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Summary

The growing importance of intangible capital—such as knowledge and human capital—has
fundamentally reshaped modern firms and capital markets. As these assets are opaque,
embedded, and difficult to measure, understanding how firms manage them is central to
corporate finance. This dissertation examines three key phases in the life cycle of intangible
capital: transaction, internal reallocation, and production.

The first chapter studies mergers and acquisitions as settings in which otherwise opaque
intangible assets become partially revealed. I show that acquisitions aimed at addressing
technological gaps can trigger negative stock market reactions, consistent with acquisition
announcements updating beliefs about the acquirer’s underlying capabilities. These findings
suggest that announcement returns reflect not only deal value but also revaluation triggered
by information revelation.

The second chapter examines how firms reallocate human-embedded intangible capital
across geographic regions. Using detailed administrative data, I document that multi-location
firms shift employment across regions in response to differences in local labor market condi-
tions. This evidence highlights the role of organizational structure in enabling the efficient
deployment of intangible resources.

The third chapter studies the production of intangible capital by analyzing how firms
convert employee knowledge into patentable innovation. I develop a novel measure of firms’
tolerance for failure and show that greater tolerance increases innovation quality but reduces
innovation quantity, revealing a trade-off in incentive design.

Taken together, the three chapters offer a unified perspective on how firms create, move,
and transact intangible capital. The findings underscore that corporate strategy and orga-
nizational choices fundamentally shape the production and allocation of intangible assets in
the modern economy.
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Introduction

The rising importance of intangible capital—including knowledge capital, organizational cap-
ital, and human capital—is arguably one of the most salient economic phenomena of recent
decades, prompting a rapidly expanding body of theoretical and empirical research.1 This
dissertation comprises three empirical studies that place intangible capital at the core of their
research questions and empirical designs, examining three phases in its life cycle: production,
reallocation, and transaction.

The three phases typically unfold in chronological order. First, firms produce intangi-
ble capital to meet their resource needs, for example, in response to technological shocks
or growth opportunities. Over time, changing market conditions may render the initial
allocation of intangible capital and other resources across projects, production units, or loca-
tions suboptimal, necessitating internal reallocation to restore efficiency. Finally, when the
mismatch between resources and strategy exceeds what can be addressed through internal
adjustments, firms turn to external reallocation, typically through transaction such as merg-
ers and acquisitions (M&As). This dissertation begins with the final phase—transaction, and
works backward.

Chapter I. Judged by the Company You Acquire

Intangible capital is inherently opaque and therefore difficult to value. Transactions, how-
ever, create rare opportunities for intangible capital to be recognized, disclosed, and valued.2

Against this backdrop, Chapter I examines acquisitions, which are among the highest-stakes
transactions a firm can undertake, with a particular focus on those motivated by the purchase
of technology, one of the most important drivers of acquisition activity.

Like other forms of intangible capital, technology is inherently opaque. Acquisitions,
however, may shed light on it. Because acquirers typically prefer targets that complement
their existing resources, the technology a firm chooses to acquire can reveal what it lacks,

1See Maug (2025) and the references therein for a detailed survey of the literature.
2For example, Ewens, Peters and Wang (2024) leverage accounting disclosure of purchase price allocation

in acquisitions to value previously hard-to-measure intangible assets.
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thereby updating the market’s assessment of its underlying technological base, and, in turn,
its market value.

As an alternative to acquiring technology, firms may choose to build it through internal
R&D. However, the choice between "buy" and "build" may depend critically on the scale of the
investment: the fixed costs associated with acquisitions can make purchasing small amounts
of technology prohibitively expensive, while the lengthy development cycle of internal R&D
can make building large amounts of technology unattractive.3

Consequently, firms with greater technological needs—those likely lagging farther behind
their industry peers—tend to self-select into acquiring technology. Crucially, to the extent
that acquisition announcements update the market’s perception of the acquirer’s technolog-
ical base, such self-selection may lead the market to infer that the acquirer’s existing tech-
nology falls short of prior expectations. This inference, in turn, can trigger a systematically
negative revaluation of the acquirer.

The resulting negative revaluation of the acquirer complicates the empirical interpreta-
tion of stock price reactions to acquisition announcements as measures of the transaction’s
net present value (NPV). Such interpretations may systematically understate the transac-
tion’s NPV, because the negative revaluation does not dissipate with larger sample sizes and
therefore cannot be diversified away.

The line of argument above closely resonates with a strand of literature documenting the
puzzle that acquisitions appear to destroy shareholder value (Akbulut and Matsusaka, 2010;
Betton, Eckbo and Thorburn, 2008; Moeller, Schlingemann and Stulz, 2005). It also echoes
recent work cautioning against using event studies to assess the NPV of acquisitions (Ben-
David et al., 2025). Finally, it provides a microfoundation for Wang (2018), who leverages a
structural model to estimate that more than half of the cross-sectional variation in acquirer
returns can be attributed to revaluation.

Empirically, this chapter leverages patent data to measure the extent to which an acqui-
sition is aimed at closing a technological gap. Specifically, the measure captures the degree
to which the technology the acquirer seeks to purchase overlaps with the technology collec-
tively held by its industry peers. A greater overlap implies a stronger signal that the acquirer
faces a larger technological gap and therefore is more likely to experience a more negative
revaluation upon the acquisition announcement.

The regression results confirm the intuition above: acquirer returns are strongly negatively
correlated with the measure. Further analysis shows that this relationship emerges only when
the acquirer is more opaque than the target—that is, when the target provides higher-quality

3Jovanovic and Rousseau (2002) make a similar argument in the context of acquiring or investing in
physical assets.
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information than the acquirer. Consistent with this interpretation, the relationship is largely
muted in acquisitions of private targets.

Prior studies document cross-sectional differences in announcement returns between ac-
quirers of public and private targets—negative for the former and positive for the latter (J. S.
Ang and Cheng, 2006; Capron and Shen, 2007; Chang, 1998; Faccio, McConnell and Stolin,
2006; Fuller, Netter and Stegemoller, 2002; Hansen and Lott, 1996). My findings offer a
novel explanation for this disparity: public targets are not necessarily inferior investments;
rather, they reveal more about the acquirer’s technological gap.

Taken together, Chapter I highlights the complex informational dynamics surrounding
intangible capital. This has important implications for valuation exercises in corporate fi-
nance: when key assets are intangible and difficult to observe, corporate actions can serve
as signals that reshape market beliefs about underlying firm quality. Valuation therefore
depends not only on projected cash flows but also on how events update information about
existing capabilities.

Chapter II. Arbitraging Labor Markets

After examining the mobility of intangible capital across corporate boundaries, Chapter II
shifts the analysis inward—remaining within corporate boundaries while extending beyond
spatial ones. Specifically, it examines the reallocation of intangible capital across geographic
regions.

The fact that an asset is intangible does not imply that it is perfectly mobile. Many forms
of intangible capital—such as knowledge, skills, and know-how—are embedded in employees,
who are themselves geographically constrained. As a result, firms can typically source human-
embedded intangibles—by hiring workers—only within a limited geographic range, commonly
referred to as the local labor market.

As socioeconomic conditions within local labor markets evolve, the match between a firm
and its local labor market may become suboptimal. Yet the costs of relocating physical assets
can impede relocation to a more favorable labor market—unless the firm already operates in
multiple locations, which allows it to reallocate employment across sites without incurring
additional set-up costs.

Against this backdrop, firms operating in multiple locations can exploit cross-regional
differences in labor market conditions—such as labor costs, labor supply, and workforce
skills—at lower cost and thereby enjoy a competitive advantage over firms operating in fewer
or single locations. In this sense, they effectively arbitrage labor markets.

To examine the intuition outlined above, we use business groups (BGs) as our laboratory.
A BG is a collection of at least two legal entities under common control. These entities,
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referred to as member firms, may be dispersed across multiple locations. Using German ad-
ministrative data, we characterize local labor market conditions and the employment profiles
of member firms.

For each member firm, we construct ex ante measures of the extent to which another
member firm in the same group offers more favorable labor market conditions—including
labor costs, labor supply, and workforce skills—relative to those faced by the focal firm. We
show that firms with higher values of these measures grow more slowly than their counterparts
operating in the same local labor market.

Conversely, we construct ex ante measures of the extent to which the focal firm offers
more favorable labor market conditions relative to those faced by other member firms. Firms
with higher values of these measures grow faster than their counterparts in the same local
labor market.

These findings suggest that BGs reallocate employment across regions in response to dif-
ferences in local labor market conditions. The effect is more pronounced in less tangible
industries, among higher-skilled occupations, and within BGs with more decentralized man-
agerial structures. Further analysis indicates that this reallocation occurs primarily through
the relocation of jobs rather than the movement of workers.

A large body of literature emphasizes geographic proximity as key to efficient decision-
making (Giroud, 2013; Gumpert, Steimer and Antoni, 2022; Kang and Kim, 2008). In
contrast, our findings offer a complementary explanation for the existence of multi-location
firms: such firms improve efficiency by facilitating the reallocation of operations across local
labor markets. Consistent with Gehrke et al. (2023), our results also highlight the role of
external labor markets in employment reallocation, complementing studies that focus on
worker transfers within internal labor markets.4

Conceptually, Chapter II also reveals the interconnected relationship between physical
capital and intangible capital: the two can be complementary, as the geographic deployment
of physical assets determines a firm’s access to human capital, while the productivity of
physical capital in turn depends on the skills and knowledge embedded in the workforce. In
this sense, spatial organization becomes a mechanism through which firms jointly optimize
physical and intangible inputs.

4See, for example, Cestone et al. (2023), Huneeus et al. (2021), and Tate and Yang (2022).
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Chapter III. Tolerance for Failure: Evidence from Patent Exami-
nation

Chapter I examines alienable intangible capital, typically in the form of patents, whose future
cash flows accrue to the firm. In contrast, Chapter II studies inalienable intangible capital
embedded in employees. Although firms do not own this form of capital, they can capture
part of its future value through employment contracts.

Chapter III brings together these two forms of intangible capital and examines the pro-
cess through which firms convert the inalienable intangible capital embedded in employees
into alienable intangible assets. Specifically, we study the innovation process carried out by
inventors within firms.

The efficiency of the innovation process depends on how effectively firms design incentive
schemes to enhance inventor productivity and translate individual knowledge into successful
innovation outcomes. In particular, a firm’s attitude toward failure likely plays a central
role. Manso (2011) argues that the optimal incentive scheme should tolerate early-stage
failures while rewarding long-term success. Several empirical studies further document that
greater tolerance for failure improves innovation output.5 However, directly measuring failure
tolerance remains challenging.

Chapter III addresses this challenge by introducing a novel firm-level measure of failure
tolerance based on firms’ innovation histories. The cumulative nature of innovation allows
us to trace its trajectory as sequences of innovation projects. We argue that the timing of a
sequence’s termination reflects a firm’s failure tolerance: more failure-tolerant firms are less
likely to terminate an innovation sequence in response to a project yielding an unfavorable
outcome. Accordingly, we measure failure tolerance by the worst project outcome observed
before a sequence is terminated.

Empirically, we anchor innovation projects to patents—observable milestones of firms’ in-
novation efforts—and proxy project outcomes using the scope loss of the corresponding patent
application during examination. A patent’s scope determines the breadth of legal protection
against infringement. During examination, patent examiners review and often narrow the
scope initially claimed by the firm. Such scope reductions limit the enforceable boundaries
of the invention, weaken the patent’s exclusion power, and hence reduce its economic value.
We therefore interpret greater scope loss as a more unfavorable project outcome.

With this measure in hand, we examine how failure tolerance shapes firms’ innovation
output. In the cross-section, more failure-tolerant firms produce higher-quality patents, as
reflected in both their economic value and the citations they receive. Similar patterns emerge

5See, for example, Acharya, Baghai and Subramanian (2014), Acharya and Subramanian (2009), Li, Qiu
and Wang (2019), and Tian and Wang (2014).
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on a per-inventor basis, indicating that greater tolerance for failure is associated with higher
inventor productivity and a shift toward more impactful innovation.

In contrast, failure tolerance is negatively associated with patent quantity at the firm
level, while patenting volume per inventor remains largely unchanged. As a result, the
improvement in patent quality does not translate into higher aggregate innovation output
for the firm. Additional evidence suggests that failure-tolerant firms employ fewer inventors,
pursue more complex projects, experience higher application failure rates, and invest more
in R&D per inventor. We also leverage inventors moving between employers to establish
causality between failure tolerance and inventor productivity.

Taken together, these findings point to a trade-off: tolerance for failure enhances the
quality of innovation by increasing inventor productivity, yet the associated reduction in
quantity offsets gains in total output. These results support the view that failure tolerance
can serve as an effective incentive device, while also highlighting its potential costs, which
have received limited attention in the literature.

In summary, the three chapters offer a unified perspective on the role of the firm in
managing intangible capital. Whether through acquisitions that reveal technological gaps,
multi-location structures that reallocate human-embedded intangible capital across regions,
or incentive schemes that shape the conversion of individual expertise into patentable assets,
corporate strategy and organizational choices fundamentally shape how intangible capital is
produced, moved, and valued. In a world where an increasing share of firm value resides in
assets that are opaque, embedded, and difficult to measure, understanding these mechanisms
is essential for understanding modern corporate behavior.
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Chapter I

Judged by the Company You Acquire

Abstract

An acquirer’s decision to undertake an acquisition, together with its choice of target, can
systematically reveal its technological gap. The underlying selection mechanism allows the
market to distinguish technological laggards from leaders and update valuations accordingly.
I measure this revealed gap as the technological overlap between the target and the acquirer’s
industry. Acquirers with larger revealed gaps experience more negative announcement re-
turns, but only when the target is more transparent than the acquirer and thus conveys
information beyond the market’s prior beliefs. This effect is concentrated in the component
of target choice unexplained by acquisition determinants identified in prior studies. Moreover,
revealed gaps induce opposite market reactions among the acquirer’s industry peers. Addi-
tional tests help rule out alternative explanations. Taken together, these findings highlight
a selection-based mechanism that helps explain the cross-section of acquirer announcement
returns.
Keywords: Mergers and acquisitions; revaluation; technological gap; target selection
JEL Classifications: G43, G14, O33, O34
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and PhD Workshop (August 2025), Jose Martin Flores for his discussion at the 23rd EUROFIDAI-ESSEC
Paris December Finance Meeting (December 2025), and Wenyu Wang for valuable advice. I also thank the
participants at these events, as well as at corporate finance research seminars and brownbag seminars at the
University of Mannheim, for helpful comments and suggestions.
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I.1 Introduction

A long-standing puzzle in the mergers and acquisitions (M&A) literature is that acquirer
announcement returns are, on average, neutral to negative, yet acquirers do not systemati-
cally underperform post-acquisition.1 This challenges the widely adopted interpretation that
announcement returns primarily reflect deal quality. Adding to this puzzle is a stark cross-
sectional difference in announcement returns between acquirers of public and private targets:
negative for the former, but positive for the latter.2 This paper documents an important
component in acquirer returns that is consistent with these patterns and arises from the
interaction of selection and information.

Acquisitions are endogenous to firms’ resource constraints, including technological needs.
I theorize that technological laggards self-select into acquisitions to close technological gaps
relative to their industry peers, as acquisitions become more cost-efficient as technological
needs grow.3 In turn, the decision to acquire, together with the choice of target, reveals the
acquirer’s weak technological standing. Although such acquisitions maximize the acquirer’s
intrinsic value, the revelation they trigger corrects the market’s prior overvaluation of the
acquirer, thereby reducing acquirer announcement returns on net.

IBM’s 2018 acquisition of Red Hat illustrates this tension. Some observers emphasized
the strategic fit and synergies of combining IBM with Red Hat’s cloud technology, whereas
others interpreted the deal as an admission that IBM had failed to develop comparable
cloud capabilities internally.4 This paper argues that both perspectives can be valid at the
same time. When the market has incomplete information about the acquirer’s technological
standing, the technology that makes a target attractive may also reveal that the acquirer
is seeking to close a technological gap. As a result, acquisitions that increase the acquirer’s
intrinsic value may still trigger negative announcement returns if they induce a downward
revaluation of the acquirer’s standalone value.

1For empirical evidence on acquirer returns, see Akbulut and Matsusaka (2010), Betton, Eckbo and
Thorburn (2008), and Moeller, Schlingemann and Stulz (2005). For empirical evidence on acquirers’ post-
acquisition performance, see Fama (1998), Franks, Harris and Titman (1991), Mitchell and Stafford (2000),
and Savor and Lu (2009).

2See J. S. Ang and Cheng (2006), Capron and Shen (2007), Chang (1998), Faccio, McConnell and Stolin
(2006), Fuller, Netter and Stegemoller (2002), and Hansen and Lott (1996).

3Jovanovic and Rousseau (2002) propose a similar self-selection mechanism in the context of physical
assets, arguing that acquisitions become more cost-efficient as the investment scale increases. They provide
suggestive evidence in their Figure 5.

4On the positive side, Barclays analysts wrote that "This deal represents the culmination of IBM’s existing
partnership with Red Hat, and, in our view, allows IBM to gain a highly strategic asset to advance its hybrid
cloud initiatives" (quoted in Reuters, 2018, "IBM to acquire software company Red Hat for $34 billion"). By
contrast, Ben Thompson wrote that "one of the most important takeaways from the Red Hat acquisition is
the admission that IBM’s public cloud efforts are effectively dead" (Thompson, 2018, "IBM’s Old Playbook,"
Stratechery).
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Moreover, this negative effect is more pronounced when the target provides information
beyond what was previously available about the acquirer. Accordingly, acquirers of pub-
lic targets are more likely to experience negative revaluations than those acquiring private
targets, as public targets are more transparent and offer richer disclosures. This greater
transparency enables more informative revelations and leads to lower acquirer announce-
ment returns in deals involving public targets. Importantly, this mechanism also predicts
transparency-driven cross-sectional variation in acquirer announcement returns within the
group of public or private targets.

I provide empirical evidence consistent with this mechanism. I measure the acquirer’s
revealed technological gap as the technological overlap between the target and the acquirer’s
industry peers. Greater overlap implies that the acquirer’s technological needs lie more
squarely within the industry’s existing technology set and are thus more consistent with a
gap-closing motive. To operationalize this measure, I leverage patent data from the U.S.
Patent and Trademark Office (USPTO) to characterize firms’ technological portfolios based
on their patenting activity across technological fields. I then compute the cosine similarity
between the technological portfolios of the target and the acquirer’s industry peers as my
measure of the revealed technological gap.

I draw a sample of 1,044 public-target and 962 private-target acquisitions involving pub-
licly listed acquirers between 1990 and 2020 from SDC. Among public-target deals, a strong
negative association between acquirer announcement returns (measured by cumulative ab-
normal returns over the three- or seven-day window surrounding the announcement) and
the revealed-gap measure emerges: a one-standard deviation increase in the gap is associ-
ated with a 0.83 to 1.83 percentage-point (11 to 22% standard deviation) decline in acquirer
announcement returns—an effect larger in magnitude than that of the method of payment.
These findings are consistent with the interpretation that a greater revealed technological
gap induces more negative revaluations of the acquirer.

I further hypothesize that the presence of prior information about the revealed techno-
logical gap weakens the negative effect. Evidence supports this hypothesis: the negative
effect is weaker when the acquirer already holds a toehold stake in the target prior to the an-
nouncement, when the deal is rumored, and when it is preceded by a back-to-back acquisition
involving the same acquirer.

In contrast to public targets, private targets are more opaque because they face minimal
disclosure requirements. Consequently, the market may be less likely to rely on them as a
credible source of information when inferring the acquirer’s technological standing, leading to
a weaker relationship between acquirer announcement returns and the revealed-gap measure.
Regression results support this argument, suggesting that differences in transparency may
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be a driver of differences in acquirer announcement returns.
Importantly, this mechanism also predicts cross-sectional variation in acquirer announce-

ment returns within deals involving public or private targets. I first focus on public-target
deals and proxy for firm opacity using pre-announcement bid-ask spreads and analyst follow-
ing. Using these two proxies, I measure the extent to which an acquirer is more opaque than
the target. A larger opacity difference might lead the market to more heavily rely on the
target, relative to the acquirer, as a source of information to infer the acquirer’s technological
standing. The evidence shows that the negative effect occurs almost exclusively when the
acquirer is more opaque than the target, and it becomes stronger as the opacity difference
widens.

I then shift the focus to private-target deals. I collect data on their prior bond issuances
and late-stage VC funding rounds before the acquisition announcement. I argue that such
private targets are substantially more transparent than other private firms because they face
heightened disclosure demands from creditors or VC investors. Within this select group of
private targets, I find evidence of negative revaluations. These findings strongly support the
hypothesized role of informational frictions in shaping the cross-section of acquirer announce-
ment returns.

Does the revealed-gap measure really capture unexpected information beyond the mar-
ket’s prior beliefs? To answer this question, I decompose the revealed-gap measure into two
components: one predicted by acquisition determinants documented in the literature, and
a residual orthogonal to them. The residual isolates the part of target choice not predicted
by the included observables. Regression results show that the negative effect is entirely
attributable to the residual, consistent with new information revelation.

Lastly, I turn to the acquirer’s industry peers. When acquisition announcements reveal
technological laggards, they simultaneously reveal possible leaders. Accordingly, industry
peers that do not pursue acquisitions may experience positive revaluations. The regression
results support this hypothesis. I further rule out the alternative explanation that the re-
vealed gap captures industry-wide shocks that alter the probability that firms will become
future acquirers or targets.

As an extension, I show that the effect persists for at least one year post-announcement
with no evidence of a reversal. For robustness, I rule out several alternative explanations,
including dissynergies arising from acquirer-target mismatch, overpayment, and partially
priced-in acquisition gains due to pre-announcement anticipation. I also demonstrate that
the main results are not sensitive to alternative definitions of the revealed-gap measure that
vary the granularity of the patent classification scheme, the length of patenting history, or the
weighting of patents by quality. In a further extension, I explore the reverse scenario: whether
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the market infers the target’s technological gap from the acquirer’s observable technological
profile, and find only weak and suggestive evidence.

Taken together, these findings help explain the cross-section of acquirer returns. The evi-
dence is consistent with a neoclassical framework in which acquisition announcements reveal
unobserved technological standing under informational frictions, with the relative opacity of
the acquirer and the target shaping the strength of this revelation.

The rest of the paper is organized as follows. Section I.2 presents a formal model and
derives testable predictions. Section I.3 describes the data, outlines the empirical strategy,
and defines the key variables. Section I.4 reports the main empirical results and discusses
the findings. Section I.5 addresses alternative explanations, conducts robustness checks, and
explores extensions. Section I.6 concludes.

Related literature. This paper is related and contributes to several strands of the litera-
ture. First, it contributes to the literature on revaluation in M&As. The most closely related
study is Wang (2018), which models M&A transactions as a process of reallocating com-
plementary assets in a two-sided search market and structurally decomposes announcement
returns into components reflecting revaluations and synergies. While that framework offers
valuable insights, it relies on simplifying assumptions, such as the notion that firms produce
with a pair of complementary assets. This paper complements that approach by unpacking
the "black box" of revaluations and grounding the analysis in a concrete and economically
meaningful context: technological gaps, thereby highlighting technological complementarity
as a crucial driver of revaluations in M&As. Besides, Blouin, Fich and Tran (2020) show
that firms acquiring R&D-intensive targets in response to tax incentives may inadvertently
signal a lack of internal R&D capabilities. Jacobsen (2014) finds that withdrawing from
overpriced M&A deals positively signals CEO quality, prompting positive revaluations. This
paper complements these works by documenting a more direct revelation mechanism that
emerges in a broader and more commonly observed strategic context.

Hietala, Kaplan and Robinson (2002) are among the first to decompose acquirer returns
into a synergy component and a revaluation component. Earlier studies of acquirer revalua-
tion have primarily focused on the method of payment as the key revelation channel, where
stock offers may signal acquirer overvaluation and trigger negative market reactions (Fuller,
Netter and Stegemoller, 2002; Moeller, Schlingemann and Stulz, 2004; Myers and Majluf,
1984; Shleifer and Vishny, 2003; Travlos, 1987). This paper contributes to that literature
by introducing a novel revelation mechanism rooted in the acquirer’s choice of target. More
broadly, the paper also relates to a growing literature on the revaluation of targets (Mal-
mendier, Opp and Saidi, 2016) and industry peers (X. Cai et al., 2024; Derrien et al., 2023)
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in response to M&A announcements.
Second, I contribute to research addressing the disparity in announcement returns between

public- and private-target acquisitions. For example, Chang (1998) and Fuller, Netter and
Stegemoller (2002) suggest that private sellers receiving stock may become blockholders in
the acquiring firm, thereby enhancing post-deal monitoring and increasing acquirer valuation.
J. Ang and Kohers (2001) and Chang (1998) further posit that private targets may accept
lower acquisition premiums due to their illiquidity, enabling acquirers to capture more value.
Hansen and Lott (1996) argue that in public-target deals, acquirer shareholders can hedge the
risk of overpayment by also holding shares in the target—an option unavailable in private-
target transactions. Studying a sample of Western European acquisitions, Faccio, McConnell
and Stolin (2006) conclude that none of these theories fully explains the observed acquirer
return disparity between public- and private target deals.

Complementary to these existing explanations, my results suggest that the divergence in
returns may also stem from the differential informativeness of the target. Public targets,
being more transparent, allow the market to extract more inferences about the acquirer than
their private counterparts.

Third, this paper relates to a broader literature on acquirer-target complementarity, which
explores synergies across dimensions such as product markets (Hoberg and Phillips, 2010;
Jia and Sun, 2022), human capital (K. H. Lee, Mauer and Xu, 2018), and assets in a general
sense (Rhodes-Kropf and Robinson, 2008; Rhodes-Kropf, Robinson and Viswanathan, 2005).
In a closely related but distinct context, Bena and Li (2014) show that technological overlap
between acquirers and targets can generate synergies. This paper emphasizes technological
complementarity as a motive for acquisition but highlights an informational implication:
target choice can reveal hidden traits of the acquirer that shape the acquisition decision.
This perspective opens avenues for future research on the informational dynamics of M&As,
particularly in relation to other forms of acquirer-target complementarity.

Lastly, this paper reinforces a growing view that challenges the uncritical use of announce-
ment CARs as proxies for value creation in M&A research (Ben-David et al., 2025). The
findings suggest that CARs may not simply be a noisy measure of deal net present value
(NPV), but could be systematically biased. In particular, when firms pursue acquisitions to
address competitive disadvantages, the market reactions may reflect a downward revaluation
of the acquirer’s standalone value. As a result, CARs may systematically understate the
deals’ true NPV.
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I.2 Theoretical framework

In this section, I construct a simple model to formalize the hypotheses of the paper. I first
model firms’ endogenous decision to close technological gaps through acquisitions. Next, I
introduce informational frictions into the framework and analyze how they shape the market’s
reactions toward acquisition announcements. Finally, I discuss testable predictions of the
model and formulate hypotheses.

I.2.1 Acquisitions as endogenous decisions

To set the stage, consider an economy populated by a large number of profit-maximizing
firms. Each firm i is endowed with zi ∈ [0, zmax] units of technology as a production input,
where zmax represents the entire technology set of the industry. The cross-sectional variation
in this initial technology endowment may arise from technological shocks that reconfigure an
industry’s technology set, leaving some firms better positioned than others.

Firms produce for a single period and then distribute all proceeds to investors. For
simplicity, I abstract away from other inputs. The production function is given by

Q(zi) = κzα
i , (I.1)

where κ > 0 captures industry-specific productivity, and α ∈ (0, 1) ensures decreasing returns
to scale.

Before producing, firm i can build xi additional units of technology internally for p > 0
per unit, or buy yi units externally for p + f per unit through acquisition, where f > 0
captures costs associated with the transaction (e.g., search costs and advisory fees).

Securing these technology units takes time. The model does not explicitly model the
passage of time, but instead incorporates it through opportunity costs that capture the
foregone economic value that could otherwise have been created with the time. The per-unit
time cost is fixed at β for externally acquired units, but is convex for internally developed
units, taking the form βxϕ

i , where ϕ > 1. This specification reflects the concept that R&D
projects become disproportionately more complex as their scale increases.5

Let Ii = xi + yi be the gross investment into technology. The total cost of technological
investment is the sum of purchase costs and time costs,

5This concept dates back to Brooks’s law, which describes the phenomenon whereby adding personnel to
a delayed complex project can further delay it because of mounting communication overhead (Brooks, 1975).
Huberman and Wilkinson (2005) theoretically demonstrate that the completion time of complex cooperative
projects increases with system size because of task interdependencies. Similarly, Boehm (1981) proposes the
Constructive Cost Model (COCOMO), in which software development costs are modeled as an exponential
function of project size, similar to the specification used in this paper.
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c(Ii) = pxi + (p+ f)yi︸ ︷︷ ︸
purchase costs

+ β(xϕ
i + yi)︸ ︷︷ ︸

time costs

. (I.2)

Given gross investment I, a firm’s intrinsic value is thus given by

Vi(zi, Ii) = Q(zi + Ii) − c(Ii). (I.3)

For simplicity, I suppress the subscript i in the rest of the chapter.
While the model focuses on acquisitions aimed at closing technological gaps, firms also

undertake acquisitions for other purposes. These transactions are treated as exogenous and
thus fall outside the decision-making process analyzed here. Their implications are deferred
to Section I.2.1.

