plants at the same firm, using different
interviewers. To the extent that our organizational measure is truly picking up company-wide
practices these two scores should be correlated, while to the extent the measure is driven by noise the
measures should be independent. The correlation of the first interview against the second interviews
was 0.513 (p-value of 0.000), with no obvious (or statistically significant) relationship between the
degree of measurement error and the decentralization score. That is to say, firms that reported
very low or high decentralization scores in one plant appeared to be genuinely very centralized or

decentralized in their other plants, rather than extreme draws of sampling measurement error.
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Firm-level variables

Our firm accounting data on sales, employment, capital (fixed assets), profits and intermediate inputs
came from BVD ORBIS. Whether the variable is reported depends on the accounting standards in
different countries. Sales are deflated by a three digit industry producer price index. BVD has
extensive information on ownership structure, so we can use this to identify whether the firm was
part of a multinational enterprise. We also asked specific questions on the multinational status of the
firm (whether it owned plants aboard and the country where the parent company is headquartered)
to be able to distinguish domestic multinationals from foreign multinationals.

We collected many other variables through our survey including information on plant size, skills,
organization, etc. as described in the main text. We also collected management practices data in
the survey. These were scored following the methodology of Bloom and Van Reenen (2007), with
practices grouped into four areas: operations (three practices), monitoring (five practices), targets
(five practices), and incentives (five practices). The shop-floor operations section focuses on the
introduction of lean manufacturing techniques, the documentation of processes improvements, and
the rationale behind introductions of improvements. The monitoring section focuses on the tracking
of performance of individuals, reviewing performance, and consequence management. The targets
section examines the type of targets, the realism of the targets, the transparency of targets, and
the range and interconnection of targets. Finally, the incentives section includes promotion criteria,
pay and bonuses, and fixing or firing bad performers, where best practice is deemed the approach
that gives strong rewards for those with both ability and effort. Our management measure uses the

unweighted average of the z-scores of all 18 dimensions.
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B OLS and IV bias under mean-reverting measurement error

We consider the impact of non-classical measurement error on our OLS and IV estimates of decen-
tralization on growth. To frame intuition and make our main point, we first consider the case of a
binary endogenous variable. We then generalize to an environment close to our empirical exercise
which averages across multiple discrete variables. We provide both analytical and simulation-based

results.

B.1 Binary treatment
Consider the following simplified model:
yi = BD; + 0W; + ¢,

where D; € {0,1} is the true binary variable of interest and D; = m(1—D;) + (1—7)D; =
D; + 7 (1 —2D;) is the observed variable that is “wrong” with probability w. W; is a confounding
variable that may be correlated with D;. Under this setup,

E[D|D:0] = 7>0

1—-7m<1

=)
>
|
|

so clearly [IAD\D} # D, and measurement error cannot be classical.

How might this affect our results? Consider as a simple baseline example, a case where

D; 1(ZZ+WZ+’I72) >0 (7)
yi = Di—-Wi+g (8)

So Z; is a valid instrument for binary D;, and without controlling for W;, there would also be negative
omitted variables bias. We simulate the empirical model in Equations [7] and |8 by drawing 10,000
sets of W €;, Z;,m; from ii.d. standard normal distributions. As a starting point, we assume that
all random variables are drawn from a standard normal distribution, and we consider the impact
of measurement error on both the OLS and IV regressions (with and without controlling for the
confounder W;).

In Panel A of Table BI] we assume that there is a potentially omitted variable W, but that
decentralization is measured without error (i.e. # = 0). The long OLS in column (3), the short IV
in column (3), and the long IV in column (4) are both able to recover the true parameter value of 1.
On the other hand, the short OLS regression in column (1) is biased downwards substantially due
to the omitted variable.