Build or buy: a pecking order strategy

The optimal investment level equates the marginal product (MP) of technology with its
marginal cost (MC). The MP of technology, given gross investment I, is

Q′(z + I) = ακ(z + I)α−1. (I.4)

The MC of technology depends on whether the firm builds internally or buys externally.
The respective MC of the two options is given by

cx = p+ βϕxϕ−1, (I.5)
cy = p+ f + β. (I.6)

Figure I.1(a) plots the two MP functions. The MC of buying (cy, blue line) is constant, while
that of building (cx, red line) increases with x due to convex time costs. They intersect at
the investment level I∗:

I∗ =
(
f + β

βϕ

) 1
ϕ−1

. (I.7)

Since building is cheaper than buying only for investments smaller than I∗, a pecking-order
strategy emerges: for investments smaller than I∗, the firm builds. Whereas for investments
larger than I∗, the firm builds I∗ units internally and buys the remaining externally. This
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strategy is formalized as:

x(I) = min {I, I∗} (I.8)
y(I) = max {I − I∗, 0} . (I.9)

The resulting MP of technology is min {cx(I), cy(I)}, as depicted by the two solid line seg-
ments in Figure I.1(a).

Firm value under the optimal investment strategy

The optimal gross investment I equates the MC and the MP of technology, which is deter-
mined at the intersection of the two curves. Figure I.1(b) illustrates two possible scenarios.
First, if the curves intersect on the upward-sloping segment of the MP curve (I ≤ I∗), the firm
builds all technology units internally. Second, if they intersect on the flat segment (I > I∗),
the firm builds I∗ units internally and buys the remainder externally. The second scenario
gives rise to gap bidders. For ease of communication, I label firms in the first scenario as
non-gap bidders.

The firm’s initial technology endowment z determines which scenario applies. Due to
decreasing returns to scale, a greater z corresponds to a lower MP of technology (a lower
dotted curve). This leads to a smaller optimal investment (I < I∗) which is fully satisfied
through building. Such firms (non-gap bidders) have technology endowments in the range
z ∈ [z∗, zmax] and optimal investment I ∈ [0, I∗]. Conversely, a smaller z implies a higher
MP of technology (a higher dotted curve), resulting in a larger optimal investment (I > I∗),
which requires buying in addition to building. These firms (gap bidders) have technology
endowments in the range z ∈ [0, z∗) and optimal investment I ∈ (I∗, Imax], where Imax

is reached when a firm has zero endowment. Appendix I.A.1 derives and provides formal
expressions for z∗, zmax, and Imax.

Figure I.2(a) plots the final technology level under the optimal investment strategy as a
function of z, decomposed into the endowment itself (z, grey), the built units (x, red), and
the bought units (y, blue). All gap bidders (z ∈ [0, z∗)) build the same number of technology
units (x = I∗), while non-gap bidders (z ∈ [z∗, zmax]) build fewer as z increases. Besides, gap
bidders buy fewer units as z rises.

Notably, all gap bidders converge to the same final technology level:

x(z) + y(z) + z = I∗ + y(z) + z = Imax ∀z ∈ [0, z∗). (I.10)

This is because they all equate the MP of technology to the MC of buying, which is constant
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at cy = p + f + β. A key implication is that there exists a bijection between a gap bidder’s
technology endowment z and the number of units it buys y, since the two always add up
to a constant: y + z = Imax − I∗. This allows the market to directly infer the acquirer’s
technological endowments from the target’s technology level when the former is unobservable.

Figure I.2(b) plots the intrinsic value V as a function of z (blue solid line) under the
optimal investment strategy. It increases monotonically in z. Although gap bidders converge
to the same final technology level, a smaller initial endowment still reduces intrinsic value
due to the higher cost of buying technology units.

Notably, acquisitions create value in this model. The red dotted line shows firms’ optimal
investment through building when buying is not available (labeled as xs). Gap bidders must
now substitute cheaper bought units with more expensive built ones, resulting in lower final
technology levels. This, in turn, reduces intrinsic value, as illustrated by the red dotted
line V s in Figure I.2(b). Appendix I.A.1 provides the formal expressions for the optimal
investment strategies and intrinsic values discussed above.

Overall, the model implies that technological laggards—those with smaller technology
endowments—systematically self-select into acquisitions to close technological gaps. While
acquisitions allow them to narrow the gap and enhance intrinsic value, these firms nevertheless
remain at the lower end of the value distribution.

Informational frictions and revaluations

In this section, I derive the market reactions experienced by gap bidders subject to informa-
tional frictions. Specifically, I make the following assumptions.

1. The market observes a firm’s initial technological endowment z with probability pA ∈
(0, 1). With probability 1 − pA, it instead observes a noisy signal drawn from a distri-
bution with cumulative distribution function (CDF) FZ , reflecting the cross-sectional
distribution of z.

2. The market does not observe x, the number of technology units built by the firm.

3. For gap bidders, the market observes y, the number of technology units bought by the
firm (from the target firm), with probability pT ∈ (0, 1).

4. Firms undertake acquisitions for other purposes. Their NPV is normalized to zero
for simplicity. When y is unobserved, the market treats gap-closing acquisitions as
indistinguishable from other-purpose acquisitions.

These first three assumptions are consistent with real-world observations that ongoing
technological development is highly opaque, whereas established technology is only partially
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observable. The parameters pA and pT capture the degree of transparency of the acquirer
and the target, respectively. The last assumption underscores the difficulty of ascertaining
the underlying motives for acquisitions.

Following the assumptions above, the pre-announcement market value of a gap bidder
with endowment z can be expressed as a weighted average between its intrinsic value and
the prior market value across all firms V ,

V0(z) = pA · V (z) + (1 − pA) · V , (I.11)

where the subscript 0 denotes that the value is the expectation conditional on the pre-
announcement information set. The function V0(z) is increasing in z.

At an acquisition announcement, a gap bidder reveals y with probability pT . As discussed
earlier, revealing y is equivalent to revealing z. Therefore, the acquisition announcement
allows the market to observe the acquirer’s endowment z more precisely, with posterior
probability

pAT = 1 − (1 − pA) (1 − pT ) , (I.12)

which is greater than pA. Notably, this expression assumes that the market’s ability to
observe z and its ability to observe y are independent. This assumption may be violated if
market participants rely on overlapping information sets or are subject to common biases.
Although the exact specification does not impact the findings in this section, the next section
relaxes this assumption.

The post-announcement market value of a gap bidder can be expressed as a weighted
average of three components: its intrinsic value V (z), the prior market value across gap
bidders V G, and the prior market value across all firms V :

V1(z) = pAT · V (z) + (1 − pAT ) ·
[
pT · V G + (1 − pT ) · V

]
, (I.13)

where the subscript 1 denotes that the value is the expectation conditional on the post-
announcement information set. The function V1(z) is increasing in z. Notably, V G < V ,
since gap bidders tend to have lower intrinsic value than non-gap bidders. For notational
convenience, define

ṼG ≡ pT · V G + (1 − pT ) · V . (I.14)

It is straightforward to show that ṼG < V .
The announcement return—empirically measured as the abnormal return (AR)—can then

be expressed as the relative change in the acquirer’s market value around the acquisition
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announcement:

AR(z) = V1(z) − V0(z)
V0(z)

. (I.15)

An acquisition announcement conveys two distinct signals. First, the decision to acquire
implies that the acquirer might be a technological laggard. Second, the choice of target
provides additional information about the acquirer’s technological standing. Accordingly,
AR(z) can be decomposed into these two components:

AR(z) = (1 − pA) · ṼG − V

V0(z)︸ ︷︷ ︸
driven by the announcement

+ (pAT − pA) · V (z) − ṼG

V0(z)︸ ︷︷ ︸
driven by the target choice

. (I.16)

The first component, ṼG − V , captures the shift in the market’s prior beliefs about the
firm’s intrinsic value upon the announcement: with probability pT , the market now recognizes
it as a gap bidder. The scaling factor 1−pA indicates that this component is more pronounced
when the acquirer is opaque—i.e., when pA is low, and when the market relies more heavily
on prior beliefs than on firm-specific information.

The second component, V (z) − ṼG, captures the market’s further updating of a gap bid-
der’s value upon learning its true technological position. The scaling factor pAT − pA reflects
the incremental precision with which the market observes the gap bidder’s technological
standing. It implies that the target-driven component is more pronounced when the acquirer
is opaque (low pA) and when the target is transparent (high pT , and thus high pAT ).

The second component predicts substantial cross-sectional variation in acquirer returns
driven by firm characteristics. It therefore constitutes a central focus of the empirical analysis
in this paper.

I.2.2 Model predictions and hypotheses

This section derives testable predictions from the model and formulates the corresponding
hypotheses.

The level of acquirer returns

Given that gap bidders tend to be technological laggards, an average gap bidder should
experience a negative announcement return. The announcement return for an average gap

18



bidder can be expressed as

AR = V 1 − V 0

V 0
= (1 − pA) · pT · V G − V

V 0
, (I.17)

where V 0 and V 1 denote the average pre- and post-announcement market value across all gap
bidders, respectively. Since V G < V , AR is negative, in line with the intuition. This implies
that cost-driven acquisition decisions by gap bidders can generate systematically negative
acquirer returns, even when the acquisitions are value-enhancing.

Notably, the announcement return converges to zero as the target becomes more opaque
(i.e., as pT converges to zero), since greater opacity makes it increasingly difficult to ascertain
the gap-closing motive underlying the acquisition. This prediction is consistent with empirical
evidence that acquirer announcement returns are higher in private-target deals than in public-
target deals, as private targets are more opaque.

The cross-section of acquirer returns

Since the target’s technology complements that of the acquirer, a larger y—the number of
technology units acquired from the target—implies a weaker technological standing of the
acquirer and, therefore, more negative announcement AR. Given z + y = Imax − I∗ for gap
bidders, differentiating AR(z) with respect to y yields

dyAR(z) = −Φ · cy, (I.18)

where Φ = (pAT − pA · pAT ) · V − (pA − pA · pAT ) · ṼG

[V0(z)]2
.

Given that pAT > pA and V > ṼG, it follows that Φ > 0. Therefore, a gap bidder’s announce-
ment return decreases with the number of the target’s technology units y. Consequently, the
target’s technology serves as a negative signal of the acquirer’s technological standing.

Crucially, the model’s prediction only applies when the target’s technology lies within the
current technology set of the acquirer’s industry—i.e., when the technology represented by y
is a subset of that represented by zmax. It does not extend to cases where the target firm’s
technology is novel to the industry’s existing technology, which are treated as other-purpose
acquisitions. Accordingly, a larger y effectively captures a greater overlap between the target’s
technology and the technology set of the acquirer’s industry, implying a larger technological
gap for the acquirer and, consequently, leading to a more negative market reaction. This
observation underpins the empirical measure used in the paper.

Notably, the derivative is proportional to the MC of acquisition, cy = p + f + β. The

19



intuition is that, although gap bidders ultimately converge to the same technology level,
those with weaker technological standing incur higher costs when acquiring technology. This
cost differential, in turn, drives cross-sectional variation in announcement ARs.

Moreover, Equation (I.18) does not capture the full impact of revaluations. The revelation
of a gap bidder’s technological standing updates the market’s assessment of its value in two
steps. First, the market infers the bidder’s weak technological position and revises its value
downward. Second, this revealed weakness rationalizes the choice of target. This second step
generates unexpected synergies that partially offset the downward revaluation. Accordingly,
Equation (I.18) captures the net revaluation effect as a function of y. Section I.A.1 in
the Appendix provides a formal decomposition of announcement AR into revaluation and
unexpected synergy components.

Taken together, the model predicts that the cost-driven acquisition decision results in
announcement returns that are systematically negative for an average gap bidder, and are
more negative when the target’s technology overlaps more with that of the acquirer’s industry.
This leads to the first hypothesis of the paper:

Hypothesis 1. Acquirer returns are negatively correlated with the overlap between the target’s
technology and that of the acquirer’s industry.

Firm opacity as a moderator

Earlier analyses show that a gap bidder’s announcement return includes a component driven
by the target choice, which is more pronounced when the opacity difference between the
acquirer and the target widens (see Equation (I.16)). This implies that dyAR(z), the marginal
effect of y on AR(z) (Equation (I.18)), should be amplified as the acquirer-target opacity
difference increases.

Define the opacity difference as

∆ ≡ pT − pA. (I.19)

The red line in Figure I.3 visualizes the shape of dyAR(z) as a function of ∆. The marginal
effect dyAR(z) is negative except when the acquirer’s technology is fully observable (leftmost
part of the figure) and becomes more negative as ∆ increases. This leads to the second
hypothesis of the paper:

Hypothesis 2. The negative relationship between acquirer returns and the technology overlap
between the target and the acquirer’s industry is moderated by the relative opacity between the
acquirer and the target. A more transparent target or a more opaque acquirer—hence a larger
opacity difference between the acquirer and the target—amplifies the negative relationship.
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This prediction, however, assumes that the information the market observes about the
acquirer’s and the target’s technology is independent (the posterior probability of observing
the acquirer’s true technological standing follows Equation (I.12)). In reality, the two pieces
of information may overlap. To illustrate this point, suppose that the acquirer’s technology
z and the target’s technology y each consist of two components: public information (denoted
z1 and y1, e.g., patents) and confidential information (denoted z2 and y2, e.g., unpatented
proprietary inventions), such that z = z1 + z2 and y = y1 + y2. The market can only
infer the acquirer’s technology within a given component from the target’s technology in the
corresponding component.

Consequently, if an opaque acquirer reveals only public information, the target must be
strictly more transparent (i.e., reveal information beyond the public component) to shed
additional light on the acquirer’s technological standing. Otherwise, the target’s information
is nested within the market’s existing knowledge about the acquirer and does not lead to
incremental learning about z.

The blue solid line in Figure I.3 visualizes dyAR(z) under this assumption. Although
the function remains negative throughout, the slope is nearly flat when ∆ < 0. In this
region, the target does not provide incremental information about the acquirer’s unobserved
technological component, so belief updating about the acquirer’s technological standing is
muted. A more transparent target still helps the market better infer the acquirer’s intention
to close the gap (hence the downward slope), but not the magnitude of the gap itself.

By contrast, the slope becomes substantially steeper when ∆ > 0. In this region, the novel
information revealed by the target enables a sharper update of the market’s belief about the
acquirer’s technological standing. As a result, the a more transparent target simultaneously
sharpens the inference about both the acquirer’s technological gap and its gap-closing motive,
leading to a stronger negative marginal effect on announcement returns. Section I.A.1 in the
Appendix provides a proof of the numerical relationships above.

This leads to two refined hypotheses in addition to Hypothesis 2:

Hypothesis 2a. The negative relationship between acquirer returns and the technology over-
lap between the target and the acquirer’s industry does not exhibit a discontinuity at the point
where the target becomes more transparent than the acquirer.

Hypothesis 2b. The negative relationship between acquirer returns and the technology over-
lap between the target and the acquirer’s industry exhibits a discontinuity at the point where
the target becomes more transparent than the acquirer.
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Announcement returns for peers

An acquisition announcement enables the market to better distinguish a technological laggard
from other firms. When the number of firms in the industry is finite, the announcement may
simultaneously trigger revaluations of other firms in the opposite direction.

To illustrate this point, suppose there are N firms in the market, with pi
A = pA ∀i ∈

{1, 2, ..., N}. Suppose gap bidder g with z = zg makes an acquisition announcement. With a
probability of pAT , it reveals zg; with a probability of 1 − pAT , the market updates its prior
market value to ṼG.

Accordingly, the market updates its prior belief on the other firms’ intrinsic value:

V
¬g = pAT · N · V − V (zg)

N − 1 + (1 − pAT ) · pT · N · V − ṼG

N − 1 = N · V − V1(zg)
N − 1 . (I.20)

Accordingly, their post-announcement value can be expressed as

V ¬g
1 (zi) = pA · V (zi) + (1 − pA) · V ¬g

. (I.21)

Two observations follow. First, the aggregate market value across firms remains un-
changed after the announcement:

V total
0 =

N∑
i=1

V0(zi) = N · V , (I.22)

V total
1 =

N∑
i̸=g

V ¬g
1 (zi) + V1(zg) = N · V . (I.23)

The intuition is that the market has already priced in all value-relevant information at the
industry level ex ante, including acquisition synergies. Thus, acquisition announcements per
se do not create or destroy value, but instead redistribute it across firms.

Second, given that aggregate market value remains constant, the announcement returns
experienced by gap bidders must be offset by price movements in the opposite direction for
other firms. The announcement return for other firms is given by

AR¬g(zi) = V ¬g
1 (zi) − V0(zi)

V0(zi)
= 1
N − 1 · V − V1(zg)

V0(zi)
, (I.24)

which is decreasing in zg and, therefore, increasing in yg—the number of technology units
that gap bidder g acquires from the target.

Taken together, acquisition announcements enable the market to better overcome infor-
mational frictions and distinguish between technological laggards and leaders, thereby driving
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market values closer to their intrinsic levels. This leads to the third hypothesis of the paper:

Hypothesis 3. Upon a gap bidder’s acquisition announcement, its peers experience changes
in their market value. These returns are positively correlated with the degree of technological
overlap between the target and the acquirer’s industry.

I.3 Data and methodology

In this section, I introduce the acquisition sample analyzed in the paper and the data sources
employed. I then outline the empirical strategy, detailing how firms’ technological profiles
are quantified and how the measure of the revealed technological gap is constructed. Finally,
I present summary statistics to further illustrate the sample.

I.3.1 Sample construction

To test the hypotheses, I construct a sample of announced acquisitions involving publicly
listed acquirers between 1990 and 2020, using data from SDC via Wharton Research Data
Services (WRDS). I supplement this sample with trading data from CRSP, financial data
from COMPUSTAT, and patent data from the USTPO. Table I.A1 summarizes the sample
selection process, including the filters applied and the number of observations remaining at
each step. The final sample includes 1,044 public-target acquisitions and 962 private-target
acquisitions.

Notably, I exclude acquisitions in which the target is a subsidiary, as I cannot reliably
identify which patents filed under the parent company are transferred with the subsidiary.
This exclusion is important because the analysis relies on patent portfolios to quantify firms’
technological profiles.

To reflect industry-wide technological dynamics, I compile a broader sample of public
and private companies by combining the universes of COMPUSTAT and CapitalIQ compa-
nies. Supplemented with hand-collected Standard Industrial Classification (SIC) codes for
CapitalIQ firms, the final sample consists of 235,376 distinct companies, both public and
private.

To characterize the technological profiles of all sample firms, I implement a frequency-
based name-matching algorithm following B. Hall, Jaffe and Trajtenberg (2001) to link
patents to firms.6 In total, I successfully link approximately 3 million patents to compa-
nies in the combined sample.7 Of the linked patents, approximately 63% are contributed by

6Further technical details are provided in Appendix I.A.2.
7There are two types of patents: utility patents and design patents. According to the USTPO, a utility
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public companies, 35% by private firms, and the remainder by institutions such as invest-
ment funds and universities. Overall, the linked patents account for about 40% of all patents
filed globally by companies, individuals, and other entities between 1980 and 2020 with the
USTPO, ensuring the representativeness of the patent sample.

It is noteworthy that only a subset of firms actively engage in patenting activities. As a
result, the final sample is best understood as one comprising technology-oriented acquisitions.

I.3.2 Research design

The goal of the empirical strategy is to quantify the technological overlap between the target
and the acquirer’s industry—the proxy for the acquirer’s revealed technological gap, and to
examine how this revealed-gap measure correlates with the stock market reactions to acqui-
sition announcements. I first quantify firms’ technological profiles leveraging patent data.
Then, I construct a measure for the acquirer’s revealed technological gap. Next, I describe
the dependent variables—i.e., cumulative abnormal returns (CARs) around acquisition an-
nouncements, proxies for corporate opacity, and control variables. Lastly, I present and
discuss descriptive statistics of the sample.

Quantifying technological profiles

To characterize a firm’s technological profile, I rely on its patent portfolio. Patents are
a valuable source of information for two main reasons. First, to be granted a patent, an
invention must demonstrate real-world applicability, novelty over all prior art, and a non-
obvious contribution beyond the knowledge of a skilled practitioner in the field. In this
sense, patented inventions capture the technological frontier at the time of filing. Second,
patents confer temporary monopolistic rights (typically lasting up to ten years) that allow
the firm to exclusively commercialize the protected inventions. These rights often translate
into substantial economic value. Indeed, a rich literature has documented patents’ value
effect.8

Patent classification codes are commonly used by researchers to identify technological
fields.9 In this paper, I employ the Cooperative Patent Classification (CPC) codes for this
purpose. The CPC scheme follows a hierarchical structure that becomes increasingly granular

patent protects the way an article is used and works (35 U.S.C. §101), while a design patent protects the way
an article looks (35 U.S.C. §171). This paper focuses exclusively on utility patents, as they better reflect the
technological content of innovation.

8See, for example, Farre-Mensa, Hegde and Ljungqvist (2020), B. H. Hall, Thoma and Torrisi (2007),
Kogan et al. (2017), and Pakes (1985).

9See, for example, B. Hall, Jaffe and Trajtenberg (2001), Hegde, Herkenhoff and Zhu (2023), and Seru
(2014).
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at lower levels. I focus on the class level, which groups patents into 137 distinct technological
classes.10 For robustness, I also replicate the main analysis using the subclass level, comprising
680 categories. The results remain both qualitatively and quantitatively similar.

For each firm i in year t, I extract all granted patents filed by the firm over the preceding 10
years (from year t−1 through year t−10).11 Then, I count the number of patents that fall into
each of the 137 patent classes and construct a 137-dimensional vector Pit = (p1

it, p
2
it, . . . , p

137
it ),

where each element pj
it represents the number of patents in class j.12 Additionally, I denote

the patent vectors for acquirers and targets as PAcq
it and PT ar

it , respectively. The P-vector
describes the distribution of a firm’s past patenting activity across technological classes and
serves as a proxy for the firm’s technological orientation.

Furthermore, for each acquirer, I characterize the technology set of its industry as of the
year preceding the acquisition announcement. To do so, I aggregate the P-vectors across all
firms operating in the same two-digit SIC industry as the acquirer. To avoid endogeneity, I
exclude both the acquirer and the target—if the target operates in the same two-digit SIC
industry—from this calculation. The resulting vector that defines the industry technology
set for acquirer i in year t is

PAInd
it =

∑
k∈Si

Pkt, (I.25)

where Si denotes the set of firms in acquirer i’s 2-digit SIC industry, excluding the acquirer
and, if applicable, the target.

There exist alternative ways to characterize technological profiles. To ensure that the
findings of this paper are not specific to the chosen empirical approach, Section I.5.3 im-
plements four alternative definitions: (1) a more granular patent classification scheme, (2)
shorter patenting histories (5 years), (3) a weighting scheme based on the citations patents
receive, and (4) a weighting scheme based on patents’ economic value, inferred from stock
market reactions to patent news. The main findings hold across these alternative definitions.

Measuring revealed technological gaps

Acquirers’ technological gaps are not directly observable. As established in Section I.2,
the market can infer an acquirer’s technological gap based on the technological profile of
its acquisition target. Following this logic, I capture the acquirer’s revealed technological
gap as the technological overlap between the target and the acquirer’s industry. Greater

10The CPC scheme evolves as new technologies emerge. All CPC codes used in this paper reflect the
version as of the end of 2023 and are applied retroactively to earlier patents.

11I also devise an alternative definition considering 5-year patenting histories. The main results of the
paper are robust to the choice of this window. See Section I.5.3 for details.

12I also devise an alternative definition based on 680 patent "subclasses". The main results of the paper
are robust to the granularity of technological fields. See Section I.5.3 for details.
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overlap indicates that the acquirer’s technological needs lie more squarely within its industry’s
existing technologies, hence signaling its weak technological standing. I label the resulting
measure as the GapSignal score.

Leveraging patent-based measures, I define the GapSignal score as the cosine similarity
between the target’s patent vector PT ar

it and the acquirer’s industry set PAInd
it :

GapSignalit = PT ar
it · PAInd

it

∥PT ar
it ∥ · ∥PAInd

it ∥
, (I.26)

where ∥ · ∥ denotes the Euclidean norm of a vector. Cosine similarity captures the angular
alignment between two vectors while ignoring their magnitude, and thus reflects technological
orientations rather than overall patenting intensity. This choice is grounded in the fact that
the number of patents a firm holds may reflect strategic patenting behavior, rather than its
technological capabilities. For instance, firms may file patents defensively or preemptively
in response to competitive pressure (Bessen, 2003; R. Cappelli et al., 2023; Gurgula, 2020).
As a result, patents may better capture a firm’s technological mix than its technological
strength (Reeb and Zhao, 2020). Cosine similarity captures this compositional element while
abstracting away from differences in patent volumes.

In addition, to control for the acquirer’s observable technological position relative to the
industry technology set, I construct an Alignment score as the cosine similarity between the
acquirer’s patent vector PAcq

it and its industry technology set PAInd
it :

Alignmentit = PAcq
it · PAInd

it

∥PAcq
it ∥ · ∥PAInd

it ∥
. (I.27)

This score reflects the technological overlap between the acquirer and its industry. Higher val-
ues indicate better alignment, while lower values suggest a greater observable gap. Alignment
captures public information observable prior to the acquisition announcement. In contrast,
GapSignal captures information specific to the acquirer-target match and becomes available
only upon the announcement of the acquisition.

Other variables

Cumulative abnormal returns (CARs). The main dependent variable in this paper
is CARs around acquisition announcement dates. I compute CARs for both acquirers and
targets using the four-factor model of Fama and French (1993) and Carhart (1997). The
model is estimated over a 200-trading day estimation window that ends 20 trading days prior
to the announcement to avoid event contamination. CARs are calculated over two symmetric
event windows: [−1, 1] and [−3, 3], where day 0 is the announcement date, or the immediate
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trading day after it.

Corporate opacity measures. To empirically examine the moderating role played by
acquirer and target opacity, I employ two widely adopted proxies for firm-level opacity: bid-
ask spreads and analyst following.13 I follow Abdi and Ranaldo (2017) to estimate effective
bid-ask spreads using closing, high, and low prices, as closing bid-ask quotes reported by
CRSP do not fully span my sample period. Analyst following is measured as the number
of analysts providing earnings forecasts for a firm within a given calendar year, based on
I/B/E/S data.

Firm-level control variables. For each pair of acquirer and target, I construct the
following variables for both firms: total assets, patent stock, Tobin’s Q, and market leverage.
These variables capture, respectively, firm size, historical patenting activity, market valua-
tion, and financial condition. The first three firm-level controls are measured in logarithmic
form. All four controls are based on the most recent fiscal year preceding the acquisition
announcement. Detailed definitions are provided in Table I.A2.

Deal-level control variables. I characterize each acquisition using the following di-
mensions: the percentage of the transaction paid in cash (% in cash); whether the deal is
structured as a tender offer (Tender offer); whether the acquisition is hostile (Hostile); the
presence of competing bids (Competitive); the acquirer’s toehold, i.e., pre-existing ownership
stake in the target (Toehold); whether the deal is cross-border (Cross-border); whether the
acquirer and target operate in the same industry (Horizontal) or are product market rivals
(Prod. market rival), based on the classification by Hoberg and Phillips (2010); and whether
the deal was preceded by public rumors (Rumored deal). These variables help account for
deal structure, strategic complexity, and competitive environment, all of which may influ-
ence market reactions independent of technological considerations. Detailed definitions are
provided in Table I.A2.

I.3.3 Descriptive statistics

Figure I.4 breaks down the sample by year. Panel A shows the annual distribution of acqui-
sitions in the sample from 1990 to 2020, separated by the target’s listing status. The volume

13For example, Anderson, Duru and Reeb (2009) combine both proxies into a composite opacity index.
Daske et al. (2008), Cheng, Courtenay and Krishnamurti (2006), and Leuz and Verrecchia (2000) show
that improved disclosure reduces bid-ask spreads. Hong, Lim and Stein (2000) find that analyst following
accelerates information diffusion.
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of technology-oriented acquisitions rises sharply during the late 1990s and early 2000s, co-
inciding with the dot-com bubble, and shows another uptick in the mid-2010s, potentially
reflecting renewed interest in digital transformation and platform-based business models.

Panel B displays the average acquirer CARs over two symmetric event windows: CAR(-
1,1) and CAR(-3,3). Acquirer returns around public-target announcements are often, on
average, negative over the sample period, whereas private-target acquisitions are almost
consistently associated with positive acquirer returns. This divergence is persistent across
time and event windows.

Panel C plots the average GapSignal score by year. While both public- and private-target
deals show an upward trend, the average GapSignal is consistently higher for public-target
acquisitions, suggesting that public targets tend to be more technologically aligned with the
technology set of the acquirer’s industry.

Table I.1 presents summary statistics for the sample of acquisitions, separated by whether
the target is a public or private firm. Panel A reports acquirer characteristics. Consistent
with prior literature and the time-series pattern shown in Figure I.4, acquirers of public
targets experience significantly negative announcement CARs (mean CAR(-1,1) = -1.2%,
p < 0.01; mean CAR(-3,3) = -1.6%, p < 0.01), while acquirers of private targets earn
significantly positive CARs (mean CAR(-1,1) = 2.3%, p < 0.01; mean CAR(-3,3) = 1.7%,
p < 0.01). Public-target acquirers are substantially larger, hold larger patent portfolios, and
have slightly higher market leverage. All differences are statistically significant at the 1%
level.

Panel B compares target characteristics. In line with established findings, target firms
experience large positive announcement returns (mean CAR(-1,1) = 24.9%, p < 0.01; mean
CAR(-3,3) = 25.5%, p < 0.01). Public targets are significantly larger and more patent-
intensive than private targets, with all differences highly significant.

Panel C summarizes deal-level features. Public-target acquisitions exhibit significantly
higher GapSignal scores, consistent with Figure I.4. By contrast, the Alignment score, which
measures the acquirer’s technological overlap with its industry, does not differ significantly
between the two groups. Public-target deals are also more likely to be structured as tender
offers, hostile, cross-border, or rumored, whereas private-target acquisitions are more likely
to result in deal completion. All these differences are statistically significant. Finally, public-
target acquisitions involve significantly higher cash consideration, which may reflect acquirers’
stronger bargaining position when negotiating with private firms.

Lastly, the sample acquirers are concentrated in a few technology-intensive industries. The
five most represented industries are business services (SIC 73; 17.6%), precision equipment
(SIC 38; 16.4%), chemicals (SIC 28; 14.9%), electronics (SIC 36; 14.7%), and machinery
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(SIC 35; 11.2%). Together, these sectors account for approximately 75% of the sample. The
remaining acquirers are distributed across other manufacturing industries (11.8%) and service
sectors (13.6%). This distribution underscores the sample’s strong orientation toward R&D-
and innovation-driven firms.

I.4 Analysis

This section presents the main empirical analyses. I first document a negative relationship
between acquirer returns and my measure of the revealed technological gap among acquirers
of public targets, while no such relationship is observed for acquirers of private targets. I
then examine the role of informational frictions in shaping market reactions to acquisition
announcements and show that acquirers are negatively revalued only when their targets are
more transparent than they are. Building on this insight, I demonstrate that transparent
private targets likewise trigger negative revaluations of their acquirers. Finally, I relate my
findings to prior studies and show that the effect is not captured by previously documented
acquisition antecedents.

I.4.1 Technological gaps and acquirer revaluation

Figure I.5 sorts public- and private-target acquisitions into terciles based on the GapSignal
score and reports the average acquirer CARs within each tercile for two event windows:
CAR(-1,1) and CAR(-3,3). Among public-target acquisitions (Panel A), a clear negative
relationship emerges between GapSignal and acquirer returns, consistent with Hypothesis 1.
This pattern suggests that when a public target overlaps with the acquirer’s industry tech-
nologically, the market interprets the deal as revealing a larger technological gap for the
acquirer, prompting negative revaluations. Among private-target acquisitions (Panel B), a
similar negative association is also evident, although average CARs remain positive across
all terciles.

Next, I formally test the relationship between acquirer returns and the revealed techno-
logical gap by estimating the following regression model:

CAR(−τ, τ)id = γ ·GapSignald + Xid · Γ + αu + αv + αt + εid, (I.28)

where i indexes acquirers, d indexes acquisition deals, u and v denote 2-digit SIC industry of
the acquirer and the target, respectively, and t represents the calendar year. Xid is a vector of
control variables capturing firm- and deal-level characteristics, as introduced in Section I.3.2.
The regression includes industry and year fixed effects αu, αv, αt to account for unobserved
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heterogeneity across industries and time. The coefficient of interest, γ, captures the marginal
effect of the revealed technological gap, proxied by GapSignal, on the acquirer’s abnormal
return.

Acquirers of public targets

I start with the sample of acquirers of public targets. Table I.2 reports the regression results
based on Equation (I.28), using public-target acquirer’s CAR(-1,1) as the dependent variable
in Panel A, while CAR(-3,3) in Panel B.

Across all specifications in both panels, the coefficient on GapSignal is negative and
statistically significant at the 1% level, except in Column (3) Panel A, where it remains
significant at the 5% level. This result supports the baseline hypothesis: when a target
overlaps the acquirer’s industry technologically to a greater extent, the market interprets the
acquisition as revealing a larger underlying technological gap in the acquirer, triggering a
negative revaluation.

Notably, the more stringent fixed effects introduced in Columns (4) and (5) of both panels
strengthen the estimated relationship. Column (4) controls for time-varying factors specific
to either the acquirer’s or the target’s industry by including acquirer-year and target-year
fixed effects. Column (5) further saturates the specification by controlling for time-varying
factors at the acquirer-target industry-pair level. Importantly, these saturated fixed effects
do not weaken the coefficient on GapSignal; rather, they amplify it substantially. Relative
to Columns (1) to (3), the coefficient magnitude roughly doubles in Panel A and increases
by over 50% in Panel B. This pattern suggests that the fixed effects absorb considerable
noise and mitigate attenuation bias, thereby sharpening the estimated effect of the revealed
technological gap on acquirer returns.

The magnitude of the effect is also economically meaningful. A one-standard deviation in-
crease in GapSignal is associated with a 0.83-1.79 percentage point decline in CAR(-1,1) and
a 1.23-1.83 percentage point decline in CAR(-3,3). These changes represent approximately
10-21% of the standard deviation of the respective CARs.

Control variables. The effect of Alignment, which captures the acquirer’s own techno-
logical overlap with its industry, is negative but statistically significant only in Column (2) of
Panel A. The effect becomes insignificant once firm-level controls are introduced in Column
(3), suggesting that the market has already priced in the acquirer’s observable technological
orientation prior to the acquisition announcement.

A higher share of cash payment (% in cash) is consistently associated with more posi-
tive announcement returns. This finding aligns with prior literature, which interprets cash
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financing as a signal of acquirer undervaluation. The economic magnitude is comparable
to—even slightly smaller than—that of GapSignal: a one-standard deviation increase in the
cash share corresponds to an 8-16% standard deviation increase in CARs. This underscores
the strong explanatory power of the informational mechanism captured by GapSignal.

Additionally, larger acquirers tend to earn significantly higher announcement returns,
whereas acquisitions of larger targets are associated with lower acquirer returns, consistent
with established findings in the literature.14 This pattern may reflect relative bargaining
power in negotiations or the greater complexity and integration costs associated with acquir-
ing large targets. Other untabulated control variables do not exhibit consistent or robust
effects across specifications.

Overall, these results reaffirm the visual pattern observed in Figure I.5, Panel A, and
provide strong empirical support for Hypothesis 1.

What if the gap is known?

Before proceeding to the acquirers of private targets, this section digresses to examine a
central assumption of the paper: that the market cannot fully observe all acquirers’ tech-
nological standing prior to the acquisition announcement. If the acquirer’s technological
standing were common knowledge ex ante, acquisition announcements could not reveal new
information about it, thereby calling my interpretation of the findings into question.

While it is challenging to directly substantiate what the market does not know, it is
easier to identify cases in which the market arguably has greater knowledge of the acquirer’s
technological basis prior to the acquisition announcement. In such cases, the market may
be able to partially infer the acquirer’s gap-closing intention ex ante, thereby weakening the
effect documented above.

The literature has established that toehold stakes increase the probability of a full ac-
quisition by the toehold holder. Akhigbe, Martin and Whyte (2007) show that the size of
the toehold is positively associated with the likelihood of acquisition. Therefore, gap-closing
acquisitions by acquirers with larger toehold stakes may reveal less about the acquirer’s tech-
nological basis at the time of the acquisition announcement, as the market may be able to
partially infer this information ex ante.

Inspired by the argument above, I re-estimate Equation (I.28) while interactingGapSignal
with Toehold, a continuous variable capturing the acquirer’s percentage pre-bid ownership in
the target. Table I.3, Panel A, reports the results. The coefficients on GapSignal are consis-
tently negative and significant across all specifications, in line with the findings in Table I.2.
Notably, the coefficients on the interaction term are positive throughout and significant in

14See, for example, Loderer and Martin (1990) and Moeller, Schlingemann and Stulz (2004).
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four of the six columns. These results indicate that a larger toehold stake is associated with
a less negative marginal effect of GapSignal on acquirer returns, consistent with the inter-
pretation that toehold stakes reveal information about the acquirer’s technological standing
prior to the acquisition announcement.

Second, I consider rumored deals. Like toehold stakes, rumors partially reveal infor-
mation that would otherwise become public at the time of the acquisition announcement.
Consequently, I expect rumors to weaken the effect documented earlier. Table I.3, Panel B,
reports the results. Similar to the case with toehold stakes, the interaction term between
GapSignal and Rumored deal—an indicator equal to one if a deal is marked as rumored
by SDC—yields positive coefficients throughout, indicating that rumors weaken the negative
correlation between GapSignal and acquirer returns. However, the statistical significance is
weaker, likely because rumors carry less weight than toehold ownership and therefore lend
less credibility to the inferences drawn from them.

Lastly, I consider back-to-back acquisitions. To the extent that preceding acquisitions
may have already partially revealed an acquirer’s technological standing, I expect the mar-
ket to find subsequent acquisitions less surprising. Table I.3, Panel C, reports the results.
Back-to-back is an indicator equal to one if an acquisition is preceded by another within 50
calendar days. The coefficients on the interaction term are again positive across the board,
with four of the six also statistically significant. These results further corroborate the findings
in Panels A and B and support the interpretation that greater ex ante market knowledge of
the acquirer’s technological standing leads to less revelation upon the acquisition announce-
ment.

Notably, the coefficients on Toehold, Rumored deal, and Back-to-back in Panels A, B,
and C, respectively, are almost unanimously negative, albeit with varying levels of statistical
significance. This pattern is consistent with prior studies documenting declining acquirer
returns to serial acquisitions (Aktas, de Bodt and Roll, 2011; Fuller, Netter and Stegemoller,
2002) and lower acquirer returns for anticipated deals Tunyi (2021). In contrast, my findings
highlight a novel channel through which anticipation and serial acquisitions may increase
acquirer returns by redistributing information revelation over time.

Taken together, these results reveal cross-sectional heterogeneity in the market’s knowl-
edge of the acquirer’s pre-announcement technological standing, thereby indirectly support-
ing the assumption that at least some aspects of the acquirer’s technological standing are
not common knowledge prior to the acquisition announcement. In this sense, these findings
validate the paper’s theoretical and empirical premise.

32



Acquirers of private targets

Table I.4 presents regression results using the same specification as in Table I.2, but based
on the sample of private-target acquisitions.15

In contrast to the results for public-target acquirers, the coefficient on GapSignal is
statistically indistinguishable from zero across all specifications in both panels. This finding
stands in contrast to the suggestive pattern in Figure I.5, Panel B, and indicates that the
market does not systematically revalue acquirers of private targets based on the technological
profile of the latter.

While initially puzzling, this finding is not necessarily inconsistent with the revaluation
mechanism. As shown theoretically in Section I.2.2, the intensity of market revaluations
depends critically on the informativeness of the target relative to the acquirer. When the
target is more opaque—meaning that the signal it provides about the acquirer’s technological
position is noisier than the acquirer’s own observable characteristics—the revaluation effect
can be substantially weakened, or even fully muted in the case of perfectly correlated noise
components.

In the context of private-target acquisitions, this condition is likely to hold. First, private
firms are not subject to the same regulatory disclosure requirements as their publicly traded
counterparts, making them inherently less transparent. Second, as reported in Table I.1,
private targets in the sample are, on average, less than one-fifteenth the size of their acquirers,
and smaller than one-thirtieth the size of public targets. These stark differences in size suggest
that private targets are substantially more opaque, which limits the market’s ability to draw
inferences about the acquirer based on the target’s technological profile. As a result, the
revaluation effect might be weakened or absent following acquisitions of private firms.

Control variables. The effect of Alignment is negative but statistically significant only
in Columns (2) and (3) in both panels. Its effect becomes insignificant once time-varying
industry heterogeneity is controlled for in Columns (4) and (5), echoing the similar pattern
in Table I.2.

Interestingly, relative to Table I.2, the coefficients on % in cash in both panels and acquirer
Log asset in Panel A reverse in sign, while all other coefficients lose statistical significance
and fluctuate around zero across specifications. This underscores the distinct and complex
dynamics underlying private-target acquisitions. Lastly, in both panels, the adjusted R2

15Note that some independent variables are not available for private-target acquisitions, including target
Tobin’s Q, target Market leverage, and Prod. market rival—the indicator for whether the acquirer and the
target are product market rivals, since Hoberg and Phillips (2010) only classify product markets for public
companies. Additionally, Competitive is also excluded because none of the sample private-target acquisitions
are subject to competitive bidding.
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in Columns (4) to (5) is substantially smaller than in Columns (1) to (3), and even turns
negative in Column (4), Panel B. This reflects the fact that the granular fixed effects included
in Columns (4) to (5) are oversaturated.

Next, I empirically examine how relative acquirer-target opacity moderates revaluations,
and provide further insights into the muted relationship between acquirer returns and revealed
technological gaps in private-target acquisitions.

I.4.2 The moderating role of informational frictions

This section empirically tests Hypothesis 2: a relatively more transparent target strengthens
revaluation while a relatively more transparent acquirer dampens it. Section I.4.2 focuses on
acquisitions involving public firms. Section I.4.2 then turns to acquisitions of private firms.

Opacity and public acquisitions

First, I define the acquirer-target relative opacity as a normalized measure by scaling the
difference in the opacity levels of the acquirer and the target, respectively, by their average
magnitude:

Ω = ωAcq − ωT ar

0.5 · (|ωAcq| + |ωT ar|) , (I.29)

where ω denotes a firm’s opacity measure. As introduced in Section I.3.2, I use two standard
proxies for opacity: bid-ask spreads and analyst coverage. Firms with wider bid-ask spreads
or fewer analysts following are considered more opaque. To ensure consistency in interpre-
tation across proxies, I use the negative of analyst coverage as the opacity measure, so that
higher values of ω uniformly indicate greater opacity.

The opacity proxies—bid-ask spreads and analyst following—indicate that 24% and 20%
of acquirers, respectively, are more opaque than their targets in public-target acquisitions
(Ω > 0). This is not surprising, given that the average acquirer is twice the size of the
average target, and the median acquirer is eight times as large as the median target in the
public-target acquisition sample, according to Table I.1.

To examine how the acquirer-target relative opacity Ω moderates revaluation intensity,
i.e., the strength of the relationship between the acquirer’s announcement returns and its
revealed technological gap. I model the marginal effect of GapSignal on acquirer CARs as a
function of Ω:

∂CAR

∂GapSignal
= g(Ω). (I.30)

Figure I.3 illustrates possible shapes of the function g(·) predicted by the model. In both
cases, the opacity difference between the acquirer and the target amplifies the revaluation
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effect. Specifically, the first scenario (red line) assumes that the market’s observations of
the acquirer and the target are independent. Consequently, the target always contributes
to the precision with which the market observes the acquirer’s technological standing. The
second scenario (Equation (I.52)) assumes that the information provided by the acquirer and
the target is nested. Accordingly, the market does not update its belief about the acquirer’s
technological standing when the target more opaque.

I estimate the function g(·) using two complementary approaches. First, to accommodate
the possibility of a cusp at Ω = 0, I model g(·) as a piecewise linear function with a breakpoint
at Ω = 0. Second, to allow for more flexible nonlinearity in the g(·), I also adopt a restricted
cubic spline (RCS) specification. The RCS approach fits a piecewise cubic polynomial with
continuity and smoothness constraints at the knot points, enabling the shape of g(·) to vary
smoothly across the domain of Ω. Appendix I.A.5 introduces the methodology in detail.

Results. Figure I.6 plots the estimated function g(·). Figures I.6(a) and I.6(b) use
bid-ask spreads as the proxy for opacity, while Figures I.6(c) and I.6(d) use (negative) ana-
lyst following. Figures I.6(a) and I.6(b) estimate g(·) using a piecewise linear specification;
Figures I.6(c) and I.6(d) use a RCS specification.

Across all figures, a consistent pattern emerges: as the target becomes more transparent
relative to the acquirer (i.e., as Ω increases), revaluation intensifies. In other words, the
marginal effect of GapSignal on acquirer returns becomes more negative. This is consistent
with the theoretical prediction that the relationship between acquirer returns and the revealed
technological gap is negative, and that this effect is amplified when the market can better
extract information from the target.

Importantly, the revaluation intensity is close to zero when the target is more opaque
than the acquirer (i.e., Ω < 0), suggesting that the market places little weight on the target
as an information source in such cases. In contrast, when the target is more transparent (i.e.,
Ω > 0), the market interprets the target as a more credible source for inferring the acquirer’s
technological gap, leading to stronger revaluation.

The results also suggest that the negative revaluation of the acquirer is concentrated in
roughly one-quarter to one-fifth of public-target acquisitions, while the remaining acquir-
ers experience little to no revaluation. To the extent that the coefficients on GapSignal in
Table I.2 represent the average revaluation intensity across all public-target deals, then ac-
quirers that are more opaque than their targets (Ω > 0) likely experience revaluation effects
four to five times stronger than the average, while the rest (Ω < 0) are largely unaffected.

Overall, these results provide strong support for Hypothesis 2 and, specifically, Hypoth-
esis 2b.
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Reassessing the private-target puzzle

Having established that negative revaluation in public-target acquisitions concentrates in
deals where the target is more transparent than the acquirer, the muted effect observed for
private-target acquirers (Table I.4) becomes less surprising. Private targets are, on average,
significantly more opaque than their public acquirers, which likely limits the market’s ability
to make inferences based on the target’s profile. As a result, the average marginal effect of
GapSignal is too weak to detect. However, this also suggests a testable implication: if the
mechanism holds, I should observe negative revaluation among private-target acquirers when
the target is transparent.

To this end, I leverage two types of private targets that are arguably more transparent:
those that have received late-stage VC funding and those that have issued corporate bonds
(or other securities) prior to the acquisition announcement. At the late stage of VC funding,
portfolio companies are typically required to reduce information asymmetry with potential
investors in preparation for an initial public offering (IPO) or a secondary buyout (SBO).
I identify such firms using VC transaction data from Preqin. In total, 276 private targets
received VC funding within five years prior to the acquisition announcement, of which 145
obtained at least one late-stage funding round.16

Bond issuance by a private firm typically requires adherence to disclosure standards to
participate in credit markets. I identify bond issuers using three complementary data sources.
First, I identify corporate bond issuances by private firms using records published by the Fi-
nancial Industry Regulatory Authority (FINRA), which provides direct evidence of credit
market offerings. Second, I search for headlines in CapitalIQ that reference corporate bond
offerings by private targets, capturing disclosures through financial media. Lastly, I incor-
porate information from SDC on whether a target has been assigned a SEDOL code prior
to the acquisition announcement. Since SEDOL identifiers are typically allocated to firms
involved in public or quasi-public securities markets, their presence signals a heightened level
of financial visibility. In total, 47 private targets meet these criteria.

Next, I replicate the analyses in Table I.4 while interacting GapSignal—the acquirer’s
revealed technological gap—with an indicator for late-stage targets or bond-issuing targets.
Table I.5 reports the regression results. The interaction term is negative and statistically
significant across most specifications (except for Columns (2) and (5) in Panel B), suggesting
that acquirers of transparent private targets experience negative revaluations when the target
overlaps more with the acquirer’s industry technologically.

16I classify a funding round as late-stage if it is labeled as Growth, PIPE, Pre-IPO, Recapitalization,
Secondary Stock Purchase, Series C or later, or Venture Debt.
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I.4.3 Disentangling prediction and surprise

The analyses thus far have implicitly assumed that GapSignal captures information that
surprises the market. This rests on the premise that, at the time of the acquisition announce-
ment, investors have not fully internalized the acquirer’s technological gap. The observed
revaluation, then, reflects a market response to newly revealed information conveyed through
the acquirer’s choice of target. However, this interpretation warrants further scrutiny. A
large body of literature has identified a variety of observable firm characteristics—such as
size, valuation, growth opportunities, and R&D intensity—that predict acquisition activity.
Whether the effect documented here genuinely reflects informational surprises, or whether it
simply captures dimensions already priced by the market, remains an open empirical ques-
tion. Moreover, it is important to assess the extent to which the self-selection mechanism
proposed in this paper complements, or overlaps with, existing theoretical frameworks. To
this end, I conduct a brief review of relevant studies.

Acquisition antecedents

First, I consider firms’ innovation input and output, drawing on Bena and Li (2014), who
show that firms with big patent portfolios but low R&D intensity are more likely to become
acquirers. Following their definitions, I construct four variables to characterize firms’ inno-
vative capabilities and their changes over time: R&D/assets, Patent index, ∆R&D/assets,
and ∆Patent index. These capture both levels and trends in firms’ innovation activities.

Second, I incorporate the insight of Phillips and Zhdanov (2013), who argue that large,
mature firms tend to outsource R&D through acquisitions. To reflect this, I include measures
of acquirer size and maturity: Log asset, Patent stock, and firm Age. These variables
also indirectly speak to the view that managers of entrenched firms may use acquisitions
defensively to preempt future takeovers, as argued by Gorton, Kahl and Rosen (2009).

Third, I consider neoclassical acquisition motives. According to Jovanovic and Rousseau
(2002) and Maksimovic and Phillips (2001), firms with higher productivity tend to acquire less
productive ones to allocate capital more efficiently. I measure productivity via Tobin′s Q and
a standard estimate of total factor productivity (TFP), assuming a Cobb-Douglas production
function with capital and labor inputs. Notably, Tobin′s Q also reflects valuation-driven
motives, as emphasized in Dong et al. (2006), Rhodes-Kropf, Robinson and Viswanathan
(2005), and Shleifer and Vishny (2003).

Fourth, I account for agency-based motives. Jensen (1986) theorizes that managers may
undertake acquisitions to dissipate excess free cash flows rather than return them to share-
holders. Harford (1999) provide empirical support for this claim. To capture this perspective,
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I include measures of financial slack: Cashflow/asset, Cash/asset, and Market leverage.
These variables also reflect the enabling role of liquidity in driving acquisition waves, as
documented by Harford (2005).

Fifth, I consider internal investment opportunities as a motive. According to Levine
(2017), firms may pursue acquisitions when they lack investment opportunities internally. I
include Capex/asset and Sales growth to capture this logic, reflecting the firm’s investment
intensity and growth perspective.

Sixth, competition may pressure firms to acquire external innovation or suppress rivals.
Higgins and Rodriguez (2006) document that pharmaceutical firms use acquisitions to re-
new their innovation pipelines in the face of patent expirations. Cunningham, Ederer and
Ma (2021) find that firms engage in "killer acquisitions" to preempt emerging competitors.
To reflect industry conditions, I use two Herfindahl indices: one based on product-market
sales (Competition), and the other based on patent stock (Tech competition). Both are
transformed as one minus the standard Herfindahl index, so that higher values reflect greater
competition.

Lastly, I incorporate measures of managerial overconfidence, in line with the hubris hy-
pothesis of Roll (1986) and further developed by Malmendier, Opp and Saidi (2016). Follow-
ing Barber and Odean (2001) and Huang and Kisgen (2013), I use the presence of a female
executive (Female executive) or a female CEO (Female CEO) as inverse proxies for over-
confidence based on robust evidence that male managers are, on average, more overconfident
in financial decision-making.

Decomposing the gap measure

To investigate whether the effect of GapSignal is truly driven by informational surprises, I
examine to what extent it can be explained by firm characteristics previously identified as
acquisition antecedents. To that end, I estimate the following regression model:

GapSignalid = Θid · Ξ + αu + αv + αt + εid, (I.31)

where i indexes acquirers, d indexes acquisition deals, u and v denote 2-digit SIC industry of
the acquirer and the target, respectively, and t represents the calendar year. Zid is a vector
of acquisition antecedents, as listed above. The regression includes industry and year fixed
effects αu, αv, αt to account for unobserved heterogeneity across industries and time.

I estimate the model using the sample of public-target acquisitions, since private targets,
on average, reveal little information about the acquirer’s technological position. Table I.6
presents the results.
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Column (1) shows that higher R&D intensity is strongly associated with higherGapSignal
scores, while increases in R&D intensity predict lower scores, suggesting that gap bidders’
acquisition motives are distinct from those documented by Bena and Li (2014). Rather, gap
bidders tend to be R&D-intensive companies facing a decline in R&D investment—probably
due to a lack of internal growth opportunities. Column (2) indicates that larger and younger
acquirers have higher GapSignal scores, only partially consistent with theories of strategic
outsourcing. Column (3) demonstrates that more productive acquirers are more frequently
gap bidders, suggesting that gap bidders’ acquisition motives overlap with those predicted
by neoclassical acquisition theories. In Column (4), market leverage is negatively associated
with GapSignal, suggesting financial constraints dampen gap-closing acquisitions.

Column (6) shows that acquirers in more competitive product markets are less likely
to become gap bidders, contrary to strategic pressure arguments, but more in line with a
Schumpetarian growth theory where product market competition erodes the monopolistic
rents accruing to successful innovators, hence making cutting-edge technology less attractive
(Aghion and Howitt, 1992). Column (7) finds no significant effect of managerial gender traits.
Column (8) further rules out cash flow-driven agency motives and indicates that firms with
weaker growth prospects are more inclined to close technological gaps via acquisition. Over-
all, while observable predictors explain some variation in GapSignal, a substantial portion
remains unexplained.

Equation (I.31) enables a decomposition of GapSignal into two parts: a fitted component
explained by known acquisition predictors, and a residual component orthogonal to them. Ta-
ble I.6 replaces GapSignal with these two components and re-estimates Equation (I.28). The
results reveal that only the residual component significantly predicts acquirer CARs, suggest-
ing that market reactions are primarily driven by the unanticipated part of the technological
gap—i.e., information not already embedded in known firm and industry fundamentals.

I.4.4 Market reactions for industry peers

In addition to acquirer returns, the model predicts a positive relationship between the market
reactions of the acquirer’s peers and GapSignal (Hypothesis 3 in Section I.2.2). This section
tests this hypothesis.

I begin by constructing a sample of peer firms for the acquirers from the universe of COM-
PUSTAT firms. I exclude firms with no patent throughout the sample period and, for each
acquirer, extract all firm-years within the same two-digit SIC industry in the announcement
year. I then exclude firms that announce any acquisitions during years t − 3 to t, where t
denotes the year of the focal announcement. Finally, I compute ARs for peer firms over the
same event windows used for acquirers.
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I then regress peers’ announcement CARs on the corresponding acquisition’s GapSignal,
controlling for deal characteristics and peer fundamentals (including Log size, Log Tobin′s Q,
Market leverage and Log patent stock). I include industry fixed effects based on peers’ two-
digit SIC codes and year fixed effects, or alternatively industry-year fixed effects, to account
for unobserved heterogeneity. Standard errors are clustered at the deal level. Panel A of
Table I.8 reports the results.

Columns 1–4 all yield positive coefficients, consistent with the prediction that a larger
revealed gap, and hence a more negative revaluation of the acquirer, is accompanied by a more
positive revaluation of its industry peers. The coefficients are also statistically significant for
the narrower event window (CAR(−1, 1) in columns 1–2), implying that a one-standard-
deviation increase in GapSignal is associated with a 15 bp increase in peers’ announcement
returns. The estimates are substantially weaker when the dependent variable is CAR(−3, 3),
possibly because the wider event window introduces additional noise that attenuates the
effect.

To rule out the possibility that this positive correlation might be driven by expectations
of future involvement in acquisitions, I construct two indicators, Target in 3 years and
Acquirer in 3 years, which equal one if the peer firm becomes a target or an acquirer within
three years subsequent to the announcement, and zero otherwise. I then taken them as
the dependent variable. Panel B reports the results. The small point estimates and weak
significance across the board does not support this interpretation.

To rule out the possibility that this positive correlation is driven by expectations of future
acquisition involvement, I construct two indicators, Target in 3 years andAcquirer in 3 years,
which equal one if a peer firm becomes a target or an acquirer within three years following the
announcement, and zero otherwise. I then use these indicators as dependent variables. Panel
B reports the results. The small point estimates and uniformly weak statistical significance
do not support this interpretation.

Taken together, these results are consistent with Hypothesis 3, suggesting that, in en-
vironments characterized by informational frictions, acquisition announcements have value
implications not only for the transacting parties but also for the broader industry, through
shifts in the market’s prior beliefs about the distribution of technological capabilities.

I.5 Extensions and robustness

In this section, I show that the results persist for at least one year after the announce-
ment, rule out alternative explanations such as dissynergies, overpayment, and anticipation,
demonstrate the robustness of the main findings to alternative definitions of the revealed
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technological gap, and examine whether acquisition announcements also reveal information
about the targets.

I.5.1 Long-term effect

To examine whether the negative correlation between GapSignal and short-window mar-
ket reactions persists over longer horizons, I calculate acquirer announcement CARs over
h ∈ {10, 20, . . . , 250} trading days following the announcements, and estimate the following
regression model for each horizon:

CAR(−3, h)id = γ ·GapSignald + Xid · Γ + αu + αv + αt + εid, (I.32)

where i indexes acquirers, d indexes acquisition deals, u and v denote 2-digit SIC industry of
the acquirer and the target, respectively, and t represents the calendar year. Xid is a vector
of control variables introduced in Section I.3.2.

The estimated coefficients over different horizons are plotted in Figure I.7. Across all
horizons, the point estimates remain persistently negative, and their magnitude increases
with the horizon, from -0.06 at h = 10 to -0.17 at h = 250. This pattern is consistent with a
drift, likely reflecting the market’s gradual learning about the target’s technological profile.
The coefficients are statistically significant at the 5% level up to 160 trading days after the
announcement and remain significant at the 10% level through h = 250.

I also stack all horizons into a single regression, additionally including horizon fixed effects
and clustering standard errors at the transaction level, since overlapping horizons induce
strong within-transaction correlations. The estimated coefficient is -0.13 and significant at
the 5% level. Therefore, during the year after acquisition announcements, a one standard
deviation increase in GapSignal is associated with a 4% drop in acquirers’ market value.

Therefore, the revaluation effect documented in the preceding sections remains persistent
and economically meaningful for at least one year after the announcement.

I.5.2 Alternative explanations

This section considers three alternative explanations for the observed negative correlation be-
tween acquirer returns and GapSignal, which proxies for the acquirer’s revealed technological
gap:

(a) dissynergies due to technological incompatibility between the acquirer and the target.