On the other hand, in Panel B of Table we assume that we only observe D; that is correct
75% of the time, and incorrect other 25% of the time (i.e. # = 0.25). Even when we are able to
control for the confounding variable W;, the OLS regression is attenuated by almost 60% in column
(2). On the other hand, the IV estimate is around 90% too large in column (3), and controlling for

the confounding variable in column (4) does not change our results. We can unpack the IV results
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Table B1: OLS and IV estimates under simulated measurement error

(1) (2) (3) (4) () (6)
Panel A: True model (7 = 0):

d 0.0713 0.978 1.010 0.988
(0.0264) (0.0219)  (0.0602)  (0.0423)
w -0.991 -0.993
(0.0109) (0.0137)
z 0.236 0.233
(0.0135) (0.00357)
Panel B: Noisy model (7 = 0.25):
d 0.0285 0.408 1.936 1.893
(0.0264) (0.0220) (0.134)  (0.105)
w -0.814 -0.988
(0.0108) (0.0177)
z 0.236 0.122
(0.0135) (0.00470)
N 10000 10000 10000 10000 10000

Model: ~ OLS (short) OLS (long) IV (short) IV (long) Reduced form First stage

Note: Estimates from simulated model of Equations and Wi €, Z;,m; are all from i.i.d. standard
normal distributions. The dependent variable in columns 1-4 is the model outcome ¥;, and the de-
pendent variable in column 5 is the (potentially noisily observed) treatment D;. Heteroskedasticity-
robust standard errors in parentheses.

by by comparing the reduced form and first stage estimates for the two sets of regressions in columns
(5) and (6). As expected, the reduced form is identical across Panels A and B, since it does not
depend on the endogenous regressor D;. On the other hand, since measurement error compresses
the range of ﬁi, it also leads the noisy first stage to be too small in Panel B, which in turn leads the
IV estimate to be too large. As a result, the IV estimate is around 4.6 times larger than the OLS,
even when we are controlling for the omitted variable W;.

How do these estimates depend on the degree of measurement error 7?7 In our simple example,
we can get a sense of this by abstracting from the omitted variable W;, and calculating the OLS
and IV estimates for different hypothetical levels of 7 in Figure [1]. We see that even mild degrees
of measurement error can inflate the ratio between the IV and OLS estimates. For example, 7 = .1
corresponds to a ratio of 1.56. This ratio increases quickly with 7 as the IV estimates become larger

(and noisier) and the OLS estimates become more attenuated.
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Figure B3: OLS vs IV estimates by =

OLS vs IV estimates with binary measurement error
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B.2 General model

In general, for a noisily measured treatment

D;=D;+a+p(D;— D) +e,

275

(9)

where p captures the bias in the measurement error and e captures its variance, the probability limit

of the OLS and IV estimates are
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It then follows that R
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This implies that for a given model of measurement error in D, and a given set of OLS and IV

estimates, it would be sufficient to only know p to back out the true effect 5 from the biased estimate

AIV. owever, it is not possible to separately identify p from o2 /0%, simply by comparing AIV an
Brv. H t t ble t tely identify p fi 2/0%, ly b B d

AO Ls, unless we impose additional restrictions on D; such that p and ¢2/02, are determined by a
) p P € D y
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single parameter (as in the binary case).
We can examine several hypothetical models for measurement error in our decentralization mea-
sure, and evaluate what each model implies for the bias in /BIV and the true value of ﬁ The key

to each model is that there exists a single parameter 6 which determines p and ¢2/0%, and which
2
—_— UE

in turn, allows us to define a function G (6) /(14 p)>. We can then, in theory, combine our

= 3
OLS and IV estimates in a GMM framework to bgck out (6, 8) — the key sufficient statistic for the
non-classical measurement error (under our assumed model) and the true coefficient .

For each model of measurement error in this section, we assume that the true decentralization
component D;; = 1(Z; +1;) > ¢, where Z;,n; are i.i.d. standard normal random variables, and
c is determined by the assumed model and measurement error parameter 7w such that the noisy
measure of decentralization matches the empirical sample mean. For each model, we numerically
approximate its conditional mean and variance by drawing 1,000,000 observations. We calculate the

analytical bias in OLS and IV using the numerical estimates for p and 02/0% and e

B.2.1 Example 1: index over binary variables with i.i.d. measurement error

As a natural extension of our motivating example, we can assume that each decentralization measure

is an average of six binary variables D;;, each of which has a probability 7 that it is mismeasured.

K

So
6
D; = Y Di/6
j=1
Dij = w(1—Dy)+ (1—m)Di.

Since both expressions are linear, it then follows that
E |:IA)1|DZ} =7+ (1 - 27T) D;.