(b) overpayment for technologically advanced targets; and
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(c) pre-announcement anticipation, where expected gains are partially priced in, resulting
in seemingly more negative reactions at the time of the announcement.

Dissynergies

The measure GapSignal captures the similarity between the target’s technological portfolio
and that of the acquirer’s industry peers. A natural alternative interpretation, then, is
that high GapSignal reflects an acquirer’s tendency to imitate the technological direction of
its peers—potentially to its own detriment. In this view, the measure may capture strategic
misalignment or inefficiency arising from blind conformity, where the acquirer pursues targets
without critically assessing whether the target is compatible with its own capabilities or
long-term strategy. Under this hypothesis, the negative correlation between acquirer CARs
and GapSignal reflects growing dissynergies arising from a widening mismatch between the
acquirer and the target.

To address this concern, I examine withdrawn deals, in which any (dis)synergies expected
to accrue to the acquirer should reverse following withdrawal. If dissynergies were driving my
findings, the negative correlation between acquirer returns and GapSignal should disappear
after withdrawal, or at least weaken if the market still anticipates that the acquirer may
pursue similar acquisitions in the future.

By contrast, if revaluations were driving my findings, I would expect withdrawals to
strengthen the negative correlation between acquirer returns and GapSignal. The model
implies that the documented correlation reflects the net effect of two forces: revaluations
due to the revealed technological gap and unexpected synergies that would otherwise be
unattainable without the gap (see Section I.A.1 in the Appendix). While the latter partially
offsets the negative valuation impact, the former dominates. Withdrawals reverse the synergy
component but leave the revaluation component intact, since revealed information cannot be
undone. Consequently, withdrawals should amplify the effect.

Figure I.8 shows the evolution of sample deals up to 250 trading days after the announce-
ment. By 70, 120, and 220 trading days post-announcement, 50%, 80%, and 90% of deals,
respectively, have been either consummated or terminated. By the end of the period, 77%
of deals are effective and 16% are withdrawn.

Accordingly, I split the long-term CARs into three subsamples: effective, pending, and
withdrawn. Within each subsample, I stack different horizons and estimate Equation (I.32),
including horizon fixed effects and clustering standard errors at the transaction level. Ta-
ble I.9 reports the results. The effective and pending subsamples yield coefficients on
GapSignal of similar magnitude, although the coefficient for the effective group is not sta-
tistically significant. By contrast, the coefficient for the withdrawn subsample is both statis-
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tically significant and substantially larger in magnitude—nearly five times that of the other
two groups. These results strongly support revaluations, rather than dissynergies, as the
primary driver of my findings.

Overpayment

A desperate gap bidder may overpay for a target that helps close its technological gap—
especially when the gap is large and the urgency to catch up is high. This puts acquirers
with larger gaps in a weaker bargaining position relative to those facing smaller gaps. If this
mechanism is at play, overpayment may be misinterpreted as negative revaluation, potentially
confounding the main interpretation of the market reaction.

To address this possibility, I examine the relationship between target announcement re-
turns and GapSignal. The rationale is straightforward: if acquirers systematically overpay
to close their technological gaps, this overpayment would constitute a wealth transfer from
acquirer shareholders to target shareholders. Consequently, if overpayment were driving the
results, the observed negative correlation between acquirer returns and GapSignal should be
mirrored by a positive correlation between target returns and GapSignal.

Table I.10 reports the results. Across all specifications and both event windows, the coef-
ficient on GapSignal is statistically insignificant and consistently close to zero. If anything,
the point estimates are negative, opposite to what the overpayment hypothesis would pre-
dict. This finding suggests that the acquirer’s revealed technological gap does not predict
target returns, providing no evidence that acquirers systematically overpay in gap-closing
acquisitions.

Control variables. Several controls merit attention. First, Alignment—which cap-
tures the acquirer’s technological overlap with its industry—is negatively associated with
target CARs, indicating that better-positioned acquirers may enjoy greater bargaining power.
Second, the indicator for tender offers is positively and significantly associated with target
returns, consistent with prior findings that unsolicited bids often carry higher acquisition pre-
miums (Bradley, Desai and Kim, 1988; Walkling, 1985). Finally, target size (Log asset (T))
is positively related to announcement returns, possibly reflecting the stronger negotiation
leverage of larger targets.

Anticipation

Prior research shows that market anticipation can partially incorporate expected acquisition
gains into stock prices before deal announcements, thereby dampening the observed acquirer
returns at the time of the announcement (J. Cai, Song and Walkling, 2011; Tunyi, 2021).

43



If GapSignal also correlates with the extent to which the market expects a firm to pursue
a gap-closing acquisition, then acquirers with higher GapSignal values may exhibit lower
announcement returns—not due to the revelation of new information, but because a greater
portion of the expected gains has already been priced in.

To address this alternative explanation, I argue that pre-announcement anticipation tends
to reduce the element of surprise at acquisition announcements. The greater the anticipation,
the smaller the informational shock, and consequently, the more muted the market reaction.
Therefore, if GapSignal primarily captures market anticipation rather than new informa-
tion, a higher GapSignal should be associated with a smaller absolute magnitude of CARs,
regardless of direction.

In this light, I regress the absolute value of acquirer CARs against GapSignal. Table I.11
presents the results. Panel A reports the results for the event window CAR(-1,1), and
Panel B for CAR(-3,3). Columns (1) and (2) reveal a positive and statistically significant
relationship between GapSignal and |CAR| If GapSignal merely captured pre-announcement
anticipation, I would expect to see smaller absolute returns as GapSignal increases, reflecting
muted surprise. Instead, the results suggest that larger revealed technological gaps lead to
stronger market reactions, which is inconsistent with the prediction of an anticipation-based
explanation.

Columns (3) through (6) split the sample based on whether CARs are negative or non-
negative. The negative relationship between GapSignal and acquirer returns is concentrated
entirely among deals with negative acquirer CARs—those that likely triggered the strongest
negative revaluation. In contrast, GapSignal has no meaningful effect when CARs are non-
negative, suggesting that revaluation is largely absent in those cases.

In summary, the negative relationship between GapSignal and acquirer returns is unlikely
driven by market anticipation.

I.5.3 Redefining the gap measure

More granular patent classification The earlier analyses define GapSignal—the
technological overlap between the target and the acquirer’s industry—using 137 technological
classes derived from the class level of the CPC classification system. To ensure that the
main results are not sensitive to the granularity of the classification scheme, I re-estimate
GapSignal based on the more detailed subclass level, which includes 680 categories.

With the redefined GapSignal—constructed using CPC subclass codes—I replicate the
baseline analysis from Table I.2. Table I.12, Panel A presents the results. The estimates are
both qualitatively and quantitatively similar to the baseline, confirming that the negative
relationship between GapSignal and acquirer announcement returns is robust to alternative
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definitions of the revealed technological gap. In both event windows—CAR(-1,1) and CAR(-
3,3)—the coefficients on GapSignal remain negative and statistically significant across all
specifications. However, the results in Panel A show somewhat weaker statistical significance
in Columns (1) to (3). This attenuation likely arises from the assumption implicit in cosine
similarity that all dimensions are mutually orthogonal, even though the technological distance
between patent categories may vary. As the classification scheme becomes more granular, this
assumption introduces greater measurement noise, potentially weakening the informativeness
of the signal extracted from the target’s patent portfolio. Nonetheless, the overall findings
remain consistent and robust.

Shorter patenting histories. In the earlier analyses, GapSignal is defined using the
10-year patenting histories of the target firms and the acquirer’s collective industry. While
using a longer history provides more observations, thereby mitigating measurement error, it
may also bias the measure toward outdated technologies. To address this concern, I redefine
GapSignal using 5-year patenting histories.

Table I.12, Panel B, reports the results, replicating Table I.2. Across all specifications,
the coefficient on this version of GapSignal is negative, consistent with the baseline results,
albeit with slightly weaker statistical significance. This pattern is likely attributable to
increased measurement error from estimating the measure using only half of the patent
observations. Overall, the choice of the patent-history window is unlikely to materially drive
the documented effect.

Patent quality. In the earlier analyses, technological profiles are characterized by the
frequency of patenting activity across technological fields. This choice is motivated by the
argument that differential activity across categories can reflect technological trends. However,
it also implicitly treats each patent as carrying the same economic value, which is unrealistic.
In other words, GapSignal captures patent quantity while abstracting entirely from patent
quality.

The baseline analysis does not incorporate quality because satisfactory measures are dif-
ficult to obtain. This section therefore leverages two imperfect proxies for patent quality to
address this concern. The first measure is the number of citations each patent receives up to
2022. Two issues arise with this measure. First, citations are right-truncated: older patents
accumulate more citations, not necessarily because they are of higher quality, but because
they have had more time to be cited. I follow B. Hall, Jaffe and Trajtenberg (2001) in ad-
dressing this issue by dividing each patent’s citation count by the mean citation count of its
application-year cohort. Second, citations may introduce look-ahead bias by incorporating
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ex post information. I attempt to address this second concern using an alternative measure.
I recompute the gap measure by weighting each patent by its cohort-adjusted citation

count. Table I.12, Panel C, reports the results. Across all specifications, the coefficient on
the newly defined GapSignal is negative and statistically significant, consistent with the
baseline.

The second quality proxy I use is the real private economic value of patents to firms, as
developed by Kogan et al. (2017). This measure leverages stock market responses to patent
news and therefore does not rely on ex post information. Unfortunately, by construction it
only covers patents filed by public firms. Using this measure therefore restricts the patent
portfolio collectively held by the acquirer’s industry to those of public firms.

I then recompute the gap measure by weighting each patent by the logarithm of its real
economic value. Table I.12, Panel D, reports the results. The coefficient on the newly defined
GapSignal is negative across all specifications, although the statistical significance is weaker
than in the baseline. This pattern may be attributable to the exclusion of private firms from
the measure.

Taken together, the main findings of the paper are robust to all four alternative definitions
of the gap measure.

I.5.4 Are targets revalued?

Thus far, this paper has demonstrated that an acquirer’s choice of target can reveal the
acquirer’s weaknesses and trigger negative revaluation. A natural question that follows is
whether the reverse inference is also possible: can the market infer hidden characteristics of
the target firm based on observable features of the acquirer?

The M&A market is increasingly understood through the lens of two-sided matching
frameworks.17 In such models, the formation of acquirer-target pairs reflects the preferences
of both parties, suggesting that observed matches embed information about the underlying—
potentially hidden—characteristics that shape these preferences. Supporting this perspective,
Wang (2018) find that revaluation effects explain approximately 26% of the variation in target
announcement returns. Notably, however, the share is substantially higher on the acquirer
side, where revaluation accounts for 58% of the return variation. This asymmetry suggests
that, while target characteristics matter, observed deal outcomes are more strongly shaped
by the acquirer’s preferences and informational content, likely due to their larger size and
greater bargaining power.

To empirically examine whether partnering with an acquirer that helps the target close its
17See, for example, Akkus, Cookson and Hortaçsu (2016) and Fox (2018).
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technological gap leads to negative revaluation of the target, I construct target-side analogs of
the GapSignal and Alignment measures. Specifically, GapSignal (T) captures the alignment
between the acquirer’s technological profile and the target’s industry technology set, reflecting
the extent to which the acquirer helps fill the target’s technological gap. Alignment (T), by
contrast, measures the similarity between the target’s own technological portfolio and the
technology set of its industry, capturing the target’s standalone technological positioning.

Table I.13 reports the results. In the baseline models—Columns (1) and (4)—target
GapSignal is negatively associated with target CARs, with significance at the 5% and 10%
levels, respectively. However, once more stringent fixed effects are introduced, the statisti-
cal significance dissipates, suggesting that the effect is not particularly robust. The other
tabulated variables are uniformly insignificant across specifications. Taken together, the re-
sults provide only suggestive evidence that targets are revalued downward when the deal
implies that the acquirer is filling a technological gap for the target. However, this effect—if
present—is considerably weaker and less systematic than the revaluation observed on the
acquirer side.

I.6 Conclusion

This paper reframes how we interpret market reactions to acquisition announcements by
emphasizing that deals can systematically reveal hidden weaknesses about the acquirer. Ac-
quirers with disadvantages—such as technological deficiencies examined in this study—may
self-select into acquisitions as a means of closing competitive gaps, making the act of acqui-
sition itself informative about the acquirer’s disadvantageous competitive standing. Specif-
ically, in technology-oriented acquisitions, a target’s technological profile serves as a signal:
when the target greatly overlaps with the acquirer’s industry technologically, the market
infers that the acquirer is lagging behind, triggering negative revaluation.

The strength of this revaluation, however, depends on the degree of informational frictions.
When the target is more opaque than the acquirer—as is typically the case with private
targets—the market cannot extract reliable inferences based on the target’s observable traits,
and the revaluation effect is muted. This asymmetry offers a novel explanation for the
longstanding puzzle that acquirers of private targets tend to earn positive announcement
returns: not because the deals are better, but because they reveal less negative information.
More broadly, these findings underscore the importance of informational dynamics—alongside
deal fundamentals—in shaping M&A outcomes.
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I.A Appendix

I.A.1 Derivations

Important thresholds in the optimal investment strategy

The model shows that gap bidders and non-gap bidders can be defined based on their initial
technology endowment z. Specifically, when z ∈ [z∗, zmax], the firm buys technology units
externally and becomes a gap bidder. When z ∈ [0, z∗), the firm builds all technology unit
internally. Accordingly, gap bidders’ optimal gross investment ranges in I ∈ (I∗, Imax], while
that of non-gap bidders’ ranges in I ∈ [0, I∗] This appendix defines these threshold values.

First, the critical endowment level z∗ distinguishes gap bidders from non-gap bidders. It
corresponds to the critical gross investment I∗. It is given by

z∗ =
(

ακ

p+ f + β

) 1
1−α

− I∗. (I.33)

Second, since the optimal gross investment strictly decreases with z, the maximum gross
investment Imax can be obtained at zero endowment (z = 0):

Imax =
(

ακ

p+ f + β

) 1
1−α

. (I.34)

Third, I define the maximum level of endowment zmax as the level corresponding to zero gross
investment. It provides a natural upper bound for z:

zmax =
(
ακ

p

) 1
1−α

. (I.35)

The optimal investment strategy

The optimal investment strategy is obtained when the built technology units x and the
bought units y maximizes firm value V , given the technology endowment z. Expressing x
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and y as functions of z yields

x(z) =

I
∗ if z ∈ [0, z∗),

xs(z) if z ∈ [z∗, zmax],
(I.36)

y(z) =

I
max − I∗ − z if z ∈ [0, z∗),

0 if z ∈ [z∗, zmax],
(I.37)

where xs(z) = arg max
x≥0

Q(z + x) − c(x, 0). (I.38)

The function c(·, ·) specifies the units built and units bought separately. The function xs(z)
describes non-gap bidders’ optimal number of units built. Effectively, it is identical to gap
bidders’ optimal number of units built when buying is unavailable (i.e., subject to the con-
straint y = 0), since the constraint always binds for non-gap bidders.

Given the optimal strategy, firm value can be written as a function of z:

V (z) = Q(z + x(z) + y(z)) − c(x(z), y(z)). (I.39)

Firm value when buying is unavailable is

V s(z) = Q(z + xs(z)) − c(xs(z), 0). (I.40)

Notably, for gap bidders, V s(z) is steeper than V (z)—i.e., V s′(z) > V ′(z). When z ∈
[0, z∗), it can be shown that

V (z) = Q(Imax) − (p+ f + β)(Imax − I∗ − z),

which implies V ′(z) = p+ f + β. Similarly, for z ∈ [0, z∗),

V s(z) = Q(z + xs(z)) − c(xs(z), 0),

so that V s′(z) = Q′(z + xs(z)).
Since the constraint y = 0 is binding for gap bidders, xs(z) + z < x(z) + y(z) + z =

Imax. Intuitively, when acquisition is unavailable, gap bidders must substitute relatively
cheaper purchased technology with more expensive in-house investment, leading to a lower
final technology level. Under decreasing returns to scale, it follows that

Q′(Imax) = p+ f + β < Q′(z + xs(z))
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Therefore, V s′(z) > V ′(z) for z ∈ [0, z∗).

Decomposing announcement abnormal returns

Gap bidders’ announcement AR consist of two components: revaluations due to the revelation
of their weak technological standing, and unexpected acquisition synergies. I now decompose
it into these two components.

Revaluations. Revaluations capture changes in the market’s assessment of a gap bidder’s
standalone value, isolating the informational impact of the acquisition while abstracting from
its realized economic outcomes. The key is to construct the counterfactual market value that
would obtain if the market incorporated the information revealed by the acquisition in the
absence of the transaction itself. This can be implemented by assuming all acquisitions are
reversed after the announcement, which effectively imposes y = 0.

Accordingly, a gap bidder’s pre-announcement standalone value can be expressed as

V s
0 (z) = pA · V s(z) + (1 − pA) · V s

, (I.41)

where V s denotes a firm’s intrinsic value under the optimal investment strategy when ac-
quisition is unavailable. V

s stands for the average intrinsic value across all firms in this
scenario.

In the presence of the information revealed through the acquisition announcement, a gap
bidder’s post-announcement standalone value can be expressed as

V s
1 (z) = pAT · V s(z) + (1 − pAT ) ·

[
pT · V s

G · (1 − pT ) + V
s
]
, (I.42)

where V s

G is the average standalone intrinsic value across all gap bidders. Since V s(z) is
increasing in z, it holds that V s

G =
∫ z∗

0 V s(z)dFZ(z) is smaller than V s =
∫ zmax

0 V s(z)dFZ(z),
provided that there exist firms with z > z∗. For notational convenience, define

Ṽ s
G ≡ pT · V s

G + (1 − pT ) · Ṽ s. (I.43)

It is straighforward to show that V s
G < Ṽ s

G < V
s.

Revaluations can then be expressed as the change in a gap bidder’s standalone value
relative to its pre-announcement value:

RV (z) = V s
1 (z) − V s

0 (z)
V0(z)

. (I.44)
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The revaluation component RV (z) is negative for an average gap bidder:

RV = (1 − pA) · V
s

G − Ṽ s

V 0
, (I.45)

which is smaller than zero.
Furthermore, RV (z) is decreasing in y. Taking the derivative of Equation (I.44) with

respect to y yields

d

dy
RV (z) = −pAT − pA

[V0(z)]2
·
[
pA · A+ (1 − pA) · V s′(z) · V

]
− pA · V ′(z)

[V0(z)]2
·B, (I.46)

where A = V s′(z) · V (z) − V ′(z) · V s(z)
and B = (1 − pA) · V s − (1 − pAT ) · Ṽ s

G.

It can be shown that A > 0, because V s′(z) > V ′(z) and V (z) > V s(z) for z ∈ (0, z∗].
Similarly, B > 0 because 1 − pA > 1 − pAT and V

s
> Ṽ s

G. Taken together, the derivative
is positive; RV (z) is decreasing in y. In other words, gap bidders experience more negative
revaluations as the technology overlap between the target and the acquirer’s industry rises.

Similar to Equation (I.16), which decomposes AR(z) into a component driven by the
announcement and one driven by the target choice, RV (z) can also be decomposed into two
components:

RV (z) = (1 − pA) · Ṽ
s

G − V
s

V0(z)︸ ︷︷ ︸
driven by the announcement

+ (pAT − pA) · V
s(z) − Ṽ s

G

V0(z)︸ ︷︷ ︸
driven by the target choice

. (I.47)

The first component, Ṽ s
G − V

s, captures the shift in the market’s expectation of standalone
value upon learning that the firm is a gap bidder with probability pT . The second component,
V s(z) − Ṽ s

G, captures the market’s updating of a gap bidder’s standalone value upon learning
its true technological position.

Synergies. In addition to revaluations, announcement returns also reflect acquisition syn-
ergies. I define synergies as the increase in a firm’s intrinsic value when acquisitions are
available:

S(z) = V (z) − V s(z). (I.48)
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The announcement AR can then be decomposed as follows:

AR(z) = RV (z) + US(z), (I.49)

US(z) = (1 − pA) · S̃G − S

V0(z)︸ ︷︷ ︸
driven by the announcement

+ (pAT − pA) · S(z) − S̃G

V0(z)︸ ︷︷ ︸
driven by the target choice

, (I.50)

where US(z) denotes unexpected synergies, S denotes the average synergies across all firms
(including non-gap bidders), SG denotes the average synergies across all gap bidders, and
S̃G ≡ pT · SG + (1 − pT ) · S. Notably, announcement AR reflects only the component of
synergies that is not anticipated by the market ex ante.

As with revaluations RV (z), unexpected synergies US(z) contribute to announcement
ARs through two components. The first component, S̃G−S, captures the shift in the market’s
prior belief about expected synergies upon the announcement. The second component, S(z)−
S̃G, captures the market’s further updating of this belief upon learning the gap bidder’s true
technological standing through the target choice.

Acquirer-target opacity difference and acquirer returns

This section formally derives the shape of dyAR(z) (Equation (I.18)) as a function of ∆
(defined by Equation (I.19)). First, consider the scenario where the information observed by
the market about the acquirer’s and the target’s technology is independent—the posterior
probability of observing z follows pAT = 1 − (1 − pA) · (1 − pT ). Differentiating dyAR(z) with
respect to ∆ yields:

d∆ (dyAR(z)) = −(1 − pA) ·
(1 − pA) ·

(
V − V G

)
+ V G

[V0(z)]2
· cy, (I.51)

which is smaller than zero. Therefore, dyAR(z) is decreasing in ∆.
When the information observed about the acquirer and the target are nested, the market

updates its belief following the rule: pAT = max{pA, pT }. Differentiating dyAR(z) with
respect to ∆ yields:

d

d∆

(
d

dy
AR(z)

)
=

−pA·(1−pA)·(V−V G)
[V0(z)]2 · cy if pA > pT

− (1−pA)·(V−V G)+V G

[V0(z)]2 · cy if pA ≤ pT

. (I.52)

The value of the function when pA > pT is larger than when pA ≤ pT . Therefore, although
dyAR(z) is also decreasing in ∆, the slope is steeper when pA ≤ pT .
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I.A.2 Name matching

I establish record linkage between the universe of USTPO patent assignees and the universe
of CapitalIQ companies.

First, I standardize all assignee and firm names and apply a frequency-based name match-
ing algorithm following B. Hall, Jaffe and Trajtenberg (2001).18 For a second step, to improve
matching quality while minimizing data losses, I require assignee-company pairs matched
by the algorithm with non-identical standardized names to have a normalized Levenshtein
distance of at least 0.5. All pairs below the threshold are excluded. The normalized Lev-
enshtein distance is defined as the Levenshtein distance between two strings divided by the
string length of the longer component. I further require each matched CapitalIQ firm to be
assigned at least one patent within its sample period.

I.A.3 Construction precedures of the acquisition sample

Table I.A1: Sample construction. This table details the sample selection process and reports the
number and percentage of observations remaining at each step. Public-target and private-target acquisitions
are reported separately.

Public-target Private-target

Step Description # % # %

1 All transaction with a public acquirer and a public or private
target announced in 1990-2020 and classified as "Acq. of assets,"
"Acq. Part. Int.," or "Acq. Maj. Int." from SDC via WRDS,
with all public companies linked to CRSP and COMPUSTAT.

7,049 100.0% 19,586 100.0%

2 Keep deals where the acquirer seeks to purchase and own more
than 50% of the target’s shares after the acquisition.

5,605 79.5% 13,497 68.9%

3 Drop deals classified as recapitalization, repurchase or
divestiture, and those with acquirers classified as an SPV.

5,413 76.8% 13,293 67.9%

4 Drop deals announced by the same acquirer within a one-month
window of each other.

4,938 70.1% 11,397 58.2%

5 Merge all sample firms with patent data and all public firms
with financial information. Exclude acquisitions with missing
variables of interest, as well as those where the target firm has
no patent records.

1,044 14.8% 962 4.9%

18The name standardization routine and the name matching algorithm can be downloaded under the
following link: https://sites.google.com/site/patentdataproject/Home.
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I.A.4 Variable definitions

Table I.A2: Variable definitions. This table defines the main variables used in this paper. All other
variables are defined in the respective captions of the tables using them.

Variable Definition Data source

CAR(-1,1) Cumulative abnormal returns for acquirer or targets from day -1
to day 1, with day 0 being the date of the acquisition
announcement. See Section I.3.2.

CRSP, SDC

CAR(-3,3) Cumulative abnormal returns for acquirer or targets from day -3
to day 3, with day 0 being the date of the acquisition
announcement. See Section I.3.2.

CRSP, SDC

Total asset Total book asset of a company. For private targets, this variable
is imputed with SDC data in the following order: target asset,
enterprise value, and ranking value.

COMPUSTAT,
SDC

Log asset Log-transformed total asset. COMPUSTAT,
SDC

Patent stock The number of granted patents filed by a company in the past
ten years.

USTPO

Log patent stock Log-transformed patent stock. USTPO
Tobin’s Q (Market capitalization + total asset - book equity) / total asset COMPUSTAT
Log Tobin’s Q Log-transformed Tobin’s Q. COMPUSTAT
Market leverage (Long-term debt + Long-term debt due within a year) / (Market

capitalization + total asset - book equity)
COMPUSTAT

GapSignal A measure for the acquirer’s revealed technological gap. See
Section I.3.2.

USTPO,
CapitalIQ

Alignment A measure for the acquirer’s technological alignment with its
industry peers. See Section I.3.2.

USTPO,
CapitalIQ

% in cash The percentage of the acquisition payment made in cash. SDC
Tender offer An indicator for whether an acquisition is a tender offer. SDC
Hostile An indicator for whether an acquisition is hostile. SDC
Competitive An indicator for whether an acquisition is subject to competitive

bidding.
SDC

Toehold The acquirer’s ownership percentage in the target firm prior to
the acquisition announcement.

SDC

Cross-border An indicator for whether an acquisition involves two firms with
residence in different countries.

SDC

Horizontal An indicator for whether an acquisition involves two firms in the
same 2-digit SIC industry.

SDC

Rumored deal An indicator for whether an acquisition was rumored before the
official announcement.

SDC

Prod. market rival An indicator for whether an acquisition involves two firm in the
same product market, as defined by Hoberg and Phillips (2010).

Hoberg and
Phillips Data
Library

Bid-ask spread The annual effective bid-ask spread as defined by Abdi and
Ranaldo (2017).

CRSP

Analyst following The number of analysts following a company over a year. I/B/E/S
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Variable definitions (continued).

Variable Definition Data source

Transparent target An indicator equal to 1 if a private target is regarded as
exceptionally transparent, and 0 otherwise. A private target is
regarded as transparent if it meets all of the following
conditions: (a) it has been assigned a SEDOL code prior to the
announcement date; (b) it is recorded as having issued a
corporate bond in FINRA data; and (c) CapitalIQ headlines
document the bond issuance.

SDC, FINRA,
CapitalIQ

R&D/asset R&D expenses / total asset. COMPUSTAT
∆R&D/asset Year-over-year change in R&D/asset. COMPUSTAT
Patent index An index reflecting a firm’s technological standing, as defined by

Bena and Li (2014).
USTPO

∆Patent index Year-over-year change in patent index. USTPO
Age The number of years since the company first appeared in the

COMPUSTAT database.
COMPUSTAT

Productivity Total factor productivity, estimated as the residual from
regressing log-transformed sales against log-transformed PP&E
and log-transformed employee count over 10-year rolling
windows for each 2-digit SIC industry.

COMPUSTAT

Cash flow/asset Net cashflow from operating activities / year-beginning total
asset.

COMPUSTAT

Cash/asset Cash holdings / total asset. COMPUSTAT
Capex/asset Capital expenditure / total asset. COMPUSTAT
Sales growth Year-over-year change in sales scaled by the average sales over

the two years.
COMPUSTAT

Competition One minus the Herfindahl index of sales across firms within the
same 2-digit SIC industry.

COMPUSTAT

Tech competition One minus the Herfindahl index of patent stock across firms
within the same 2-digit SIC industry.

USTPO

Female executive An indicator for whether a company has a female executive. Execucomp
Female CEO An indicator for whether a company has a female CEO. Execucomp

I.A.5 Revaluations and relative opacity

This appendix presents the estimation strategies for the function g(·), which captures how
relative acquirer-target opacity moderates revaluation intensity—that is, the marginal effect
of the acquirer’s revealed technological gap on its announcement returns. See Section I.4.2
for more details. For a theoretical discussion motivating this relationship, see Section I.2.2.

The first specification models g(·) as a piecewise linear function that allows for a potential
cusp at Ω = 0. This is defined as:

g(Ω) = δ0 + δ1Ω + δ2(Ω)+, (I.53)

where (·)+ denotes the positive-part operator, which equals the input if positive and zero
otherwise. This specification allows for a discrete change in slope at Ω = 0.
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The second specification models g(·) using a restricted cubic spline (RCS), which provides
a smooth and flexible approximation to potential nonlinearities. Following Harrell (2001).
I employ a basis function approach with five knots. The k-th knot, tk, is placed at the
100 · k/(k + 1) percentile of the distribution of Ω. The RCS representation of g(·) is:

g(·) = ψ0 + ψ1F1 + ψ2F2 + ψ3F3 + ψ4F4, (I.54)

where F1 = Ω and for j = 1, 2, 3 :

Fj+1 = (Ω − tj)3
+ − tk − tj

tk − tk−1
(Ω − tk−1)3

+ + tk−1 − tj
tk − tk−1

(Ω − tk)3
+. (I.55)

This construction ensures smoothness and continuity at the knot points and imposes linearity
in the tails.

Both specifications—piecewise linear and RCS—can be expressed as linear combinations
of transformed versions of Ω, denoted {Js}n

s=1, along with a constant. I estimate the following
regression model:

CAR(−τ, τ)id = η0 ·GapSignald +
n∑

s=1
ηs ·GapSignald × Js

d +
n∑

s=1
θs · Js

d

+ Xid · Γ + αu + αv + αt + εid, (I.56)

where i indexes acquirers, d indexes acquisition deals, u and v denote 2-digit SIC industry of
the acquirer and the target, respectively, and t represents the calendar year. Xid is a vector of
control variables capturing firm- and deal-level characteristics, as introduced in Section I.3.2.
The regression includes industry and year fixed effects αu, αv, αt to account for unobserved
heterogeneity across industries and time.

The model includes the transformed Ω terms {Js
d}n

s=1 and their interactions withGapSignal
as regressors. This specification identifies the function g(·) directly, since the partial deriva-
tive of the regression model with respect to GapSignal yields g(·).
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I.B Figures
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Figure I.1: The pecking-order investment strategy. The two panels plot the marginal product
(MP) of technology (Equation (I.4)), the marginal cost (MC) of building (Equation (I.5)), the MC of buying
(Equation (I.6)), and the MC of technology under the pecking order. The thresholds I∗, Imax, z∗, and
zmax are defined by Equations (I.7), (I.34), (I.33), and (I.35), respectively. The parameters are calibrated as
follows: κ = 1, α = 0.3, f = β = 0.025, p = 0.05, and ϕ = 2.
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Figure I.2: The optimal investment strategy and firm value. Panel (a) plots the optimal investment
through in-house development x(z) (Equation (I.36)) and acquisitions y(z) (Equation (I.37)), respectively,
and that absent acquisitions xs(z) (Equation (I.38)) as a function of technology endowment z. Panel (b)
plots the firm value under the optimal strategy V (z) (Equation (I.39)) and that absent acquisitions V s(z)
(Equation (I.40)) as a function of z. The thresholds I∗, Imax, z∗, and zmax are defined by Equations
(I.7), (I.34), (I.33), and (I.35), respectively. The parameters are calibrated as follows: κ = 1, α = 0.3,
f = β = 0.025, p = 0.05, and ϕ = 2.
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Figure I.3: Firm opacity as a moderator. The figure visualizes Equation (I.18), the marginal effect
of the number of technology units bought from the target (y) on acquirer returns (AR(z)) as a function of ∆,
the acquirer-target opacity difference (Equation (I.19)). The red solid line assumes the market’s observations
of the acquirer’s and the target’s technology are independent. The blue line assumes the information from
these two observations is nested. The parameters are calibrated as follows: pA = 0.5, V = 1.7, V G = 1.3,
cy = p + f + β = 0.1.
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(c): Average GapSignal by year

Figure I.4: Acquisition sample by year. This figure summarizes the annual distribution and char-
acteristics of the acquisition sample by the target’s listing status. Panel (a) shows the number of public-
and private-target acquisitions by year. Panel (b) reports average acquirer CARs over two event windows—
CAR(-1,1) and CAR(-3,3)—by year and target type. Panel (c) presents the average GapSignal score by
year, separately for public- and private-target acquisitions.
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Figure I.5: Revealed technological gaps and acquirer returns. This figure sorts sample acquirers of
public and private targets separately into terciles by GapSignal, and reports the average acquirer CARs over
two event windows—CAR(-1,1) and CAR(-3,3)—within each tercile, along with 95% confidence intervals.
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(b): Bid-ask spread, RCS
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(c): Analyst following, piecewise linear
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(d): Analyst following, RCS

Figure I.6: The moderating effect of relative opacity. This figure plots the estimated function g(·),
as defined in Equation (I.30), which captures how revaluation intensity—the marginal effect of GapSignal on
acquirer CARs—varies with acquirer-target relative opacity Ω. Panels (a) and (b) use bid-ask spreads as the
proxy for opacity, while Panels (c) and (d) use (negative) analyst following. Panels (a) and (c) estimate g(·)
using a piecewise linear specification with a breakpoint at Ω = 0; Panels (b) and (d) use a RCS specification.
Each panel reports point estimates of g(·) across selected values of Ω, along with 95% confidence intervals.
The background histograms depict the distribution of Ω in the estimation sample.
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Figure I.7: Long-term effect. This figure plots the coefficient estimates on GapSignal of Equation (I.32)
for each horizon h ∈ {10, 20, . . . , 250} and all horizons stacked. The stacked regression additionally controls
for horizon fixed effects and clusters standard errors at the transaction level. The sample firms are public
target-acquirers.
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Figure I.8: The evolution of deal status. This figure demonstrates the evolution of the sample deals
with public targets up to 250 trading days after the acquisition announcement. Firms are classified into three
categories: effective, pending, and withdrawn.
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I.C Tables

Table I.1: Summary statistics. This table presents summary statistics for the full sample of acqui-
sitions, separated by whether the target is a public or private firm. Panel A reports characteristics of the
acquirers, including announcement-window cumulative abnormal returns (CARs), size, patenting activity,
Tobin’s Q, and market leverage. Panel B reports analogous statistics for targets. Panel C summarizes
deal-level characteristics, including the GapSignal and Alignment scores, method of payment, deal type,
and competitive environment. The last column reports the difference in means between public- and private-
target deals. All variables are defined in Table I.A2.*, **, *** indicate significance at the 10%, 5%, and 1%
level, respectively.

Public-target (N = 1,044) Private-target (N = 962) Mean
differenceMean Median SD Mean Median SD

Panel A: Acquirer characteristics

CAR(-1,1) -0.012 -0.005 0.083 0.023 0.006 0.125 -0.035***
CAR(-3,3) -0.016 -0.010 0.099 0.017 0.007 0.136 -0.033***
Total asset ($bn) 16.418 1.706 66.826 3.738 0.343 13.393 12.680***
Log asset 7.503 7.442 2.294 5.946 5.837 2.118 1.558***
Patent stock 263.430 1.000 1,438.176 165.400 1.000 989.543 98.030**
Log patent stock 2.042 0.693 2.472 1.796 0.693 2.179 0.246***
Tobin’s Q 2.765 2.037 2.374 3.049 2.098 2.719 -0.284***
Log Tobin’s Q 0.798 0.711 0.610 0.858 0.741 0.677 -0.060**
Market leverage 0.107 0.075 0.115 0.076 0.027 0.103 0.030***

Panel B: Target characteristics

CAR(-1,1) 0.249 0.187 0.315
CAR(-3,3) 0.255 0.205 0.384
Total asset ($bn) 7.672 0.203 82.354 0.246 0.038 1.297 7.427***
Log asset 5.632 5.311 2.141 3.723 3.646 1.822 1.909***
Patent stock 108.470 9.000 850.381 8.615 3.000 19.958 99.855***
Log patent stock 2.615 2.303 1.641 1.621 1.386 0.951 0.993***
Tobin’s Q 2.429 1.713 2.245
Log Tobin’s Q 0.646 0.538 0.638
Market leverage 0.105 0.040 0.135

Panel C: Deal characteristics

GapSignal 0.536 0.579 0.302 0.451 0.442 0.304 0.085***
Alignment 0.319 0.089 0.359 0.316 0.126 0.355 0.003
% in cash 0.455 0.331 0.460 0.361 0.000 0.427 0.094***
Tender offer 0.223 0.000 0.417 0.004 0.000 0.064 0.219***
Hostile 0.022 0.000 0.147 0.001 0.000 0.032 0.021***
Competitive 0.071 0.000 0.257 0.001 0.000 0.032 0.070***
Toehold 0.007 0.000 0.041 0.010 0.000 0.052 -0.003*
Cross-border 0.154 0.000 0.361 0.214 0.000 0.410 -0.060***
Horizontal 0.680 1.000 0.467 0.543 1.000 0.498 0.138***
Prod. market rival 0.563 1.000 0.496
Rumored deal 0.127 0.000 0.334 0.013 0.000 0.111 0.115***
Completed 0.785 1.000 0.411 0.917 1.000 0.276 -0.132***
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Table I.2: Public-target acquirers and revealed gaps. This table reports the regression results of
Equation (I.28) based on a sample of public-target acquisitions. The dependent variables are the acquirer’s
CARs over two event windows: CAR(-1,1) in Panel A and CAR(-3,3) in Panel B. The main independent
variable of interest is GapSignal, which captures the acquirer’s technological gap revealed by the acquisition.
Only a subset of control variables is shown for brevity; a complete list is provided in Section I.3.2. AInd and
TInd denote the 2-digit SIC industries of the acquirer and the target, respectively. All other variables are
defined in Table I.A2. T-statistics are reported in brackets. Standard errors are robust to heteroskedasticity.
*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A: CAR(-1,1)

Dep. var.: CAR(-1,1) of public-target acquirers

(1) (2) (3) (4) (5)

GapSignal -0.028*** -0.030*** -0.029** -0.059*** -0.057***
(-2.85) (-2.73) (-2.54) (-3.18) (-3.00)

Alignment -0.016** -0.012 -0.009 -0.004
(-1.97) (-0.97) (-0.50) (-0.21)

% in cash 0.026*** 0.018** 0.029*** 0.026***
(3.84) (2.53) (2.87) (2.63)

Log asset (A) 0.005** 0.009*** 0.009***
(2.47) (3.03) (2.94)

Log asset (T) -0.002 -0.008** -0.007**
(-0.76) (-2.19) (-2.04)

Deal controls No Yes Yes Yes Yes
Firm controls No No Yes Yes Yes
Year, AInd, TInd FE Yes Yes Yes No No
AInd × Year, Tind × Year FE No No No Yes No
AInd × Tind × Year FE No No No No Yes
Adj. R2 0.050 0.074 0.080 0.085 0.113
N 1,044 1,044 1,044 757 650

Panel B: CAR(-3,3)

Dep. var.: CAR(-3,3) of public-target acquirers

(1) (2) (3) (4) (5)

GapSignal -0.041*** -0.043*** -0.044*** -0.058*** -0.061***
(-3.36) (-3.15) (-3.16) (-2.63) (-2.72)

Alignment -0.010 -0.007 -0.006 -0.005
(-0.99) (-0.43) (-0.27) (-0.21)

% in cash 0.027*** 0.018** 0.035*** 0.034***
(3.42) (2.18) (2.96) (2.84)

Log asset (A) 0.006*** 0.011*** 0.012***
(2.61) (3.27) (3.64)

Log asset (T) -0.005* -0.011*** -0.010**
(-1.76) (-2.71) (-2.45)

Deal controls No Yes Yes Yes Yes
Firm controls No No Yes Yes Yes
Year, AInd, TInd FE Yes Yes Yes No No
AInd × Year, Tind × Year FE No No No Yes No
AInd × Tind × Year FE No No No No Yes
Adj. R2 0.044 0.052 0.055 0.053 0.083
N 1,044 1,044 1,044 757 650
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Table I.3: What if the gap is known? This table replicates Columns (3)–(5) in both panels of Table I.2,
while interacting GapSigal with three variables. The dependent variables are the acquirer’s CARs over two
event windows: CAR(-1,1) in Panel A and CAR(-3,3) in Panel B. The main independent variable of interest
is GapSignal, which captures the acquirer’s technological gap revealed by the acquisition. Toehold is the
percentage pre-bid target share owned by the acquirer. Rumored deal is an indicator that equals one if a
deal is rumored, and zero otherwise. Back-to-back is an indicator if an acquisition is preceded by another
acquisition initiated by the same acquirer within 50 calendar days. Control variables are omitted; a complete
list is provided in Section I.3.2. AInd and TInd denote the 2-digit SIC industries of the acquirer and the
target, respectively. All other variables are defined in Table I.A2. T-statistics are reported in brackets.
Standard errors are robust to heteroskedasticity. *, **, and *** indicate significance at the 10%, 5%, and 1%
levels, respectively.

Panel A: Bidders with toeholds

Sample: Acquirers of public targets

Dep. var.: CAR(-1, 1) CAR(-3, 3)

(1) (2) (3) (4) (5) (6)

GapSignal × Toehold 0.073 0.535*** 0.721*** 0.104 0.583* 0.830**
(0.57) (2.91) (3.21) (0.58) (1.96) (2.28)

GapSignal -0.030** -0.061*** -0.060*** -0.045*** -0.060*** -0.064***
(-2.58) (-3.32) (-3.17) (-3.21) (-2.78) (-2.90)

Toehold -0.010 -0.445*** -0.593*** -0.013 -0.511** -0.732**
(-0.10) (-2.95) (-3.18) (-0.09) (-2.02) (-2.35)

Deal, firm controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.079 0.089 0.118 0.055 0.056 0.088
N 1,044 757 650 1,044 757 650

Panel B: Rumored deals

Sample: Acquirers of public targets

Dep. var.: CAR(-1, 1) CAR(-3, 3)

(1) (2) (3) (4) (5) (6)

GapSignal × Rumored deal 0.049** 0.044 0.025 0.071*** 0.080* 0.061
(2.32) (1.08) (0.60) (2.59) (1.82) (1.45)

GapSignal -0.035*** -0.063*** -0.060*** -0.053*** -0.065*** -0.067***
(-2.89) (-3.21) (-2.94) (-3.56) (-2.81) (-2.81)

Rumored deal -0.017 -0.006 0.013 -0.033 -0.039 -0.022
(-1.06) (-0.18) (0.40) (-1.59) (-1.20) (-0.71)

Deal, firm controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.083 0.085 0.111 0.059 0.055 0.083
N 1,044 757 650 1,044 757 650
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What if the gap is known (continued)?

Panel C: Back-to-back acquisitions

Sample: Acquirers of public targets

Dep. var.: CAR(-1, 1) CAR(-3, 3)

(1) (2) (3) (4) (5) (6)

GapSignal × Back-to-back 0.080 0.148** 0.183*** 0.071 0.151** 0.170**
(1.49) (2.00) (2.59) (1.33) (2.00) (2.34)

GapSignal -0.032*** -0.065*** -0.066*** -0.046*** -0.063*** -0.068***
(-2.83) (-3.61) (-3.63) (-3.33) (-2.94) (-3.13)

Back-to-back -0.055 -0.135** -0.162*** -0.039 -0.122** -0.138**
(-1.42) (-2.55) (-3.24) (-1.00) (-2.12) (-2.45)

Deal, firm controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.081 0.096 0.128 0.054 0.057 0.088
N 1,044 757 650 1,044 757 650
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Table I.4: Acquirer returns and revealed gaps with private targets. This table reports the
regression results of Equation (I.28) based on a sample of private-target acquisitions. The dependent variables
are the acquirer’s CARs over two event windows: CAR(-1,1) in Panel A and CAR(-3,3) in Panel B. The
main independent variable of interest is GapSignal, which captures the acquirer’s technological gap revealed
by the acquisition. Only a subset of control variables is shown for brevity; a complete list is provided in
Section I.3.2. AInd and TInd denote the 2-digit SIC industries of the acquirer and the target, respectively.
All other variables are defined in Table I.A2. T-statistics are reported in brackets. Standard errors are robust
to heteroskedasticity. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A: CAR(-1,1)

Dep. var.: CAR(-1,1) of private-target acquirers

(1) (2) (3) (4) (5)

GapSignal -0.012 0.001 0.010 0.035 0.028
(-0.73) (0.07) (0.60) (1.40) (1.07)

Alignment -0.031** -0.045** -0.031 -0.037
(-2.58) (-2.52) (-1.19) (-1.39)

% in cash -0.016 -0.008 -0.016 -0.014
(-1.64) (-0.84) (-1.24) (-1.07)

Log asset (A) -0.013*** -0.009** -0.011**
(-4.59) (-2.48) (-2.58)

Log asset (T) 0.003 -0.002 0.000
(1.03) (-0.40) (0.10)

Deal controls No Yes Yes Yes Yes
Firm controls No No Yes Yes Yes
Year, AInd, TInd FE Yes Yes Yes No No
AInd × Year, Tind × Year FE No No No Yes No
AInd × Tind × Year FE No No No No Yes
Adj. R2 0.114 0.124 0.149 0.048 0.021
N 962 962 962 711 559

Panel B: CAR(-3,3)

Dep. var.: CAR(-3,3) of private-target acquirers

(1) (2) (3) (4) (5)

GapSignal -0.012 0.005 0.008 0.002 -0.005
(-0.71) (0.29) (0.43) (0.05) (-0.16)

Alignment -0.048*** -0.062*** -0.044 -0.033
(-3.61) (-3.11) (-1.46) (-1.05)

% in cash -0.015 -0.009 -0.030* -0.025
(-1.26) (-0.79) (-1.69) (-1.53)

Log asset (A) 0.004 -0.002 0.000
(1.30) (-0.39) (0.04)

Log asset (T) 0.004 0.001 0.000
(1.41) (0.14) (-0.01)

Deal controls No Yes Yes Yes Yes
Firm controls No No Yes Yes Yes
Year, AInd, TInd FE Yes Yes Yes No No
AInd × Year, Tind × Year FE No No No Yes No
AInd × Tind × Year FE No No No No Yes
Adj. R2 0.051 0.064 0.071 -0.041 0.017
N 962 962 962 711 559
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Table I.5: Transparent private targets. This table replicates Table I.4, while interacting GapSignal—
the proxy for the acquirer’s revealed technological gap—with an indicator for exceptionally transparent tar-
gets. Late-stage target in Panel A equals 1 if the target received a late-stage VC funding round within five
years prior to the acquisition announcement, and 0 otherwise. Bond-issuing target in Panel B equals 1 if
has issued corporate bonds or other securities prior to the acquisition announcement prior to the acquisition
announcement, and 0 otherwise. The dependent variables are the acquirer’s CARs over two event windows:
CAR(-1,1) and CAR(-3,3). Control variables are omitted for brevity; a complete list is provided in Sec-
tion I.3.2. AInd and TInd denote the 2-digit SIC industries of the acquirer and the target, respectively. All
other variables are defined in Table I.A2. T-statistics are reported in brackets. Standard errors are robust
to heteroskedasticity. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A: VC-backed late-stage private targets

Sample: Acquirers of private targets

Dep. var.: CAR(-1, 1) CAR(-3, 3)

(1) (2) (3) (4) (5) (6)

GapSignal × Late-stage target -0.080* -0.125** -0.142* -0.076* -0.120** -0.127*
(-1.76) (-1.97) (-1.80) (-1.73) (-2.01) (-1.81)

GapSignal 0.017 0.046* 0.043 0.015 0.011 0.006
(0.95) (1.79) (1.57) (0.67) (0.30) (0.16)

Late-stage target 0.062* 0.098** 0.102* 0.062** 0.104** 0.100**
(1.89) (2.06) (1.72) (2.07) (2.46) (1.98)

Deal, firm controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.152 0.058 0.031 0.073 -0.033 0.021
N 962 711 559 962 711 559

Panel B: Bond-issuing private targets

Sample: Acquirers of private targets

Dep. var.: CAR(-1, 1) CAR(-3, 3)

(1) (2) (3) (4) (5) (6)

GapSignal × Bond-issuing target -0.193*** -0.160 -0.269** -0.206*** -0.204 -0.314***
(-2.63) (-1.40) (-2.53) (-2.70) (-1.64) (-2.60)

GapSignal 0.021 0.040 0.038 0.020 0.008 0.006
(1.24) (1.61) (1.43) (1.00) (0.25) (0.16)

Bond-issuing target 0.090* 0.046 0.135* 0.086* 0.051 0.126
(1.84) (0.54) (1.77) (1.77) (0.60) (1.55)

Deal, firm controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.157 0.055 0.033 0.079 -0.030 0.034
N 962 711 559 962 711 559
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Table I.6: Predicting gap bidders. This table presents estimation results of Equation (I.31). The
dependent variable GapSignal measures the acquirer’s technological gap revealed by the target’s technological
profile. The dependent variables are acquisition antecedents discussed in Section I.4.3. AInd and TInd
denote the 2-digit SIC industries of the acquirer and the target, respectively. All other variables are defined
in Table I.A2. T-statistics are reported in brackets. Standard errors are robust to heteroskedasticity. *, **,
and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Sample: Acquirers of public targets

Dep. var.: GapSignal

(1) (2) (3) (4) (5) (6) (7) (8)

R&D/asset 0.249*** 0.241***
(5.48) (4.81)

∆R&D/asset -0.147*** -0.162***
(-3.46) (-3.58)

Patent index 0.000 0.000
(0.49) (-0.64)

∆Patent index 0.0001* 0.000
(1.67) (1.42)

Log asset 0.013*** 0.019***
(2.68) (3.52)

Log patent stock 0.006 0.003
(1.63) (0.89)

Age -0.002*** -0.002**
(-2.73) (-2.21)

Log Tobin’s Q 0.050*** 0.038**
(3.60) (2.39)

Productivity 0.031** 0.031**
(2.26) (2.05)

Cash flow/asset -0.011 -0.053**
(-0.55) (-2.50)

Cash/asset 0.035 -0.001
(0.66) (-0.02)

Market leverage -0.184** -0.116
(-1.97) (-1.13)

Capex/asset -0.207 -0.269
(-1.01) (-1.30)

Sales growth -0.020 -0.064***
(-0.86) (-2.82)

Competition -0.843*** -0.835***
(-2.66) (-2.67)

Tech competition 0.146 0.173
(1.32) (1.56)

Female executive 0.033 0.022
(1.55) (1.03)

Female CEO 0.010 0.014
(0.20) (0.28)

Year, AInd,
TInd FE Yes Yes Yes Yes Yes Yes Yes Yes

Adj. R2 0.370 0.367 0.369 0.361 0.358 0.361 0.359 0.390
N 1,044 1,044 1,044 1,044 1,044 1,044 1,044 1,044
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Table I.7: Prediction or suprise? This table replicates Columns (3) to (5) in Table I.2, Panel A
and Panel B, while decomposing GapSignal—the proxy for the acquirer’s revealed technological gap—into a
fitted value that is predicted by acquisition antecedents discussed in Section I.4.3, and a residual that capture
information orthogonal to observable acquirer characteristics. The dependent variables are the acquirer’s
CARs over two event windows: CAR(-1,1) and CAR(-3,3). Control variables are omitted for brevity; a
complete list is provided in Section I.3.2. AInd and TInd denote the 2-digit SIC industries of the acquirer
and the target, respectively. All other variables are defined in Table I.A2. T-statistics are reported in
brackets. Standard errors are robust to heteroskedasticity. *, **, and *** indicate significance at the 10%,
5%, and 1% levels, respectively.

Sample: Acquirers of public targets

Dep. var.: CAR(-1,1) CAR(-3,3)

(1) (2) (3) (4) (5) (6)

GapSignal (fitted) -0.017 -0.082 -0.071 -0.071 -0.111 -0.102
(-0.21) (-0.76) (-0.64) (-1.03) (-1.17) (-1.09)

GapSignal (residual) -0.030** -0.058*** -0.057*** -0.043*** -0.055** -0.059***
(-2.54) (-3.12) (-2.97) (-3.04) (-2.51) (-2.65)

Firm, deal controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.079 0.084 0.111 0.055 0.052 0.081
N 1,044 757 650 1,044 757 650
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Table I.8: Revaluation of industry peers. This table reports regression results based on a sample of
acquirers’ industry peers. The dependent variables are the peers’ CARs over two event windows, CAR(-1,1)
and CAR(-3,3), in Panel A, and two indicators, Target in 3 years and Acquirer in 3 years in Panel B. They
equal one if the firm becomes an acquisition target or acquirer in the next three years, respectively. The
main independent variable of interest is GapSignal, which captures the acquirer’s technological gap revealed
by the acquisition. Control variables include deal-level characteristics listed in Section I.3.2 and the peers’
Log size, Log Tobin′s Q, Market leverage, and Log patent stock. Ind denotes the 2-digit SIC industries of
the peer firm. All other variables are defined in Table I.A2. T-statistics are reported in brackets. Standard
errors are clustered at the deal level. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

Panel A: Market reactions

Sample: Peers of public-target acquirers

Dep. var.: CAR(-1, 1) CAR(-3, 3)

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

GapSignal 0.005*** 0.005** 0.003 0.002
(2.67) (2.25) (1.07) (0.57)

Firm, deal controls Yes Yes Yes Yes
Year, Ind FE Yes No Yes No
AInd × Year FE No Yes No Yes
Adj. R2 0.002 0.003 0.003 0.005
N 100,663 100,659 100,663 100,659

Panel B: Future acquisition involvement

Sample: Peers of public-target acquirers

Dep. var.: Target in 3 years Acquirer in 3 years

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

GapSignal -0.002 0.000 -0.002 0.000
(-1.33) (0.95) (-0.53) (0.38)

Firm, deal controls Yes Yes Yes Yes
Year, Ind FE Yes No Yes No
AInd × Year FE No Yes No Yes
Adj. R2 0.006 0.011 0.050 0.055
N 100,663 100,659 100,663 100,659
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Table I.9: Deal status. The dependent variable GapSignal proxies for the acquirer’s revealed tech-
nological gap. The dependent variables are public-target acquirer’s CARs over the window [−3, t], with
t ∈ {10, 20, ..., 250}. Only a subset of control variables are reported for brevity; a complete list is provided in
Section I.3.2. AInd and TInd denote the 2-digit SIC industries of the acquirer and the target, respectively.
Horizon denotes different event windows. All other variables are defined in Table I.A2. T-statistics are
reported in brackets. Standard errors are robust to heteroskedasticity. *, **, and *** indicate significance at
the 10%, 5%, and 1% levels, respectively.

Dep. var.: CAR(-3, t) for acquirers of public targets

Subsample: All Effective Pending Withdrawn
(1) (2) (3) (4)

GapSignal -0.132** -0.102 -0.100** -0.492**
(-2.52) (-1.37) (-2.46) (-2.46)

Firm, deal controls Yes Yes Yes Yes
Year, AInd, TInd FE Yes Yes Yes Yes
Horizon FE Yes Yes Yes Yes
Adj. R2 0.151 0.154 0.115 0.740
N 25,786 14,108 8,500 3,176
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Table I.10: Overpayment? Panel A replicates Columns (3) to (5) in both panels of Table I.2 for public
targets. Panel B replaces the dependent variable with bid premia measured with two price benchmarks:
closing prices 1-day and 1-week prior to the acquisition announcement. The dependent variable GapSignal
proxies for the acquirer’s revealed technological gap. The dependent variables are the target’s CARs over two
event windows: CAR(-1,1) and CAR(-3,3). Only a subset of control variables are reported in Panel A and
all are omitted in Panel B; a complete list is provided in Section I.3.2. AInd and TInd denote the 2-digit
SIC industries of the acquirer and the target, respectively. All other variables are defined in Table I.A2. T-
statistics are reported in brackets. Standard errors are robust to heteroskedasticity. *, **, and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

Panel A: Market reactions

Sample: Public targets

Dep. var.: CAR(-1, 1) CAR(-3, 3)

(1) (2) (3) (4) (5) (6)

GapSignal -0.017 -0.082 -0.071 -0.071 -0.111 -0.102
(-0.21) (-0.76) (-0.64) (-1.03) (-1.17) (-1.09)

Alignment -0.030** -0.058*** -0.057*** -0.043*** -0.055** -0.059***
(-2.54) (-3.12) (-2.97) (-3.04) (-2.51) (-2.65)

% in cash -0.012 -0.008 -0.003 -0.006 -0.003 -0.003
(-1.00) (-0.44) (-0.17) (-0.37) (-0.15) (-0.12)

Tender offer 0.018** 0.029*** 0.026*** 0.018** 0.035*** 0.034***
(2.53) (2.87) (2.63) (2.18) (2.97) (2.85)

Log asset (A) 0.015* 0.026** 0.032** 0.014 0.019 0.023
(1.67) (2.03) (2.48) (1.33) (1.30) (1.53)

Log asset (T) 0.005** 0.009*** 0.009*** 0.006*** 0.011*** 0.012***
(2.25) (2.86) (2.80) (2.65) (3.32) (3.66)

Firm, deal controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.079 0.084 0.111 0.055 0.052 0.081
N 1,044 757 650 1,044 757 650

Panel B: Bid premia

Sample: Public targets

Dep. var.: Bid premia (t-1 day) Bid premia (t-1 week)

(1) (2) (3) (4) (5) (6)

GapSignal -0.060 0.023 0.047 -0.045 -0.008 0.043
(-0.83) (0.22) (0.46) (-0.74) (-0.08) (0.43)

Firm, deal controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.077 0.014 0.059 0.086 0.016 0.068
N 906 658 566 906 658 566
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Table I.11: Anticipation? This table replicates Columns (3) and (5) in Table I.2, Panel A and Panel
B for acquirers of public targets. The dependent variable GapSignal proxies for the acquirer’s revealed
technological gap. The dependent variables are the target’s CARs over two event windows: CAR(-1,1) and
CAR(-3,3), as well as their absolute values. Control variables are omitted for brevity; a complete list is
provided in Section I.3.2. AInd and TInd denote the 2-digit SIC industries of the acquirer and the target,
respectively. All other variables are defined in Table I.A2. T-statistics are reported in brackets. Standard
errors are robust to heteroskedasticity. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

Panel A: CAR(-1,1)

Sample: Acquirers of public targets

Dep. var.: |CAR(-1,1)| CAR(-1,1)

Subsample: All CAR(-1,1) < 0 CAR(-1,1) ≥ 0

(1) (2) (3) (4) (5) (6)

GapSignal 0.024*** 0.039*** 0.011 0.006 -0.038*** -0.066***
(2.97) (3.12) (0.96) (0.34) (-3.25) (-3.11)

Firm, deal controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No Yes No Yes No
AInd × Tind × Year FE No Yes No Yes No Yes
Adj. R2 0.189 0.249 0.265 0.250 0.202 0.195
N 1,044 650 460 265 555 303

Panel B: CAR(-3,3)

Sample: Acquirers of public targets

Dep. var.: |CAR(-3,3)| CAR(-3,3)

Subsample: All CAR(-3,3) < 0 CAR(-3,3) ≥ 0

(1) (2) (3) (4) (5) (6)

GapSignal 0.025** 0.051*** 0.005 0.011 -0.064*** -0.078***
(2.53) (3.37) (0.34) (0.35) (-3.85) (-2.69)

Firm, deal controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No Yes No Yes No
AInd × Tind × Year FE No Yes No Yes No Yes
Adj. R2 0.167 0.183 0.050 0.005 0.094 0.068
N 1,044 650 460 265 555 303
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Table I.12: Redefining the gap measure. This table replicates Columns (3) to (5) from both pan-
els of Table I.2, while redefining the dependent variable GapSignal—the proxy for the acquirer’s revealed
technological gap—based on CPC subclasses in Panel A, or 5-year patenting histories of the target and the
acquirer’s industry in Panel B. The dependent variables are the acquirer’s CARs over two event windows:
CAR(-1,1) and CAR(-3,3). Control variables are omitted for brevity; a complete list is provided in Sec-
tion I.3.2. AInd and TInd denote the 2-digit SIC industries of the acquirer and the target, respectively. All
other variables are defined in Table I.A2. T-statistics are reported in brackets. Standard errors are robust
to heteroskedasticity. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A: GapSignal defined on finer patent categories

Sample: Public targets

Dep. var.: CAR(-1, 1) CAR(-3, 3)

(1) (2) (3) (4) (5) (6)

GapSignal (subclass) -0.022* -0.049*** -0.048*** -0.037*** -0.060*** -0.068***
(-1.92) (-2.86) (-2.79) (-2.76) (-2.99) (-3.40)

Firm, deal controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.078 0.081 0.111 0.053 0.057 0.091
N 1,044 757 650 1,044 757 650

Panel B: GapSignal defined on shorter patenting history

Sample: Public targets

Dep. var.: CAR(-1, 1) CAR(-3, 3)

(1) (2) (3) (4) (5) (6)

GapSignal (5-year) -0.017 -0.044** -0.042** -0.030** -0.053** -0.057***
(-1.41) (-2.46) (-2.33) (-2.16) (-2.52) (-2.62)

Firm, deal controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.040 0.050 0.053 0.057 0.057 0.091
N 1,044 1,044 1,044 757 757 650
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Table I.13: Target revaluation. This table replicates Table I.10, while introducing additional regres-
sors. GapSignal and GapSignal (T) measure the revealed technological gap of the acquirer and the target,
respectively. Alignment and Alignment (T) measure the observable technological standing relative to the
technological frontier of the acquirer and the target, respectively. The Dependent variables are the target’s
CARs over two event windows: CAR(-1,1) and CAR(-3,3). Other control variables are omitted for brevity;
a complete list is provided in Section I.3.2. AInd and TInd denote the 2-digit SIC industries of the acquirer
and the target, respectively. All other variables are defined in Table I.A2. T-statistics are reported in brack-
ets. Standard errors are robust to heteroskedasticity. *, **, and *** indicate significance at the 10%, 5%,
and 1% levels, respectively.