This implies that the bias between B v and f is actually identical between the multi-response index
case and the simple binary case, since we can iterate over expectations. However, the variance of
the measurement error would be smaller in the index case than in the single binary variable case, so
the attenuation of BO s would also be smaller.

In practice, with six independently mismeasured components, the bias component and the at-
tenuation component nearly offset each other. This appears to be a genuine coincidence rather
than some special property of binary measurement error — as we fix 7 and increase the number of
components from 1 to 6, the bias term remains constant while the degree of attenuation decreases.
However, the rate of attenuation changes in such a way such that the range of values 7 for which

the overall degree of bias for BO s is small actually expands substantially.
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Figure B4: OLS vs IV estimates by =

OLS vs IV estimates
Index treatment with 6 i.i.d. binary mismeasured components
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B.2.2 Example 2: clustered binary variables

To approximate the fact that the individual decentralization measures tend to fall within one of
three “clusters,” we can also explicitly assume that rather than averaging over six independent
measures, we are actually aggregating over three factors: capital, labor, and product, with each
factor potentially appearing in multiple questions. If we abstract away from the different weights
that each factor might receive, then the treatment of this model more or less follows from the

6-measure i.i.d. example. So,

3
D; = Y Di;/3
Jj=1
-Dij = W(l—Dij)-f—(l—’IT)Dij.

Notice, however, that in this case the attenuation factor is more powerful, which leads to relatively

more bias for Sors.
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Figure B5: OLS vs IV estimates by =

OLS vs IV estimates
Index treatment with 3 i.i.d. binary mismeasured components
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C Additional Tables and Figures

Figure C1: WMS plant employment growth is increasing in initial decentralization
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Note: Binscatter of average annualized plant-level employment growth from WMS (in percentage
points) as a function of initial average decentralization. WMS data pooled across all available years.
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Figure C2: WMS industry-level decentralization is correlated between the US and other Anglo-Saxon
countries

Firm Decentralization
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Decentralization in US SIC3

Note: Binscatter of average U.S. plant decentralization by industry as a function of average plant
decentralization by industry in other Anglo-Saxon countries (Australia, Canada, New Zealand, and
the UK). WMS data pooled across all available years.

53



Table C1: IV First Stage for productivity sub-sample

Dep. Variable

Average Decentralization

(1) (2) (3)

(4)

Orig. firm size -0.00778**¥*  _0.00982***  -0.00989***  _0.00925***
(0.00130) (0.00142) (0.00142) (0.00149)

# Est. 3700 3700 3700 3700

# Firms 1400 1400 1400 1400

Controls:

Orig. est. size Y Y Y

Management Y Y

Baseline firm chars. Y

Note: OLS coefficients with standard errors in parentheses (clustered at the firm level). Original firm
size is the log employment of the plant’s owner firm in 1982. The sample is identical to the sample
in Table[6}] The dependent variable is the plant’s average decentralization score from all waves of the
MOPS. “Original establishment size” controls allow for differences by the plant’s log(employment)
and log(wagebill) from the 1982 LBD. “Management” controls allow for differences by the plant’s
structured management score (constructed as in [Bloom et al.| (2019) from 16 question) questions
from all waves of the MOPS. “Baseline firm characteristics” controls allow for differences by the
plant’s ownership 2002 firm’s log(employment), log(wagebill), log(establishment count in firm), and
log(firm age) from the 2002 LBD, as well as the plant’s share of total firm output from the 2002
CMEF. Stars indicate the level of statistical significance: * 10%, ** 5%, and *** 1%.
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Table C2: IV Results using additional characteristics of donor firms (payroll and number of plants)

Long Differences, 2002-17

(1) (2) (3) (4) (5)
Decentralization ~ 15.50%**  12.01%%  2.075  15.97%%F  13.51%%*
(5.308)  (5.743) (4.095)  (3.736) (4.693)

# Est. 4400 4400 4400 3700 3700
# Firms 1600 1600 1600 1400 1400
First stage F 18.1 18.1 18.1 16.4 16.4
Dep variable Sales VA Emp  Sales/Emp VA/Emp
J-test p 0.662 0.459 0.729 0.567 0.812
Controls:

Orig. est. size Y Y Y Y Y

Note: Two-stage least-squares coefficients with standard errors in parentheses (clustered at the firm
level). We instrument for the plant’s average decentralization status from all waves of the MOPS
using the log(employment) of the plant’s owner firm (“donor firm”) in 1982 as in main IV table, but
now also add 1982 donor firm log(payroll) and log (number of establishments). The sample in the
first three columns matches the sample in Table [5| and the sample in the last two columns matches
the sample in Table[6] Stars indicate the level of statistical significance: * 10%, ** 5%, and *** 1%.
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Table C3: IV reduced form

Long Differences, 2002-17

(1) (2) (3) (4) (5) (6)
Orig. firm size -0.0837**  -0.0609  -0.0191  -0.122%%%  -0.0849%** (0.00559**
(0.0384)  (0.0392) (0.0319)  (0.0244)  (0.0320)  (0.00237)

# Est. 12500 12500 12500 6200 6200 12500
# Firms 4300 4300 4300 2600 2600 4300
Outcome Sales VA Emp Sales/Emp  VA/Emp Exit
Controls:

Orig. est. size Y Y Y Y Y Y

Note: OLS coefficients with standard errors in parentheses (clustered at the firm level). Original
firm size is the log employment of the plant’s owner firm in 1982. Note that this sample is not
conditional on observing decentralization, so we can expand our IV samples to include all plants
that are not covered by any wave of the MOPS. These are the estimated reduced forms implied by
our IV specification. Stars indicate the level of statistical significance: * 10%, ** 5%, and *** 1%.
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Table C4: Decentralized plants are less likely to exit

Dep. Variable Plant Exit by 2017
(1) (2) 3) (4) (5) (6)
Decentralization -0.0708***  -0.0616*** -0.345 -0.243  -0.0362  -0.0300

(0.0225)  (0.0226)  (0.245) (0.257) (0.0350) (0.0349)

Export shock 0.0296 0.0270
(0.0572)  (0.0566)

Shock x decen. -0.125 -0.116
(0.107) (0.106)

# Est. 7300 7300 4400 4400 7300 7300
# Firms 3400 3400 1600 1600 3400 3400
First stage F 53.9 44.2

Controls:

Baseline est. size Y Y Y Y Y Y
Management Y Y Y
Baseline firm chars. Y Y Y

Note: OLS coefficients with standard errors in parentheses (clustered at the firm level). The depen-
dent variable is a binary indicator for whether the plant had positive payroll in 2017 (as measured
by the LBD). The sample and controls in each pair of columns correspond to Tables and
respectively. Stars indicate the level of statistical significance: * 10%, ** 5%, and *** 1%.
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Table C5: Instrumenting firm decentralization with US decentralization in the same industry (WMS)

(1) (2) 3)

Method OLS First Stage  2SLS
A. Sales
Decentralization — 0.997** 3.865%*
(0.384) (2.037)
US industry 0.198%*
Decentralization (0.075)
Observations 1,576 1,576 1,576
B. Employment
Decentralization — 0.743** 5.408**
(0.313) (2.264)
US industry 0.186**
Decentralization (0.071)
Observations 1,591 1,591 1,591
C. Sales per worker
Decentralization ~ 0.058 -0.834
(0.317) (1.934)
US industry 0.190**
Decentralization (0.074)
Observations 1,560 1,560 1,560

Note: Regressions based on WMS firm-level data (unbalanced panel) from “Anglo-Saxon” countries
(Australia, Canada, UK, and New Zealand). Decentralization (z-score) is measured in 2006 and 2009
and outcomes are subsequent growth in sales, employment, or sales/employment (annualized change
in log values over subsequent 6 years). Standard errors are clustered by three-digit industry. Decen-
tralization in the US is the median level of decentralization in the US in the same three-digit industry
the firm operates in. Controls are year dummies, country dummies, 2-digit industry dummies, and
(in the same year as decentralization) management score, union density, the fraction of employees
with a college degree, whether the establishment belongs to a domestic multinational, whether the
establishment belongs to a foreign multinational, log(firm size) and log(plant employment). Stars
indicate the level of statistical significance: * 10%, ** 5%, and *** 1%.
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