Sample: Public targets

Dep. var.: CAR(-1,1) CAR(-3,3)

(1) (2) (3) (4) (5) (6)

GapSignal -0.006 -0.048 0.282 -0.018 -0.100 0.110
(-0.09) (-0.27) (0.79) (-0.27) (-0.56) (0.30)

GapSignal (T) -0.156** -0.229 -0.150 -0.141* -0.245 -0.327
(-2.08) (-1.33) (-0.65) (-1.73) (-1.37) (-1.33)

Alignment 0.080 0.179 0.092 0.015 0.176 0.252
(1.14) (1.03) (0.41) (0.18) (0.97) (1.09)

Alignment (T) 0.068 0.139 -0.195 0.064 0.160 -0.061
(1.16) (0.78) (-0.55) (1.00) (0.94) (-0.17)

Firm, deal controls Yes Yes Yes Yes Yes Yes
Year, AInd, TInd FE Yes No No Yes No No
AInd × Year, Tind × Year FE No Yes No No Yes No
AInd × Tind × Year FE No No Yes No No Yes
Adj. R2 0.079 0.084 0.111 0.055 0.052 0.081
N 1,044 757 650 1,044 757 650
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Chapter II

Arbitraging Labor Markets

with Ernst Maug and Christoph Schneider

Abstract

In this paper we develop a new rationale for the existence of firms that operate in multiple
locations within the same country. We show that business group firms grow less if firms
of the same group in other locations offer more attractive access to a local labor market,
characterized by labor costs, labor supply, and labor fit between the firm and the local labor
force. Business group firms grow faster if they offer such access to other firms in the group.
Relocation is concentrated in industries with low asset tangibility and in high-skilled jobs
and in business groups with decentralized managerial functions that are not concentrated
in one group firm. Local labor conditions are of similar importance to and distinct from
general agglomeration economies. Internal flows of employees between business group firms
account for only a small portion of the variation in employment growth rates. We conclude
that business groups predominantly move jobs, but not employees, between their locations.
As such, they arbitrage local labor markets.
Keywords: Business groups, location, employment, internal labor markets
JEL Classifications: G30, G34, J21, J24, J61, M51
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II.1 Introduction

Why do many firms span multiple locations when distance raises information and coordi-
nation costs? A large literature has documented that operating across multiple locations is
costly and that geographic proximity is valuable for decision-making. For example, M&As
of more proximate firms create more value (Kang and Kim, 2008), proximity of plants to
headquarters improves organizational efficiency (Gumpert, Steimer and Antoni, 2022) and
investment efficiency (Giroud, 2013), and capital reallocation favors subsidiaries closer to
headquarters (Giroud and Mueller, 2015). More generally, geographic proximity improves
decision-making.1 While some multi-location firms may benefit from proximity to customers
and suppliers to justify the costs of geographic dispersion, the general prevalence of such
firms is puzzling.

In this paper, we offer a new explanation: Multi-location firms improve efficiency by
facilitating the transfer of operations across local labor markets. Labor is immobile, since
employees rarely commute long distances or change residence, which makes moving employees
closer to firms’ operations difficult.2 Instead, multi-location firms have the unique advantage
that they can move operations closer to locations where suitable employees are available
and cost less without incurring the fixed costs of entering a new location: They arbitrage
local labor markets. The relocation of roughly 2,700 jobs by BASF illustrates this process.
In 2023, the firm laid off a similar number of administrative staff at its headquarters in
Ludwigshafen, while simultaneously opening a “service hub” in Berlin. The move targeted
skilled administrative workers who were substantially cheaper, locally available in greater
numbers, and more likely to have international experience, in a city where the firm already
operated.3 The core prediction from this argument is that firms respond to variations in the
costs and availability of employees across their operating locations by expanding or shrinking
these locations. We test this hypothesis using multi-location business groups in Germany.

We study a sample of around 23,000 firms affiliated to more than 7,000 business groups
(BGs) in Germany over the period from 2005 to 2017. German business groups are an ideal

1This has also been shown for shareholder monitoring in corporate governance (John, Knyazeva and
Knyazeva, 2011; Alam et al., 2014), venture capital (Bernstein, Giroud and Townsend, 2016) and fund
management (Ellis, Madureira and Underwood, 2020).

2The choice of residence is arguably one of the most significant investments in firm-specific human capital
that an employee can make. See Alesina et al., 2015 for a study on geographic mobility of workers and Prager
and Schmitt, 2021, Azar, Marinescu and Steinbaum, 2022, and Rinz, 2022 for studies that also define labor
markets at the local level for the same reason.

3See Melissa Eddy, “BASF to Cut 2,600 Jobs after a Year of High Energy Costs,” New York Times,
February 23, 2023 (online edition), https://www.nytimes.com/2023/02/23/business/basf-job-cuts-energy-
costs.html; and Alix Fassmann, “BASF eroeffnet neuen Standort fuer flexible Arbeitszeiten und moderne
Buerowelt,” Der Tagesspiegel, November 23, 2023, https://www.tagesspiegel.de/berlin/basf-eroffnet-neuen-
standort-fur-flexible-arbeitszeiten-moderne-burowelt-10822234.html.
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laboratory to study this question, because they have multiple, independent firms within the
same country and thus share company law and labor regulations, which allows for cleaner
identification.4 Moreover, business groups allow us to relatively cleanly identify entities that
span multiple locations for operational reasons, whereas establishments that are not incor-
porated as independent firms often operate in multiple locations to achieve closer proximity
to customers, such as chain stores or gas stations.

Following the literature, we define a business group as a collection of firms - at least two
- that share the same ultimate corporate owner. We create an employer-employee matched
data set and study the employment growth and job flows of business group firms across 400
German counties, which we identify as local labor markets. Local labor markets are then
characterized from the perspective of each business group firm along three dimensions: la-
bor costs, labor market shortage or tightness, and labor fit, how well the labor force fits
the requirement of firms. We refer to these three dimensions comprehensively as local labor
market conditions and show that the growth of business group firms depends systematically
on how any particular firm relates to the other firms in the same group along all these three
dimensions: business group firms grow their workforce faster if they offer more attractive
labor market conditions for the operations of other firms in the group, and they grow more
slowly if other firms in the business group offer more attractive conditions to their own opera-
tions. We conclude that business group structures may create efficiency gains by arbitraging
differences between local labor markets.

We begin by analyzing employment growth at the intensive margin, i.e., we ask how
existing business group firms grow depending on their own and their business group members’
local labor market conditions, holding the membership of the firm fixed. We defer the
analysis of growth through entering and exiting locations, which we refer to as growth at
the extensive margin. We ask which firms become donors of jobs and hypothesize that any
focal firm grows more slowly if other firms in the same group offer better labor market
conditions in the locations in which they operate. Similarly, we ask which firms become
recipients of jobs from other firms in the same group and hypothesize that a focal firm offering
better labor market conditions for particular operations than other group firms should attract
these operations and grow faster. Our findings confirm these hypotheses. Firms that offer
better labor-market supply and labor fit to other group firms grow faster, whereas firms that
suffer from worse conditions along these dimensions grow more slowly. These effects are also

4In Germany, both company law and labor regulations are decided at the federal level and do not vary
across local labor markets (see Basic Law for the Federal Republic of Germany, Article 74, paragraph 1, no.
11 and 12). This advantage stands in contrast to the literature on offshoring, since relocation decisions across
countries always involve multiple margins of adjustment, such as taxation; labor-related and other regulations;
and proximity to customers, suppliers, and natural resources. See the methodological discussions in Antràs
and Helpman, 2004 and Hummels, Munch and Xiang, 2018.
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economically important: on average, each variable accounts for about 20% (40%) of mean
(median) employment growth. Interestingly, we find significant results for labor costs only
on the donor side: firms with high labor costs grow slower and lose operations to other group
firms, but the effect is asymmetric: Firms that offer lower labor costs to other group firms
do not grow significantly faster. Hence, business groups reallocate operations in response to
changing local labor market conditions, but addressing access to human capital appears to
be more important than simply reducing costs.

The specifications in these analyses include a range of moderating and control variables
and show that business group firms grow faster if they are smaller and younger; if they form
the core of the business group; and if their workforce is more highly qualified and better
educated. We interpret the last two measures as indicating higher knowledge intensity, so
firms with more knowledge-intensive operations grow faster.

An important confounding factor for the local labor market conditions on which we focus
are agglomeration economies, which have been widely studied in the literature and build on
the notion that larger concentrations of economic activities create positive externalities from
proximity to customers, suppliers, natural resources, or, in our case, the improved matching in
local labor markets. We want to separate the labor-related benefits offered by other business
group firms from benefits from these agglomeration economies, and control for agglomeration
economies in two ways: First, by including year times county and year times industry fixed
effects in all regressions, which controls for time-varying economic conditions at the industry
and at the county level. Second, by constructing measures of agglomeration benefits in
relation to other business group firms in parallel to the three labor-related measures. We
find that the effects of our business-group level measures of agglomeration economies are
comparable in size to those we find for our measures for local labor markets. Moreover, the
variables for labor-related benefits remain highly significant. Hence, the labor-related effects
we document are different from and prevail in addition to agglomeration economies.

After establishing our main result, we refine the analysis and ask how the relocation of
operations depends on the type of operations and the composition of the workforce. To
begin, we conjecture that business groups are more likely to move operations that involve
lower physical relocation costs. In a number of sample splits we provide evidence for this
hypothesis. Operations involving lower capital intensity and tangible assets are more likely to
be moved. Hence, business groups appear to trade off the benefits from avoiding constraints
in local labor markets and the costs of relocation.

Next, we ask how the movement of operations depends on the characteristics of the labor
force and build on two different strands of the literature that have developed competing pre-
dictions. The offshoring-literature associates relocation decisions mainly with the objective
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to reduce labor costs, which predominantly happens in the low-skill segment of the labor
market. By contrast, the literature on search and matching models emphasizes that skill
mismatch and labor shortages dominate in the high-skill segment of the labor market. We
analyze employment growth for different subsamples defined by education, qualification, task
complexity, and the distinction between managerial and non-managerial functions. Our find-
ings unequivocally support the second argument: The relocation effects we document are
concentrated in high-skilled jobs with high task complexity, which is consistent with our
earlier finding that cost-related variables are less important.

Relatedly, we also ask how evenly managerial functions are distributed within business
groups and distinguish between groups in which managerial capabilities such as human-
resource management and accounting are skewed toward one group firm from those in which
these functions are evenly distributed. We find that relocation occurs predominantly in
the latter. Our interpretation of this finding is that relocation requires local expertise and
managerial capabilities, which are lacking in firms that operate merely as satellites of a
dominant apex firm.

Further, we break up labor flows and distinguish between internal and external growth,
building on the literature on internal labor markets in business groups. We are interested in
this distinction, because several recent papers have emphasized the importance of internal
labor markets in business groups for the ability of these firms to capture growth opportunities
or to provide employment insurance to their employees (e.g., Cestone et al., 2024; Beaumont,
Hebert and Lyonnet, 2025). Specifically, we define growth as internal if it results from
employees who migrate between firms that belong to the same business group, and as external
if it results from separations to and the hiring of employees from the external labor market,
e.g., other firms. Surprisingly, we find that the observations we report above are mostly
driven by growth through the external labor market. About 80% of the size of the effects
we report above come from external employment growth and only 20% can be attributed to
internal transfers. From this observation we conclude that business groups mostly move jobs
but not employees across locations.

In the final set of analyses, we address growth at the extensive margin and analyze
business group’s decisions to affiliate firms in new locations in which the group was not
present before (referred to as entry), or disaffiliate firms and thereby leave locations altogether
(referred to as exit). We expect that growth at the intensive and the extensive margins should
respond to the same drivers. However, entry and exit decisions arguably involve higher fixed
costs from setting up and closing firms compared to relocation decisions that affect only the
intensive margin. Hence, we hypothesize that decisions at the extensive margin only respond
to relatively persistent differences in labor conditions. We find that labor conditions are of
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first-order importance and highly significant for growth at the extensive margin. Business
groups are more (less) likely to exit local labor markets with higher (lower) labor costs,
worse (better) labor supply and labor fit. Importantly, labor costs are more important
at the extensive than at the intensive margin. In the group-level analysis, a one-standard
deviation increase in the opportunities to benefit from lower labor costs in another business
group location reduces the likelihood of entry in a new location (increases the likelihood
of exit from an existing location) by 2.5% (1.8%), which reflects about 120% (50%) of the
sample mean. Labor fit has a similar economic significance. By contrast, labor shortages
are quantitatively less important, although still significant, consistent with the notion that
they are less persistent. Hence, while relocation decisions at the intensive and the extensive
margins are driven by overlapping sets of variables, these variables are different and have
different weights, indicating the different economics of these margins of improvement.

We provide some extensions and robustness checks to investigate potential shortcomings
of our baseline analysis. Most importantly, we apply a wider definition of local labor markets,
in which we assume that firms cannot only recruit workers from (or lose workers to other
firms in) the county in which they are located, but also from neighboring counties, using
commuting zones. Our baseline analysis lacks a counterfactual, but we provide a robustness
check in which we match business group firms to standalone firms to rule out the possibil-
ity that our findings could be attributed to (macro)economic or demographic factors that
business group firms share with similar standalone firms. We recognize that location deci-
sions are not only present in business groups but also in multi-location conglomerates that
do not organize their subsidiaries as legally separate entities. We analyze a sample of such
multi-location non-business group firms and show qualitatively similar results. Finally, we
investigate alternative measures for the fit of the workforce, labor supply, and agglomeration
economies. The qualitative conclusions from our baseline analysis are not affected in these
extensions and robustness checks. The quantitative deviations from the baseline analysis are
mostly small and we discuss the few cases in which we observe larger deviations.

Discussion of the literature

This paper pursues a new explanation for why firms span multiple, distant locations. The
existing literature emphasizes that geographical proximity reduces information and coor-
dination frictions. For example, proximity facilitates monitoring and improves investment
efficiency (Giroud, 2013), tilts internal capital reallocation towards subsidiaries closer to
headquarters (Landier, Nair and Wulf, 2009; Giroud and Mueller, 2015), and improves or-
ganizational efficiency (Gumpert, Steimer and Antoni, 2022). Local acquirers create more
value and engage more actively in post acquisition governance than distant acquirers (Kang
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and Kim, 2008). Firms located far from major financial centers adopt higher payout policies
when agency conflicts are severe (John, Knyazeva and Knyazeva, 2011), and boards with
fewer local directors rely more on hard information and equity-based pay in CEO evaluation
and turnover decisions (Alam et al., 2014). Proximity strengthens monitoring and improve
performance in venture capital and asset management: closer VCs increase oversight and
spur portfolio firm innovation (Bernstein, Giroud and Townsend, 2016), and mutual funds
invest more in and earn superior performance on firms that are closer (Ellis, Madureira and
Underwood, 2020). Hence, it appears that geographic proximity improves information pro-
duction, decision-making, and governance by external claim holders. In contrast, we show
that there is a compensating advantage for the costs incurred by distributing operations
across locations: Geographically dispersed firms have access to different local labor markets
and improve efficiency by transferring operations across those markets. Our argument builds
on two distinct strands of the literature.

Internal markets. Our analysis provides a new reason for the existence of business
groups and conglomerates that operate in multiple locations. Thus, our results complement
the literature on internal markets, which argues that business groups add value by substi-
tuting internal markets for external markets when frictions reduce the efficiency of external
markets. This argument goes back at least to Teece, 1982 and has been made particularly in
relation to emerging economies with less developed external markets (e.g., T. Khanna and
Palepu, 2000). This literature has two major strands. The first and larger strand of this
literature argues that internal capital markets can add value by allowing conglomerate firms
to make better investment decisions than standalone firms (Gertner, Scharfstein and Stein,
1994; Stein, 1997; N. Khanna and Tice, 2001); by improving risk-sharing (T. Khanna and
Yafeh, 2005, but they reject this hypothesis); or by supplying capital when external markets
become inaccessible (Matvos and Seru, 2014; Almeida, Kim and Kim, 2015). While some
studies emphasize efficiency gains (e.g., Maksimovic and Phillips, 2002), others put more
weight on the costs from inefficient cross-subsidization and reduced responsiveness to invest-
ment opportunities (e.g., Shin and Stulz, 1998; Rajan, Servaes and Zingales, 2000; Ozbas
and Scharfstein, 2010). In their surveys of the large literature on internal capital markets,
Maksimovic and Phillips (2007; 2013) conclude that recent evidence is mostly consistent with
a neoclassical model in which conglomerates exploit their comparative advantages. We com-
plement this literature by showing how business groups in Germany exploit their comparative
advantage from operating in multiple locations. Whereas the literature analyzes how firms
choose their industry portfolio and reallocate capital across industries, we show how business
groups reallocate operations across locations.
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A second strand of the literature on internal markets argues that firms operate internal
labor markets, which allow them to provide more attractive jobs to their employees by or-
ganizing careers (Doeringer and Piore, 1966; Baker and Holmstrom, 1995; Huitfeldt et al.,
2022; Ferreira and Nikolowa, 2022), provide insurance to employees (Faccio and O’Brien,
2021), take advantage of new business opportunities (Beaumont, Hebert and Lyonnet, 2025;
Cestone et al., 2024), allocate workers to jobs more efficiently (Huneeus et al., 2021; Tate
and Yang, 2022), and bypass labor market frictions (Cestone et al., 2023).5 Our analysis
reveals the surprising fact that internal labor markets play a secondary role in the transfer of
operations between business group firms. Since business groups mostly transfer jobs, but not
employees. Hence, our results nuance the perspective of the literature on internal markets
by emphasizing the importance of external markets. Thus, our findings resonate those of
Gehrke et al., 2023, who show that most of the employment turnover after M&As is through
external labor markets.

Offshoring. A second related strand of the literature on multinational enterprises (MNEs)
has related the decision to acquire or set up new firms in other countries ("offshoring") mainly
to labor-cost differentials (see Carlton, 1983 and Bellak, Leibrecht and Riedl, 2008; see Hum-
mels, Munch and Xiang, 2018 for a survey). However, this literature studies the decision
to set up new subsidiaries, the extensive margin, whereas we ask a different question by
focusing on relocations within groups, the intensive margin. In addition, the offshoring lit-
erature focuses on labor costs as the dominant factor that determines relocation decisions,
and the comprehensive survey of the empirical literature in Hummels, Munch and Xiang,
2018 is dedicated exclusively to this dimension, even though there are some contributions
recognizing the importance of the proximity to a pool of skilled workers (Porter, 1994, Dun-
ning, 2009). By contrast, we include a larger set of labor-related frictions (skill mismatch,
labor shortages) in addition to costs, and show that costs carry a lower weight for relocating
operations at the intensive margin. Our analysis differs regarding the main results. The
offshoring literature documents that relocations lead to a decline of low-skilled jobs, whereas
higher-skilled jobs remain domestic and even expand (Feenstra and Hanson, 1999; Harri-
son and McMillan, 2011). We find the exact opposite: it is the high-skilled jobs that are
relocated within business groups. Finally, the offshoring literature documents a range of
other factors for location choice, such as taxes (e.g., Giroud and Rauh, 2019), subsidies (e.g.,
Basile, Castellani and Zanfei, 2008), infrastructure, and proximity to consumers (Dudey,
1990; Fontagne and Mayer, 2005) and to firms operating related technologies (e.g., Chung

5See Silva, 2021 for a study of the potential downsides of internal labor markets, which may force firms
to pay higher wages to workers who compare themselves to more highly-paid workers in other parts of the
same firm.
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and Alcacer, 2002), or more generally, agglomeration benefits (e.g., Alcacer and Chung, 2014;
Glaeser and Gottlieb, 2009). By studying relocations within one country, our analysis is less
sensitive to the overlap with other margins of adjustment, which we can control for with
saturated fixed effects and other control variables. Specifically, heterogeneity of regulations
plays no role in our analysis, which distinguishes ours from studies that focus on this factor
for explaining the cross-sectional variation in firm growth and performance (John, Knyazeva
and Knyazeva, 2015; Dessaint, Golubov and Volpin, 2017; J. Bai, Fairhurst and Serfling,
2019). The few cross-regional studies within the same country that would hold many other
factors of location choice constant focus on whether factor-price equalization obtains within
countries (e.g., Hanson and Slaughter, 1999, on the U.S.; Bernard et al., 2003 on the United
Kingdom; Tomiura, 2005, on Japan), which is a different question from ours.

II.2 Data and methodology

II.2.1 Sample construction

We draw financial, ownership, and other descriptive information of all medium-sized and large
German firms within the sample period 2005 through 2017 from the Orbis database.6 We
define a business group (BG) as a collection of at least two firms under common ownership.
A firm is classified as a member firm of a BG if the ultimate owner of the BG holds more
than 50% of the firm’s voting shares, directly or indirectly.7 Specially, we require the ultimate
owner to also be a firm, as in Belenzon and Berkovitz, 2010 and Belenzon and Tsolmon, 2016.
Furthermore, we drop all BGs with state-controlled entities and those ultimately controlled
by a foreign owner. This leaves us with 482,909 firm-year observations involving 74,765
distinct firms and 20,466 distinct BGs.

Next, we draw administrative data from the IAB (Institute for Employment Research)
for our sample firms. We mainly use of their Integrated Employment Biographies (IEB) data
set and draw the career biographies of all employees who were ever employed by any sample
firm at some date during the sample period. The IEB data set provides detailed demographic
information and career histories of all employees who are employed by establishments residing

6We define medium-sized and large firms in a similar manner to the European Commission in Directive
2013/34/EU. More specifically, a firm is included in our sample if it satisfies at least two of the following
three conditions simultaneously in at least one year throughout the sample period: 1) Total assets exceed 20
million euros (MEUR); 2) total revenues exceed 40 MEUR; and 3) the number of employees exceeds 250.

7Papers adopting the same definition include Altomonte, Ottaviano and Sonno, 2025, Boutin et al., 2013
and Cestone et al., 2020. Belenzon and Tsolmon, 2016, and Belenzon and Berkovitz, 2010 adopt the same
definition for private firms but lower the voting share threshold to 20% for public firms. Given that private
firms predominate in our sample - representing 99.78% of all observations, we apply the same definition to
all firms.
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in Germany and pay German social insurance taxes. After aggregating the employee-level
data to the firm level, we use the Orbis-ADIAB record linkage key developed by Antoni et al.,
2018 to merge the two data sets. We successfully merge 23,001 firms affiliated with 7,105
distinct BGs, totaling 149,117 BG-firm-year observations.

To investigate decision-making on the BG level, we further aggregate the firm-level sample
to the BG level. For each BG-year, we either sum up the firm-level variables (e.g., for total
assets), or we take labor-weighted averages of firm-level variables (e.g., for education scores).
This process results in 46,925 BG-year observations involving 7,105 BGs.

To characterize local labor markets within German counties, we draw employment infor-
mation of all German establishments within the sample period from IAB’s Establishment His-
tory Panel (“Betriebshistorisches Panel,” BHP).8 We then aggregate the data to the county
level. Finally, we complement the sample with county-level economic and demographic data
collected from the Federal Statistical Office (Statistisches Bundesamt).

II.2.2 Research design

The main methodological challenge for investigating the location decisions of BGs is that the
decision of BG b to enter, exit, or grow in county c at time t leads to a very large number of
possible BG-county-year combinations. However, most BGs are not present in most counties
most of the time, so for most of the BG-county-year combinations the activity levels are
zero. We employ two different strategies to address this issue: The first conducts analyses
at the firm level, whereas the second conducts analyses at the level of the BG. Each of these
strategies has different advantages and limitations.

Firm-level analyses. For the firm-level analyses, we use the panel of German BG firms
from 2005 to 2017 and analyze which BG, firm, and county characteristics influence employ-
ment growth. Hence, the unit of observation in this analysis is a BG-firm-year. We only
consider the county-level data from the county where a firm’s headquarters is located. Since
80% of the BG firms in the sample are active in only one county, such a simplification should
not have material effects on our results. If a particular BG does not have a group firm in
a particular county c in year t − 1, then the growth rate between t − 1 and t for this BG
is not defined, and this BG-county-year combination does not contribute an observation to
the sample. Put differently, we do not include observations in year t if the activity level in
year t − 1 is zero, which eliminates all the zero observations from the analysis. Hence, we

8The BHP is aggregated from the IEB to the establishment level. We use the IEB to infer firm-level
employment on a more granular basis for our sample firms. We cannot infer county-level employment from
the IEB due to technical limitations and data protection regulations.
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cannot analyze BG’s decisions to grow at the extensive margin by entering new locations
at the BG-county-year level; accordingly, we refer to this strategy as the “intensive margin”
analysis. However, we can analyze exit decisions at this level, which represent only a case of
shrinkage, and for which the activity level in year t− 1 is positive. The strength of this anal-
ysis is that it allows us to analyze the decisions of incumbent BG firms to expand, shrink in,
or exit from a certain location, and consider BG characteristics and location characteristics
in such an analysis. The limitation of this analysis is that we cannot analyze the decision to
enter a certain location, which requires aggregation to the BG level.

Group-level analyses. Accordingly, we construct a BG-year panel to also study entry. For
this sample, we can define entry and exit dummies for each BG-year and look at growth at
the extensive margin. The strength of this analysis is that it allows for a detailed analysis of
how time-varying BG characteristics influence the decisions of BGs to expand geographically
However, it prevents us from analyzing firm-specific covariates.

Dependent variables

We are interested in characterizing the outcome of BG location decisions and therefore want
to measure the employment growth of the firm (or BG) as well as entry and exit into/from
counties.

Employment growth is defined as the one-year growth rate of employment E of firm i:

git = Eit − Eit−1

0.5 (Eit + Eit−1)
, (II.1)

following an established practice in the literature (see Davis et al., 2014; Antoni, Maug and
Obernberger, 2019).

Independent variables

The independent variables describe the characteristics that are likely to influence BGs de-
cisions to expand, shrink, enter or exit certain locations. These variables can be separated
into two groups. The first group characterizes local labor markets and is described in the
remaining part of this section. The second group of variables characterizes these markets in
relation to the requirements and structure of a particular BG; these variables are described
in Sections II.3.1 and II.A.2.

Characteristics of local labor markets. We define three measures to characterize local
labor markets: labor costs, labor supply, and labor fit.
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Labor costs. Differential costs of labor have long been identified as a primary driver
of firms’ organizational decisions and their choices of where to locate operations (Feenstra
and Hanson, 1999; Antràs and Helpman, 2004;Hummels, Munch and Xiang, 2018). We only
observe average wages and job composition at the establishment-level (using BHP, the IAB
establishment panel), which means we need to estimate average wages by job categories at
the level of local labor markets (counties). To infer wages for each occupation, we regress
wet, the total daily wage sum of establishment e in year t, on kelt, the number of workers
employed at establishment e in occupation l in year t:

wet = α+
12∑

l=1
βcltkelt + ϵet. (II.2)

Hence, we use c to index German counties, e to index establishments, i to index firms, l to
index the 12 Blossfeld, 1987 job categories, and t to index calendar years.9 The regression
estimates β̂clt should then recover the wages of workers in occupation l in county c in year
t. This regression is run for each county-year cross-section. Establishments for which more
than 10% of the employees could not be assigned to any job category are excluded from the
sample.

With these provisions, the expected labor cost of a firm that is active in industry s and
located in county c in year t is calculated as follows. Let pclt be the fraction of employees
working in occupation l in county c in year t and let psl be the average fraction of employees
working in occupation l in industry s across all sample years. Then we define labor costs for
each industry-county-year as the employment-weighted average of the estimates for county-
occupation-specific wages β̂clt from running regression (II.2).

Costsct =
∑

l

β̂clt × psl. (II.3)

Labor shortage. Access to labor is critical for firms, especially when their technology
relies heavily on human capital. In such settings, constraints on the availability of suitable
workers can be as limiting for firm growth as financial constraints, restricting firms’ ability
to grow and exploit investment opportunities (Paul, 2022; Chen, Zhang and Zhang, 2025;
Maug, 2025). The measure for labor shortage assumes that labor supply within a labor
market is relatively fixed in the short and medium term. Then tapping into the supply pool
more heavily by some employer would lead to a shortage for the others: Any positive demand
shock will lead to a shortage, and any negative demand shock will lead to a surplus. Hence,

9Blossfeld, 1987 classifies jobs into 12 distinct major occupations based on the German Classification of
Occupations 1988 (KldB 1988). Table 1 on page 99 in Blossfeld, 1987 provides a detailed overview on those
12 occupations and related ISCO codes.
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under these premises, shocks to county-level employment growth can be used to approximate
shocks to the labor supply for individual firms. To implement this idea, we regress county-
level employment growth rates per job category on their own lags over the past three years:

gclt = ηcl + λ1gcl,t−1 + λ2gcl,t−2 + λ3gcl,t−3 + µclt. (II.4)

We then interpret the residuals µ̂clt from this regression as demand shocks to occupation l

for county c in year t. The labor shortage in occupation l, county c and year t is calculated
as an equally-weighted three-year average, µ̄clt = (µ̂clt + µ̂cl,t−1 + µ̂cl,t−2)/3. We proxy for the
labor shortage of each firm by defining a measure of the labor shortage of the firm’s industry
s, and aggregate the labor-shortage measure µ̄clt by using the industry-level occupational
shares psl again:

Shortsct =
∑

l

µ̄clt × psl, (II.5)

which measures the occupation-weighted labor shortage in industry s.

Labor fit. Firms have specific skill requirements, and workers with different skills are
not substitutes for each other. Thus, the growth of firms depends on their ability to attract
the skills of workers that are complementary to their technology.10 We follow prior literature
(e.g., Alcacer and Chung, 2014; Glaeser and Kerr, 2009) and measure how well a county’s
labor force fits a firm’s skill demand by the distance between the long-term job mix of the
firm’s industry and the current job mix of the county:

Fitsct = −
∑

l

|psl − pclt| , (II.6)

where psl and pclt are defined as above. Fitsct equals zero whenever the county-level supply
and the industry-level demand of skills match perfectly.

Agglomeration. All three variables that characterize local labor markets might be
related to the spatial agglomeration of industries, which provide BG firms with benefits
from agglomeration economies, e.g., proximity to suppliers and customers.11 Therefore, we

10The importance of the availability of workers with requisite skills is already recognized in Marshall, 1890.
Some recent contributions emphasize the skill match of the labor force for mergers and acquisitions (K. H. (
Lee, Mauer and Xu, 2018; Tate and Yang, 2022) and for location decisions of start-ups (Glaeser and Kerr,
2009) and first-time foreign entrants (Alcacer and Chung, 2014).

11See Wheeler, 2001, for a theoretical model of agglomeration economies and Dauth et al., 2022 for evidence
for Germany. See Combes and Gobillon, 2015 for a survey of empirical research on agglomeration economies
and Donovan et al., 2024 for a recent meta-study. There are different dimensions of agglomeration economies
and mechanisms in which they generate externalities (Duranton and Puga, 2004). In their Section 3.1, Combes
and Gobillon, 2015 argue that different measures are often too highly correlated to be able to distinguish

90



also define a variable that characterizes the degree of industrial agglomeration in local labor
markets. Specifically, we denote the level of spatial agglomeration of industry s in county
c in year t by Aggsct and define it as the number of employees hired by establishments in
industry s and in county c. In Section II.4.4 we provide additional robustness checks with
alternative measures of agglomeration economies.

II.2.3 Descriptive statistics

Table II.1 provides descriptive statistics for our sample at the firm level (Panel A) and at
the group level (Panel B). Table II.OA1 in the Online Appendix provides the correlations
between all main variables of our analysis. The average BG firm in our data set is 26 years old
and has 8.3 million euro of assets. The mean (median) Industry Q is 1.8 (1.7). On average
0.8% of BG firms are divested per year. Similar to Gehrke et al., 2023, we observe that
the internal labor market (ILM) of BGs is much less active compared to the external labor
markets (ELM). There is a factor of 45 (1.893/0.042=45.071) between the means of External
employment growth and Internal employment growth. We also observe that increased activity
in the ILM is positively correlated (0.083, p<0.01) with increased activity in the ELM. The
average BG in our sample is 30 years old, has 3.3 member firms with a total of 977 employees.
These numbers are comparable to Belenzon and Tsolmon, 2016, who report that BGs in their
sample from 15 European countries have on average 4 member firms and 973 employees. The
average BG firm in our sample is 26 years old and has 271 employees. The BG firms in
Belenzon and Tsolmon, 2016 are somewhat younger (17 years) and smaller (92 employees)
on average. Belenzon, Berkovitz and Rios, 2013 use a similar sample of European BGs but
require than BG firms have at least $10 million in sales. Their average BG firm is 25 years
old and has 392 employees, which is very similar to our numbers. According to Cestone et al.,
2020, French BG firms are somewhat smaller on average (158 employees).12 The probability
of a BG to enter (exit) a new location is 3.6% (2.1%) per year.

Figure II.1(a) shows the geographical distribution of BG firms relative to all firms in our
sample. Figure II.1(b) (II.1(c)) provides the ratio of BG firm assets (employees) to assets
(employees) of all firms in our sample. Across all three maps we observe substantial variation
across German counties but no particular geographical patterns in the distribution of BG

different dimensions.
12We use the terms affiliating and disaffiliating instead of acquiring and divesting BG firms, as we want to

highlight the difference between an acquisition (divestiture) and an affiliation (disaffiliation). An affiliation
(disaffiliation) implies that an acquired (divested) company remains (was) a legally independent entity after
(before) the acquisition (divestiture). Hence, we treat firms that are acquired and then completely integrated
by one of the BG firms as organic employment growth, and similarly for divestitures of formerly integrated
operations.
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firms, assets, or the number of employees. For example, BG firms are generally not more or
less prevalent in the south or east of Germany. However, we observe that BG firms cluster
in metropolitan areas, which indicates that BG firms prefer agglomeration centers.

II.3 Analysis

The analysis proceeds in the following steps. In Section II.3.1, we begin by analyzing growth
at the intensive margin.. We then analyze relocation decisions in more depth by exploring
which type of operations are moved (Section II.3.2). Next, we decompose employment growth
at the intensive margin into a component that results only from labor flows between BG firms,
and a component that results from flows between BG firms and the external labor market
(Section II.3.3). In Section II.3.4, we look at to what extend managerial capabilities at the
firm level facilitate relocations between BG firms Finally, we analyze growth at the extensive
margin by looking at exit and entry decisions of BGs (Sections II.3.5 and II.3.6).

II.3.1 Adjusting operations at the intensive margin

We begin by asking whether BG firms can improve their operations by shifting activities to
other locations where the BG is already present. There are two perspectives to look at this:
(1) the focal firm moves operations to another BG firm in a different location, or (2) another
BG firm in a different location moves operations to the focal firm. We call the first the donor
perspective because the focal firm gives operations, jobs, and employees to other group firms.
We call the second the recipient perspective because the focal firm receives operations from
other group firms. Our hypothesis implies that a focal firm should grow less if the BG would
benefit from relocating the operations of the focal firm to other firms within the same group,
and it should grow more if it benefits from relocating operations to the focal firm.

We emphasize that we take the group structure as given, i.e., we only ask whether BGs
shift operations across firms that already belong to the group. The rationale is that affiliating
new member firms involves fixed costs, so that firms can move some or all of their operations
at a lower cost to a county where the BG is already present, compared to a county in which
the BG is not (yet) present. In Section II.3.6, we ask whether group firms would benefit from
relocating operations to counties in which the group is not yet present.

Hence, for each BG b at time t, we define the set of all firms that belong to that BG as
BGb (t). We define the donor benefits of the BG firm from reallocating jobs from the focal
firm i to other firms j ̸= i ∈ BGb (t) of the same BG as the upside potential offered by the
other group firms in relation to focal firm i.
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Measuring donor benefits. We discuss the measure we use for benefits from saving
labor costs in more detail, as the measures for labor fit and labor shortage are constructed
analogously. Recall that Costict represents the expected labor costs of firm i if it produces
in county c at time t. We define the donor benefits from saving labor costs, CostDon

it , as the
hypothetical log reduction in the wage bill of firm i at time t from relocating all its operations
from county c, where it is currently located, to the county n that minimizes its wage costs
and where its member firm j is located. Here, the minimum is calculated across all member
firms at time t. Given our definitions above, the lowest possible wage bill can be calculated
as min{Costint}j∈BG(t), the lowest labor costs across all member firms, hence all counties
where they are located at time t. Accordingly, CostDon

it is defined as

CostDon
it = max {ln(Costict/Costint), 0} j∈BG(t). (II.7)

Hence, CostDon
it is the hypothetical percentage reduction in the wage bill if firm i were to

relocate all its operations to the county that minimizes its overall wage bill, while holding
the proportions of its labor force constant.

Measuring recipient benefits. Now we take the perspective of a recipient firm. These
are the firms that generate potential benefits to the BG by moving the operations to the focal
firm i from other (donor) firms j ̸= i ∈ BGb (t) in the same BG, where improvements result
again from lower labor costs. We refer to these improvements that BG firms offer as recipient
benefits, which form the flip-side of donor benefits. Both types of benefits are defined from
the perspective of the focal firm. However, whereas donor benefits are defined in relation to
multiple potential recipients, recipient benefits are defined in relation to multiple potential
donors.

To measure recipient benefits, we must compare the potential benefits that a focal firm can
offer to the benefits that other member firms could offer in relation to the same candidate
donor firm. Specifically, consider any firm i that offers recipient benefits to relocate jobs
from a donor firm j in the group. While these benefits may be attractive, there could be a
third member firm k, such that the recipient benefits offered by k are even more attractive
compared to those offered by j. We begin by assuming that BGs resolve this issue by simply
choosing the best relocation opportunity within the group, i.e., the firm with the highest
recipient benefits.

To begin, we ask by how much the labor costs of the operations of BG firm j ∈ BGb (t)
in county n would improve if it were to relocate these operations to the county c in which
the focal firm i ∈ BGb (t), which belongs to the same BG, is located. CostRec

it is defined as
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CostRec
it . =

∑
j∈BG(t)

maxj∈BG(t) {ln(Costjnt/Costjct), 0} Ejnt

Eict

. (II.8)

CostRec
it proxies for the recipient benefits of BG firm i in offering lower labor costs to other

BG firms j ̸= i of the same BG. For each of these firms, relocation to county c in which
firm i is located presents an opportunity for improvement if two conditions are satisfied: (1)
the hypothetical costs firm j would have in county c, Costjct, are lower than its expected
costs in county n, Costjnt; (2) there is no other firm k in the group, k ̸= j and k ̸= i,
that provides even lower labor costs to firm j than firm i, so that firm i offers the highest
recipient benefits within the same group to firm j. The first condition is expressed in the
term max {ln(Costjnt/Costjct), 0}, which is positive if and only if the BG can reduce the
labor costs of the operations of firm j in county n by relocating these operations to county
c, where firm i is located. The second condition is expressed by taking the maximum of
the log change ln(Costjnt/Costjct) over all firms j ̸= i of the same BG. If the focal firm
i cannot offer a reduction in labor costs to the operations of any other BG firm j, then
ln(Costjnt/Costjct) < 0 for all j ̸= i, and CostRec

it = 0. If the focal firm offers the lowest
labor costs to at least one other BG firm, then CostRec

it > 0. Note that labor costs of
firm j in county c, Costjct are calculated with respect to the proportions of the labor force
of firm j, not with respect to those of firm i. Finally, we multiply by Ejnt

Eict
, because the

potential growth of a candidate recipient firm depends on its size relative to that of the
potential donor firms in the same group. The larger the size of the donor relative to the
recipient, the more the recipient could potentially grow. Therefore, we weight the potential
cost reduction by the relative employment size of the donor (Ejnt) to the recipient firm (Eict).
We standardize the donor and recipient benefits with zero mean and unit standard deviation.
The measures for labor shortage, ˙ShortDonand ShortRec, and labor fit, ˙FitDonand FitRec, are
defined analogously to CostDon and CostRec (see Appendix II.A.2). We will refer to these six
variables comprehensively as reallocation benefits.

The definitions of donor and recipient benefits above do not describe the further reduction
of labor costs that firm i could achieve from moving to counties without presence of the
BG so far, from adjusting its production technology and changing the proportions between
different categories of workers, or from moving operations of some donor firm i to multiple
recipient firms within the group instead of the “winner takes all” feature of our definition.
Hence, these additional margins of improvement are not captured. Moreover, the definition
of benefits involves a maximization across counties. Therefore, it will tend to increase in the
number of counties in which a BG is present, such that a larger geographic dispersion of the
BG is associated with higher relocation benefits. Note also that firms can be simultaneously
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donors and recipients in BGs with three members or more. For example, in a group with
firms A, B, and C, A can offer the lowest labor costs to B but C may offer the best labor fit
to A.

Regression specification. To investigate the relationship between employment growth
of BG firms, git (see equation (II.1)) and local labor costs, we estimate the following panel
regression model:

git =β1Cost
Don
it−1 + β2Short

Rec
it−1 + β3Short

Don
it−1 + β4Cost

Rec
it−1 + β5Fit

Don
it−1 + β6Fit

Rec
it−1

+ Xit−1 · γ + Zsct · δ + ηct + θst + εicst,
(II.9)

where subscript i denotes an individual firm, c denotes the county where firm i is headquar-
tered, s denotes the industry (two-digit NACE Rev. 2 codes) of firm i, and t denotes the
calendar year. The vector Xit−1 contains firm-level time-varying control variables including
the donor and recipient benefits from agglomeration economies. The donor and recipient
benefits from relocating operations of the BG to regions with a higher level of industrial ag-
glomeration are defined in parallel to the corresponding definitions for labor costs above (see
Appendix II.A.2). The vector Zsct is a vector of county-industry-level time-varying control
variables; ηct denotes county-year fixed effects and θst industry-year fixed effects, which we
include to remove all time-varying confounding factors within counties and within industries.
As firm-level control variables, Xit, we include firm size (log of total assets), firm age, and
indexes of average employee education qualification. To account for the relative importance
of a BG firm among its affiliates, we compute the fraction of assets a focal firm accounts
for in the group. In Germany, smaller firms are subject to more lenient labor regulations.
To address this heterogeneity, we further include a dummy variable Small firm that equals
one if a firm employs at most ten employees, and zero otherwise.13 For county-industry level
controls, we include labor cost, labor shortage, labor fit, and the level of agglomeration.

Results. Table II.2 presents the results.14 We have one specification with no controls ex-
cept fixed effects (column 1), and then successively add firm-level control variables (columns 2

13Firms with less than ten (five) employees are exempt from the Protection against Unfair Dismissal Act
(Works Constitution Act). Above these thresholds, employees can only be dismissed because of a specific
reason after six months of employment (cannot elect a works council). See Wiedemann, 1980 and Guertzgen
and Hiesinger, 2020 for more details.

14We provide analyses in which labor costs, labor shortage and labor fit variables are entered separately
in Tables II.OA3, II.OA4, and II.OA5 in the Online Appendix. The coefficient estimates for all six benefit
measures have the predicted signs and are economically and statistically significant throughout all specifica-
tions. Separate and joint analyses produce similar results because the correlations between these variables
are never large; see Table II.OA1 in the Online Appendix for correlations.
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and 3), the characteristics of the labor force (column 4), and the benefits from agglomeration
economies (column 5). Across all five specifications, the coefficient estimates for reallocation
benefits have the expected sign and are statistically significant or highly significant, except
for the recipient benefits from saving labor costs, which are economically small and statisti-
cally insignificant.15 Higher donor (recipient) benefits are associated with reduced (increased)
Employment growth at the focal firm. In our most stringent specification (column 5) a one-
standard deviation increase in reallocation benefits reduces (increases) Employment growth
by 38 (36) bp for Short, by 32 (33) bp for Fit, and by 63 bp for donor benefits of Costs.
Hence, on average, a one standard deviation increase in a measure of donor (recipient) ben-
efits decreases (increases) employment growth by about 0.4%. These effects represent about
20% (40%) of the mean and median Employment growth, which is, respectively, 1.936% and
1.096% (see Table II.1). Hence, BGs move operations to counties with lower labor shortages
and higher labor fit, and away from locations characterized by constrained labor markets.
Importantly, while labor costs have a significant influence on the donor side–firms tend to
lose operations if they are in high labor-cost counties, offering lower labor costs by itself does
not provide recipient firms with a measurable advantage. Our interpretation is that BGs
strategically move operations away from locations with more constraints in the local labor
markets and toward locations where they are less constrained, but their objective is not
simply to reduce labor costs. This finding is remarkable in comparison to the literature on
offshoring and multinational firms, which often finds that labor costs are a primary driver for
international relocations (e.g., Feenstra and Hanson, 1999 and Hummels, Munch and Xiang,
2018 for a survey, which focuses almost exclusively on wages as the prime driver of moving
operations). However, this literature primarily analyzes the extensive margin.

Control variables. The size and statistical significance of the coefficients for the control
variables remain more or less unchanged across the different specifications in Table II.2.
In general, larger and older firms grow slower, in line with the findings in prior literature
(e.g., Harhoff, Stahl and Woywode, 1998; Mansfield, 1962). Age and Size have both have
a negative impact on growth: A one-standard deviation in Size (Age) reduces Employment
growth by 117-203 bps (78-109 bps), with the coefficient on Size increasing toward the upper
end of its range in those specifications that control for the quality of the work force. Since
larger firms have a more educated and qualified workforce, adding these controls removes the
confounding positive influence of these variables on growth from Size.16

15Table II.OA2 provides the same analysis using BG-year clustering. Statistical significance increases
slightly with clustering at the BG-year level. However, recipient benefits from labor costs remain insignificant.

16Size is defined as the logarithm of total assets. From Table II.1, one standard deviation of Size is 1.85 and
its inter-quartile range is 2.04. Hence, a one-standard deviation increase in Size corresponds to an increase

96



We control for the importance of a firm for the entire group by using the variable Relative
size, which is the percentage of the focal firm’s assets in the assets of the entire group. Firms
with a higher value of Relative size are more likely part of the core segments of the group
and thus more important for the group than peripheral firms with a lower Relative size (see
Maksimovic and Phillips, 2002 for a related notion and results that support this assumption).
This variable has the strongest impact if we enter it along measures for the quality of the
work force (column 3): A one-standard deviation increase in Relative size (33%) increases
Employment growth by 26bp (column 2) to 144bp (column 3). Hence, core BG firms grow
faster than peripheral firms. In addition, we observe that firms with less than ten employees
grow significantly less by about 12 to 16 pp. Hence, even though labor-market regulations
are more lenient for small firms, these do not attract more operations.

Labor cost and Labor shortage itself have no significant impact on Employment growth.
Surprisingly, Labor fit and Agglomeration have a negative impact on Employment growth. Ed-
ucation and Qualification both have a strong and positive impact on Employment growth. We
hypothesize that firms in knowledge-intensive industries and with more knowledge-intensive
and skill-intensive technologies grow faster. However, we note that all regressions already
control for industry-year fixed effects. Hence, the effects of Education and Qualification
describe within-industry-year variation and are thus surprisingly strong. A one-standard de-
viation increase in the scores for Education (Qualification) is associated with about 2.4 (0.6)
percentage point higher Employment growth.

Finally, donor (recipient) benefits from agglomeration economies, AggDon
it−1 (AggRec

it−1), re-
duce (increase) Employment growth by 74 bp (65 bp). As expected, BGs take into account
other location characteristics that are important in their respective industry, such as the
proximity to customers and suppliers. These findings demonstrate that agglomeration bene-
fits are important not only at the extensive margin, but also at the intensive margin. This is
something that prior literature has not shown, to the best of our knowledge. A comparison
of columns (4) and (5) reveals that agglomeration benefits reduce the explanatory power
of Short and Fit by approximately 25% and 50%, respectively. These results suggest that
agglomeration benefits are not only about proximity to customers and suppliers, but also
about the supply and fit of the local labor market.

Summary. Our main question is how BGs move jobs between firms in different locations
as a function of the variation in labor market conditions. We find that BGs move jobs across
counties if the destination county has lower labor costs, higher labor supply, and if it has more
employees with skills that match the requirements of the firm. The proxies for reallocation

of total assets by a factor of 6.3.
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benefits measure potential benefits to BGs from moving production across group firms in
addition to any time-varying industry or county characteristics, and the time-varying firm
characteristics captured by firm-level control variables. Hence, we provide evidence for labor-
related benefits from reallocation in addition to these controls, and that they are distinct
from the benefits from agglomeration economies.

II.3.2 Which operations are moved?

In this section we ask which operations are more likely to be moved in response to changing
labor-market conditions and investigate the influence of asset tangibility (Section II.3.2) and
the skill compositions of the jobs involved (II.3.2).

Moving tangible versus intangible assets

Arguably, reallocation benefits are strongly influenced by the costs of physically relocating
operations. These physical relocation costs are mainly determined by the costs of moving
the fixed assets of the firm (e.g., building a new plant, moving machinery). Therefore, we
hypothesize that firms with (1) less tangible assets relative to total value added (Tangibility),
(2) less tangible assets relative to employment size (Capital intensity), and (3) operations
that are more likely to allow employees to work remotely (Remote work), measured by the
ratio of gross software investment to tangible assets, are more sensitive to labor reallocation
benefits. We test this hypothesis by splitting our sample at the median of (1) Tangibility,
(2) Capital intensity, and (3) Remote work, and rerun the regression of Table II.2, column
5 for each subsample. Results are presented in Table II.3.17 In line with our hypothesis
we find that the sensitivity of employment growth to donor benefits (CostDon, ShortDon,
FitDon) and to recipient benefits (ShortRec, FitRec) is significantly larger for the subsamples
of firms with lower physical relocation costs, i.e. lower Tangibility (column 2), lower Capital
intensity (column 4), and higher potential for Remote work (column 6). Interestingly, we
observe the opposite for the sensitivity to agglomeration benefits. AggDon is stronger in
the subsamples with high Tangibility (column 1), high Capital intensity (column 3), and low
potential for Remote work (column 5). We observe a similar pattern for AggRec, but to a lesser
extent. These results imply that labor reallocation benefits are mainly important for firms
with relatively low physical relocation costs, whereas the opposite applies to agglomeration

17For example, intangible sectors include finance (NACE Rev. 2 Section K), other services (S), and scientific
activities (M). Tangible sectors include agriculture (A), real estate (L), and transportation (H). Software-
intensive sectors include information and communication (J), finance (K), and wholesale trade (G). Sectors
that rely less on software include real estate (L), healthcare (Q), and water supply and related utilities (E).
Capital-intensive sectors include utilities (D and E) and real estate (L), while labor-intensive sectors include
construction (F), hospitality (I), and other services (S).
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benefits. Table II.OA6 in the Online Appendix provides a breakdown of the results from
Table II.2 (column 5) into manufacturing industries, service industries, and other industries
(columns 1 to 3). With a couple of minor exceptions, all results are concentrated in service
industries, which reinforces the finding above that operations are more likely to be moved if
physical reallocation costs are lower. Another way to categorize industries is the distinction
between tradable and non-tradable sectors (columns 4 and 5). The prior literature has
shown that jobs in tradable sectors are more likely to be offshored as they do not need to
be close to the customer . Therefore we analyze how the effect of relocation benefits differs
between tradable and non-tradable sectors. To define tradability, we follow Piton, 2021, who
uses a measure of tradability based on observed trade exposure.18 We observe no significant
difference between both sectors with respect to relocation benefits. This result again confirms
that within-country relocations differ significantly from offshoring.

Moving high-skilled versus low-skilled jobs

Since reallocation benefits depend on the type of operation that is moved, we conjecture
that they may also be associated with the characteristics of the jobs that are moved. The
literature suggests two mutually non-exclusive hypotheses on how the skill composition of the
labor force may be relevant for firms decision to move operations. The literature on MNEs
and offshoring suggests that firms relocate operations to benefit from lower labor costs. This
argument predicts that the relocation of operations involves mostly lower-skilled employees,
who are easier to substitute and retrain.19 By contrast, if firms primarily address binding
constraints on their access to human capital, we would expect the opposite, since these
frictions are concentrated in the market for skilled employees, who are harder to substitute.20

We use the occupational classifications of our data provider and break up employment
growth into subgroups of jobs defined by employees’ education, qualification, and the com-
plexity of their jobs. More specifically, we use indices for three different characteristics and
group them into terciles (low, middle, high): education, qualification, and task complexity.
We provide a detailed explanation how these variables are defined on the employee level
in and the precise definitions for the variables used in the analysis in Appendix II.A.3. In

18This approach is superior compared to older work that relies on sectoral classifications, since it recognizes
that services have become increasingly tradable (see also Burstein and Vogel, 2017; Sotelo, 2020).

19See Feenstra and Hanson, 1999, Harrison and McMillan, 2011, and Becker, Ekholm and Muendler,
2013 for evidence on the relevance of labor-cost differentials in offshoring. Usually, high-skilled employment
remains domestic and even expands. See also the survey of Hummels, Munch and Xiang, 2018 for further
evidence.

20Frictions in the labor market tend to increase with the skill segment of the market. Higher skill levels are
associated with more occupational mismatch (Davis, Faberman and Haltiwanger, 2013; Şahin et al., 2014)
and skill shortages (P. H. Cappelli, 2015).
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addition, we differentiate managerial from non-managerial jobs using the Blossfeld, 1987 job
categories. Then we ask how the reallocation benefits affect the employment growth of the
different subgroups of employees, by replacing Eit −Eit−1 in the numerator of equation (II.1)
by Ecat

it − Ecat
it−1, where the superscript “cat” refer to employment in a particular category,

e.g., highly-educated employees.
Table II.4 presents the results. The most remarkable insight from breaking up employment

growth is that the effects of donor benefits are concentrated in the top tercile: The coefficient
estimates for donor benefits in the highest terciles of education (column 3), qualification
(column 6), and task complexity (column 9) are always highly significant, whereas those for
the lowest terciles (columns 1, 4 and 7) are mostly not significant. By contrast, there is no
clear pattern for recipient benefits across these three dimensions. Our interpretation is that
operations involving high-skilled jobs are more likely to be moved to different locations if the
current (donor) location becomes less suitable regarding labor market conditions. However,
if operations are moved to a different location then the additional growth of the labor force
in the recipient firm is different from the corresponding lower growth in the donor firm.

A second observation from Table II.4 is that the patterns for agglomeration benefits differ
from those for the labor-related reallocation benefits. For example, the donor benefits from
agglomeration are always significant for all occupational characteristics.

Finally, we distinguish managerial from non-managerial occupations (for details see Ap-
pendix II.A.3). The main finding is that all effects are concentrated in the growth of non-
managerial employment (column 10), whereas the estimates for managers are economically
and statistically insignificant (column 11). We infer that the movement of operations involves
the movement of operational jobs but not of managerial jobs.

Summary. BGs are more likely to realize reallocation benefits the easier it is to move
physical operations and the more high-skilled the jobs involved are in the donor location.
Reallocation involves operational jobs but not managerial jobs. By contrast, movements of
operations to benefit from agglomeration economies show the opposite patterns: They involve
operations that are harder to move and low-skilled jobs. Hence, BGs realize labor-related
benefits and agglomeration benefits for different types of operations.

II.3.3 Decomposing growth

In this section, we explore the mechanisms through which BGs transfer operations within
their member firms by decomposing employment growth into growth through internal trans-
fers versus external labor markets (II.3.3) and into hiring and separations (II.3.3).
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External and internal growth

We are interested in the extent to which BGs operate internal labor markets and transfer
workers between their firms, and the extent to which they rely on external labor markets,
motivated by the growing literature on the role of internal labor markets in business groups
(Beaumont, Hebert and Lyonnet, 2025; Cestone et al., 2024; Cestone et al., 2023; Huneeus
et al., 2021). In this section, we break down employment growth into one component that
captures the labor flows between firms that belong to the same BG, and a second component
that captures the labor flows between BG firms and the outside labor market. Specifically,
we define Internal employment growth, gI

it, as the growth rate that results only from those
changes in employment that involve firms of the same group, i.e., separations from firm i when
its employees are hired by another group firm, and hirings of firm i of employees from other
group firms. Similarly, External employment growth, gX

it , is the growth rate from changes in
employment that involve flows between group firm i and the external labor market, which
includes flows to and from domestic firms that do not belong to the same group, foreign firms,
training, retirement, or unemployment. We provide more precise definitions in Appendix
II.A.1 and show that these growth rates decompose Employment growth such that

git = gI
it + gX

it . (II.10)

Table II.5 reports the same regression specification as before, but use Internal employment
growth (columns 1 to 3) and External employment growth (columns 4 to 6) separately as
dependent variables. We include variables for donor and recipient benefits simultaneously.
(See columns 3 to 5 of Table II.2.) To gauge the relative importance of internal growth and
external growth, column 7 reports the ratio of the coefficient estimates in column 6 to the
sum of the coefficients of columns 3 and 6. Since internal and external growth rates add up
as in equation (II.10), the sum of the coefficients in columns 3 and 6 of Table II.5 is equal to
the corresponding coefficients in column 5 of Table II.2. Hence, we treat the ratios reported
in column 7 as a measure of the relative importance of internal labor markets for realizing
benefits from reallocation.

Results. Column 7 shows that for most independent variables, about 70% to 90% of their
impact can be attributed to External employment growth, whereas only 10% to 30% can be
attributed to Internal employment growth. In almost all cases in which the coefficient in
column 5 of Table II.2 is statistically and economically significant, the corresponding coeffi-
cient for external flows in column 6 of Table II.5 is also significant, whereas the coefficients
for internal flows in column 3 are often insignificant. Hence, the corresponding independent
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variable is associated with significant changes in External employment growth, but not with
corresponding changes in Internal employment growth. These results imply that internal la-
bor markets are of minor importance for BGs and that BGs tend to move jobs rather than
employees across locations.21

Hiring and separations

The analysis so far uses net employment growth as a dependent variable. In this section,
we ask whether changes in employment growth result from changes in the hiring rate or the
separation rate. For example, higher net employment growth may result either from more
hiring or from fewer separations. To address this question, we define by Hit and Sit the
number of new hires, respectively, separations of firm i in period t. These flow measures are
related to the employment levels as

Eit − Eit−1 = Hit − Sit. (II.11)

We can then define hiring and separation rates as:

Hiring rate ≡ Hit

0.5 (Eit + Eit−1)
; Separation rate ≡ Sit

0.5 (Eit + Eit−1)
. (II.12)

Table II.6 shows the results with the hiring rate and the separation rate as dependent vari-
ables. The impact of reallocation benefits differ strongly between hiring and separations.
On the donor side, labor costs reduce the hiring rate, but do not strongly affect separations,
whereas labor shortages and labor fit increase the separation rate, but do not affect hiring.

Interestingly, on the recipient side, higher cost benefits reduce separations, but they also
reduce hiring. Hence, BG firms in locations that offer benefits from lower labor costs to group
firms reduce employee turnover. This finding helps explain the insignificant results we found
for CostsRec in Table II.2, where the simultaneous effects on hiring and separations cancel
each other. The estimates for ShortRec and FitRec reveal that benefits from a better fit of the
county’s labor force are realized only through additional hiring - recipient firms can recruit
from a better local pool of workers, whereas the benefits from a lower labor shortage are
realized through fewer separations. The last observation is particularly interesting, because
it suggests that a better supply of workers in the local labor market implies that recipient
firms lose fewer employees to other firms, not that they recruit additional employees.

21The discussion here is based on coefficients for the association of variables that measure reallocation
benefits on employment growth. The differences between the unconditional means of Internal employment
growth and External employment growth are even more extreme: From Table II.1, average Employment
growth is 1.936%, of which 1.893 pp (98%) is external and 0.042 pp (2%) is internal.
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II.3.4 Managerial capabilities

In this section, we split the sample according to different types of BGs depending on mea-
sures of their managerial capabilities. The argument in this paper suggests that BGs move
operations that can be operated more efficiently by recipient firms than by donor firms. How-
ever, to move operations, BGs must identify them in the donor firm, relocate them to the
recipient firm, and recipient firms then have to integrate and manage these new operations.
All these are managerial functions, and based on the literature on managerial capabilities and
processes (e.g., Atalay, Hortacsu and Syverson, 2014; Bloom, Sadun and Reenen, 2017) we
expect that managerial capabilities are necessary to transfer operations across firms. How-
ever, theoretical work does not provide specific hypotheses and we see two principal ways in
which BGs may effect these transfers. BGs may organize themselves as a network with a hub
in which one firm serves as a coordinator for the entire group. Then managerial capabilities
would be concentrated in this coordinating firm, which then organizes transfers across BG
member firms. Alternatively, BGs can be less centralized, such that member firms have more
autonomy and managerial capabilities of their own, which may have the advantage that each
firm collects information and monitors the conditions in its local labor market. Hence, we
explore the role of managerial capabilities and whether centralized or decentralized BGs are
more responsive to changes in local labor market conditions.

To measure managerial capabilities, we use the number of employees in the following
enabling functions, which we identify from occupational codes: management, office workers,
human resources, and accounting.22 Let EEF

i,t be the number of employees in these functions
in firm i at time t and let EEF

bt ≡ ∑
j∈BGb(t) E

EF
jt be the same number for the whole BG b.

The measure of managerial capabilities, mcit, is the employment share of the focal firm i for
enabling functions (superscript “EF”) relative to the whole group:

mcit ≡ EEF
it∑

j∈BGb(t) E
EF
jt

= EEF
it

EEF
bt

, (II.13)

Table II.7 shows the results for a sample split at the median of mcit in columns 1 and 2.
Observe that the donor benefits from labor fit and labor shortage are insignificant for above-
median firm-years, and those for labor costs show only one-third of the size of the coefficient
compared to the below-median firms. Hence, it appears that firms with lower managerial
capacities are more likely to lose operations. However, the matching move of operations to
firms with higher managerial capacities obtains only for labor costs and not for the other
dimensions of reallocation benefits.

22See Bias et al., 2024 for a similar argument. However, their definition of enabling functions is more
comprehensive and used for a different purpose.
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The distribution of mc is highly skewed, across BGs, but also within BGs (Mean: 0.3236;
Median: 0.2031). Hence, some BGs concentrate their enabling functions in one firm, probably
the apex firm that owns the other BG member firms, and we conjecture that it may serve as
a hub or coordinator such that the other member firms focus on operations. To explore this
question further, we define two measures of the concentration of enabling functions in member
firms, one at the firm level and one at the group level. The firm-level concentration measure
simply subtracts the employment share of focal firm i in its group from the corresponding
share for enabling functions:

conit ≡ EEF
it

EEF
bt

− Eit

Ebt

= mcit − Eit

Ebt

, (II.14)

where Ebt ≡ ∑
j∈BGb(t) Ejt is the total employment of BG b at time t and Eit

Ebt
is the employment

share of firm i in the group. For BG firms that serve a coordinating function for the group,
this measure should be high and negative for all the other firms. By contrast, for BGs in which
the enabling functions are devolved to the member firms, conit should be close to zero. Table
II.7 shows the results for a sample split based on conit with below median-concentration firms
in column 3 and above median-concentration firms in column 4. Interestingly, the results for
donor benefits show that the loss of operations is concentrated in firms with more managerial
capacities. This finding contradicts the notion that firms become donors if they have low
managerial capacities.

To analyze this question further, we observe that high values of con obtain for two types
of firms: Those that serve a coordinating function in their BG, and those whose BG does
not have a coordinating firm and employees in enabling functions are distributed relatively
evenly across the member firms. The mean and median of con are both negative: Low values
obtain for the firms in BGs in which another firm has a coordinating function. We analyze
the imbalance of managerial capacities at the group level by constructing an employment-
weighted average of the absolute values of con, which provides a measure of the imbalance
of enabling functions across BG firms:

imbbt ≡
∑

j∈BGb(t)

Ejt

Ebt

·
∣∣∣∣∣E

EF
jt

EEF
bt

− Ejt

Ebt

∣∣∣∣∣ =
∑

j∈BGb(t)

Ejt

Ebt

· |conit| , (II.15)

Hence, if the share of employees in enabling functions of group firm j relative to the whole
group, EEF

jt

EEF
bt

, is the same as the share of the same firm’s total employment in the group, Ejt

Ebt
,

then conit equals zero. Accordingly, for groups in which the enabling function is distributed
evenly across BG firms, the employment-weighted average of |conit| in (II.15) is low. By
contrast, BGs that concentrate the enabling functions in one firm have a high value of conit
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in the coordinating firm and low values, i.e, high absolute values, in the other firms; these
BGs have a high value of imbbt. If we split the sample according to this measure (columns 5-6,
Table II.7), donor benefits for labor fit and labor shortage are now concentrated in the firms
with a low imbalance imb. Hence, BGs that devolve enabling functions to the member firms
reallocate operations more than those that concentrate them in one firm, which supports the
notion that labor reallocation requires managerial capacities at the donor and at the recipient
firms. BGs with a more hierarchical structure in which enabling functions are centralized
therefore do not reallocate operations as much.

II.3.5 When do business groups exit?

The analysis so far is focused entirely on the intensive margin of job flows between locations
and takes the membership of the BG at each point in time as given. In the next step, we
analyze decisions in which BGs exit or enter certain locations. In this section, we analyze
exits. Note that in our context, an exit refers to a BGs decision to divest or dissolve an
existing firm, i.e., to leave a location in which it has been present so far. We analyze exit
decisions on the firm-level with two different dependent variables: (1) using an exit dummy
variable and perform linear probability regressions, (2) using the fraction of employees leaving
the BG and perform OLS regressions. The dummy variable Exitict equals one if firm i in
county c is disaffiliated from a BG in year t and, consequently, if the BG loses its presence
in county c, and zero otherwise. It is arguably easier for geographically more dispersed BGs
to exit local markets because exiting one county has a less disruptive impact on the overall
operations. Therefore, we define a second exit variable that weights the exit decision with
its economic importance (i.e., fraction of employees affected) for the BG. Exit LWict is the
fraction of employees leaving the BG if firm i in county c is disaffiliated from a BG in year t
(i.e., Exit equals one), and zero otherwise.

The results are presented in Table II.8. Since a complete exit from a location is an ex-
treme form of shrinking the operations in that location, our baseline assumption is that the
coefficients with Exit as the dependent variable are significant whenever those with Employ-
ment growth are significant, albeit with opposite signs. This prediction is supported for most
independent variables. The estimates for all measures of donor benefits and for the recipient
benefits from labor costs always have the predicted signs in columns 1 to 3 of Table II.8; they
also have the corresponding opposite signs in the intensive-margin regressions in Table II.2.
They are also economically significant: A one standard deviation change of these proxies for
donor (recipient) benefits increases (decreases) the probability of exit by about 13 to 23 basis
points, which is between 16% and 29% of the unconditional sample mean of Exit (0.8 pp
from Table II.1). By contrast, the variables for the recipient benefits from labor fit and labor
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shortage have counter intuitive positive signs, potentially because the dummy variable Exit
overweighs exits from operations that are small in relation to the overall BG.

The regressions in columns 4 to 6 of Table II.8 use the continuous exit measure Exit
LW and confirm this hypothesis. With this variable, we obtain the predicted sign across all
proxies for reallocation benefits. Economic significance is also slightly higher: A one standard
deviation change in each of our proxies for donor (recipient) benefits increases (decreases)
the probability of exit by about 1 to 4 basis points, which is between 10% and 40% of the
unconditional sample mean of Exit LW. In these regressions, measures of labor fit (labor
cost) have the highest coefficient estimates for donor (recipient) benefits. Hence, lower labor
costs and a better labor fit in other BG locations increases the probability of exit the most.

Age, and Relative size both reduce the probability of exit, in line with the notion that
BGs are unlikely to divest mature or core businesses. Hence, larger firms grow less at the
intensive margin, but they are also less likely to be divested. Different from the intensive-
margin analyses, Education and Qualification have no or only a marginal impact; these
variables matter only at the intensive margin.

II.3.6 Entry: Growth at the extensive margin

We continue with the discussion of entry decisions. In our context, entry refers to a BGs
decision to acquire an existing firm or a green field investment in a location in which it has
not been present so far, and we refer to BG growth through acquisitions as growth at the
extensive margin. As mentioned above, while we can analyze exit decisions at the firm level,
we cannot do the same for entry decisions, since firm-level analyses presume that a firm
already is a member of a BG. Accordingly, we perform the analysis of entry decisions at the
group level and define three different group-level variables that measure extensive growth:
(1) Entry dummy (Exit dummy) , which equal one in a year in which the BG enters (exits
from) at least one new county, Entry count (Exit count), which is the number of counties a
BG enters (exits) in a particular year, and (3) Entry LW (Exit LW ), which is the fraction of
employees joining (leaving) the BG because it enters (exits) from the respective counties. We
aggregate the measures of donor benefits to the BG level by taking the employment-weighted
average for each BG-year. We do not include measures of recipient benefits in the regressions,
since they contain the same information as the measures for donor benefits when aggregated
to the BG level.

Our hypothesis does not distinguish between growth at the extensive and at the intensive
margin. In particular, BGs may enter a new location that promises better conditions, i.e.,
lower labor costs, fewer shortages, and a better labor fit, just as much as it can transfer
operations to an existing location. The main difference between entering new locations
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through an acquisition compared to using already existing locations is that the former requires
the group to identify a target and invest the additional time and fixed costs for completing an
additional acquisition. If these costs are significant, the hurdle for entry is accordingly higher,
and we would expect entries into new locations only if the prospects of the new location are
significantly better than those of all existing locations.

Table II.9 presents the results for the group-level analyses. Columns 1 to 3 (4 to 6) show
results for the three exit (entry) variables as the dependent variable. All columns include
year and BG-level fixed effects, thus rely only on the within-group variation. As a baseline,
we expect that the results for Exit are similar to those in Table II.8, whereas those for Entry
have the opposite signs.

To begin, we focus on the results for Exit. These results fully conform to our expectations.
All three labor variables (CostBG, ShortBG, FitBG) as well as agglomeration (AggBG) have
the predicted positive signs in line with the results from Table II.8. Most importantly, benefits
from saving labor costs through moving operations across locations, CostBG, now turn out to
be statistically and economically significant and of first-order importance: The probability
of exiting a county increases by 1.8% for a one-standard deviation increase in CostBG, which
represents about 35% of the unconditional sample mean of Exit of 5.2% (see Panel B of
Table II.1). These results affirm our prior conclusion that labor costs are highly relevant for
location decisions of BGs. The results for benefits from improved labor fit are of comparable
magnitude: A one-standard deviation increase in FitBG increases the likelihood of exit by
2.3% (44% of the sample mean). In contrast, the results for labor shortage are economically
somewhat weaker: A one-standard deviation increase in ShortBG increases the likelihood of
exit by 0.6%.

The results for the proxies for donor benefits in the Entry regressions have the opposite
sign of those found in the Exit regressions and the magnitudes are comparable, as expected.
For BGs with larger donor benefits, we find lower probabilities to enter new locations. The
economic significance is again large, in particular with respect to labor costs and labor fit.
A one-standard deviation increase in CostBG (FitBG) decreases the likelihood of entry by
2.5% (2.2%), which is 48% (42%) of the sample mean. A one-standard deviation increase in
ShortBG reduces the likelihood of entry by 1.3%. Overall, we conclude that the impact of
labor-related reallocation benefits is qualitatively similar at the extensive and the intensive
margins, but with notable quantitative differences: Labor costs matter mostly at the exten-
sive margin and less at the intensive margin, whereas the opposite holds for labor shortages.
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II.4 Extensions and robustness

In this section we extend our baseline model to address additional questions and to provide
robustness checks on our baseline modeling choices. Specifically, we modify our definition of
local labor markets (Section II.4.1); construct a counterfactual to BG firms from standalone
firms (Section II.4.2); and explore a sample of multi-location standalone firms (Section II.4.3).
Finally, we use alternative definitions of the main variables for reallocation benefits and enter
additional control variables (Section II.4.4).

II.4.1 The definition of local labor markets

Our baseline specifications use counties to define local labor markets. However, Germany has
400 counties with an average population of about 200,000, which makes the average county
relatively small. Too narrow a definition of local labor markets may overlook two issues: First,
employees are often willing to commute to work from neighboring counties, thus adding to
the labor supply of adjacent counties. Second, employees who live in the border region of a
county have about equal access to firms in their own as well as their neighboring county and
thereby form part of the labor supply of both counties. Other studies of local labor markets
use a broader definition of local labor markets and divide Germany into 50 commuting zones
(Kropp and Schwengler, 2016; Popp, 2023).23 However, this strategy addresses only the first
but not the second issue, which applies equally well to employees who live in the border
region of two commuting zones.

We use a different approach and define the local labor market to which firms have access
as comprising their own county as well as all neighboring counties. More specifically, for any
firm j located in county c at time t, the local labor market in relation to which we define the
measures of labor costs, labor supply, and labor fit comprises all employees who live either
in county c or in any other county g ̸= c that has a common border with county c. Note
that in this way, local labor markets are necessarily overlapping, since the workers located in
county g contribute to the labor supply of firms in county c, whereas the workers located in
county c contribute to the labor supply of firms located in county g. The advantage of this
strategy is that it provides a more satisfactory treatment of workers and firms located in the
border areas of two counties.

Based on this notion of overlapping local labor markets, we define the measures of la-
bor market characteristics and agglomeration benefits for a firm j located in county c as

23Studies on US data also use both definitions: Rinz, 2022) and J. ( Bai et al., 2022 use commuting zones,
whereas and Kim, 2020 Kim (2020) and Benmelech, Bergman and Kim, 2022 use the more granular county
level.
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employment-weighted averages of the respective measures for county c and all its adjacent
counties. The definitions of all other variables remains unchanged. We report the results
in Table II.10. Panel A reports firm-level regressions and reproduces Table II.2 (column 5),
Table II.5 (columns 3 and 6), and Table II.8 (columns 3 and 6); Panel B reports group-level
regressions and reproduces Table II.9.

All results are qualitatively robust and show that none of our conclusions above depends
on the way in which we define local labor markets. The results are quantitatively similar,
but two variables show noteworthy changes. In particular, the coefficients on FitDon, which
measures the benefits from improving the fit of local labor markets, becomes more negative
throughout and thereby economically and statistically more significant. Hence, the regres-
sions in Table II.2 appear to underestimate donor benefits, since they do not account for the
fact that group firms have not only access to the workers in their counties, but can also lure
workers from neighboring counties and thereby improve labor market access for the opera-
tions that are currently undertaken by the focal firm. Differently from the baseline analysis
in Table II.5 (columns 1 to 3), the coefficients for the donor and recipient benefits from Fit
now become significant and much larger compared to the estimates in Tables II.2 and II.10.
Hence, with the broader definition of local labor markets, the improvements from labor Fit
become much larger, which shows relevance of the ability to attract workers from neighboring
counties.

II.4.2 Constructing a counterfactual

The baseline analysis only considers BG firms and provides an analysis of the cross-sectional
variation in employment growth of these firms, but it does not compare BG firms to non-BG,
standalone firms. In this robustness check, we extend the baseline analysis by constructing
a counterfactual from matching standalone firms. If the relative patterns of employment
growth documented in Section II.3 could be attributed to general regional patterns of the
migration of jobs and operations, which may occur for reasons related to demographics,
changes in transport systems, or structural changes in the economy, then these patterns
should be shared by standalone firms as well. To identify matching standalone firms, we
adopt a two-step procedure. In the first step, we require that standalone firms perfectly
match the BG firm on a set of categorical variables. Specifically, we define cells based on
the full cross-product of counties (400 units), calendar years (12), 2-digit industry codes
(84), and the number of establishments (4 categories: 1, 2-5, 6-10, above 10). Among
the firms that provide a perfect categorical match, we then pick that standalone firm as a
match that minimizes the Euclidean distance to its matching standalone firm based on six
continuous variables: firm size, measured as beginning-of-year log employment, log firm age,
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log average worker age, percentage of female workers, percentage of highly qualified workers,
and percentage of medium-qualified workers. All continuous variables are standardized.

We can match about 70% of the firm-year observations in our sample. Table II.OA7
shows the matching results and reports the mean and median of firm size and firm age
for the matched BG firms (N = 68, 977), the unmatched BG firms (N = 27, 814) and the
matched standalone firms. The Imbens-Wooldridge statistic for relative differences (Imbens
and Wooldridge, 2009), which measures the economic rather than the statistical significance of
the difference between BG firms and matching standalone firms, is below the recommended
threshold of 0.25 for all six variables reported in Table II.OA7. We observe the largest
measure of relative differences for the percentage of highly-qualified employees: BG firms
have, on average, more highly-qualified and fewer medium-qualified employees compared to
their standalone matches.

Table II.11 reproduces the main results for the regressions with Employment growth as
the dependent variable. Comparing the regressions for matched BG firms (columns 1 and
3) with those for standalone firms (columns 2 and 4) shows that the patterns observed in
Table II.2 can be attributed entirely to the BG status of firms and not to demographic or
structural factors that are common to BG firms and matching standalone firms. In fact, all
measures of labor-related benefits are insignificant for standalone firms, whereas the results
for the subset of BG firms we can match is not only qualitatively but for almost all variables
also quantitatively similar to what we find for the whole sample in Table II.2.

II.4.3 Multi-location standalone firms

In the analysis so far, we have used a sample of multi-location BGs to test our hypothesis.
In Germany, most larger multi-location firms operate as BGs in which the subsidiaries are
incorporated as separate legal entities. However, our hypothesis does not require that the
subsidiaries that either lose or attract new operations are legally separate entities, and we
can legitimately ask whether the observations established in the previous sections would also
extend to standalone firms that operate establishments in multiple locations, but do not in-
corporate these establishments as legally separate entities. Hence, we create a sample of stan-
dalone firms that operate establishments in at least two different counties in Germany. Note
that multi-location standalone firms are smaller and have smaller establishments. Hence,
potential differences may arise from either differences in the economics of operating smaller
entities as well as the potential relevance of not operating their establishments as legally
separate entities.

Table II.12 replicates the analysis of Table II.2 for multi-location standalone firms. The
analysis is now performed at the establishment level. The results for donor benefits and
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recipient benefits are qualitatively similar to those found for multi-location BGs, but we can
note some quantitative differences. The donor benefits play a somewhat smaller role for
standalone firms as for BGs and in particular the results for Shortage are weaker. Recipient
benefits are generally stronger and become statistically significant across all three labor mar-
ket measures. We conclude from this analysis that multi-location standalone firms behave
similarly to multi-location BGs and take advantage of differences across labor markets within
Germany.

II.4.4 Measurement and control variables

In this section, we discuss additional robustness checks that use alternative definitions of
some key independent variables. Specifically, we provide alternative definitions for the mea-
surement of labor shortage, labor fit (Section II.4.4), and for agglomeration benefits. In all
cases, we replicate the regressions from Table II.2 (column 5), Table II.5 (columns 3 and 6),
Table II.8 (columns 3 and 6), and from Table II.9 (columns 1 to 6). All tables are relegated
to the Online Appendix.

Labor fit

As an alternative to Fit, we use the cosine similarity measure for human-capital relatedness
introduced by K. H. ( Lee, Mauer and Xu, 2018. However, whereas K. H. ( Lee, Mauer and
Xu, 2018 measure the relatedness between the labor force of target and acquirer in a merger,
we measure the similarity between the labor force of firm i and that of all employees located
in county c. Appendix II.A.4 provides a detailed description and formal definition of this
measure and Table II.OA8 in the Online Appendix shows the results, the coefficients have
the predicted signs. However, the economic and statistical significance for HCR is smaller
across the board, which suggests that HCR is a noisier measure of labor fit compared to Fit.

Labor shortage

To construct an alternative measure of labor shortage, we build on Cestone et al., 2024 and
use establishment closures in a county as a source of exogenous shocks to the labor supply
of other firms. As in our baseline measure, the idea is that for each focal firm, changes in
the labor demand of all other firms represent a change in labor supply. Hence, we measure
shocks to labor shortage by counting all employees in occupation l in county c in year t that
are separated from their firms because of establishment closures, which are reported by our
data provider. Separated employees are then scaled by the beginning-of-year county-level
employment in the same occupation. The resulting numbers then replace the regression
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residuals µ̂clt in equation (II.4). Accordingly, they are averaged over three years and inserted
in equation (II.5) to provide an alternative measure of labor shortage.

Table II.OA9 shows the results, which are qualitatively and quantitatively similar to the
baseline results for analyses of the intensive margin. The largest change is for the donor ben-
efits from labor shortage, ShortDon, which shift more strongly toward external labor markets
(85.1% instead of 61.5% of the effect are attributable to internal transfers). For the entry and
exit regressions, there are some larger changes in both directions. The most significant differ-
ence relative to the baseline results is for the BG level (Panel B), for which labor shortage is
completely insignificant with the new measure, potentially because establishment closures do
not provide a sufficiently persistent supply of labor to trigger exits and entry. This impact
on significance may also account for the sign changes for the labor fit and agglomeration
variables.

Agglomeration benefits

We measure how attractive a location is based on the proximity to customers and suppliers.
Being closer to customers and suppliers offers several agglomeration benefits, such as lower
transportation costs and more information spillovers. We follow the literature in regional
economics (Glaeser and Kerr, 2009; Alcacer and Chung, 2014) and define two additional
variables, Buysct and Supsct, which measure the buyer fit and the supplier fit of county c at
time t for a firm that operates in industry s. Both measures are constructed from industry-
level input-output tables for Germany and increase if the industries from (to) which a focal
firm buys (sells), account for a larger fraction of the employment in its county. Appendix
II.OA10 provides a detailed description and formal definitions of these measures and Table
II.OA10 in the Online Appendix shows the results. Buy and Sup show the predicted signs
consistently across almost all specifications, but only about half of these coefficients are
statistically and economically significant. Overall, these results imply that firms have a
tendency to relocate their operations to counties that have a higher density of potential
customer and supplier firms, but this aspect does not seem to be of first order importance.
Moreover, adding buyer and supplier fit has only a minor impact on the estimates for the
measures of reallocation benefits that are the focus of our analysis.

II.5 Conclusion

This paper studies the intensive and extensive employment growth of business groups and
of firms that are affiliated with business groups. We explore a specific hypothesis about
how business groups may add value: By operating firms in multiple locations, they can
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move operations and jobs between affiliated firms, thus avoiding the fixed costs of greenfield
investments and setting up new firms. Incentives to move operations may arise if critical
resources are available more abundantly and more cheaply in some locations than others.
Specifically, we explore how firms move jobs across local labor markets and measure the
attractiveness of local labor markets along three dimensions: the costs of labor, the tightness
of the labor market, and the labor fit of business group firms to the local labor market.
We find that all three dimensions are of first order importance for growth at the intensive
and extensive margins. We find that labor conditions are of similar importance for location
decisions of business group firms as agglomeration economies.
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II.A Appendix

II.A.1 Growth rates

We use the following definitions:

Symbol Definition
Eict Number of all employees employed in firm i located in county c at the

end of year t.
Hict Number of employees who enter firm i located in county c in period t, i.e.

between the end of year t− 1 and the end of year t.
Sict Number of employees who are separated from firm i located in county c

in period t, i.e. between the end of year t− 1 and the end of year t.

Internal and external growth rates

From our definitions above, we obtain

∆Eict ≡ Eict − Eic,t−1 = Hict − Sict. (II.16)

Hence, we can rewrite the growth rate (II.1) as:

gict = Hict − Sict

0.5 (Eit + Ei,t−1)
. (II.17)

We define one-year hiring rates and separation rates as

hict = Hict

0.5 (Eict + Eic,t−1)
, sjt = Sict

0.5 (Eict + Eic,t−1)
. (II.18)

From (II.16), (II.17), and ((II.18)), we have

gict = hict − sict. (II.19)

Next, we decompose hirings and separations into an internal component and an external
component:

Hit =HI
it +HX

it

Sit = SI
it + SX

it

, (II.20)

where the superscript “I” refers to internal flows and the superscript “X” refers to external
flows. We define a flow as internal whenever an employee moves jobs between two firms that
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belong to the same BG at the time of the move. Accordingly, we define Internal employment
growth as

gI
it =

HI
it − SI

i,t−1

0.5 (Eit + Ei,t−1)
, (II.21)

and External employment growth as

gX
it =

HX
it − SX

i,t−1

0.5 (Eit + Ei,t−1)
. (II.22)

With these definitions, we obtain equation (II.10) in the text from (II.17) and (II.20).

II.A.2 Relocation benefits regarding labor fit, labor shortage, and
agglomeration

Analogous to CostDon (CostRec), we define the donor (recipient) benefits from relieving labor
shortages (Shortict) as

ShortDon
it = max{Shortict − Shortint, 0}j∈BG(t), (II.23)

ShortRec
it =

∑
j∈BG(t)

maxj∈BG(t) {Shortjnt − Shortjct, 0} Ejnt

Eict

. (II.24)

Next, we define the donor (recipient) benefits from improving the labor fit based on our
measure of the quality of labor fit (Fitict) as

FitDon
it = max{Fitint − Fitict, 0}j∈BG(t), (II.25)

FitRec
it =

∑
j∈BG(t)

maxj∈BG(t) {Fitjct − Fitjnt, 0} Ejnt

Eict

. (II.26)

Finally, we define the donor and recipient benefits from relocating operations of the BG
to regions with a higher level of industrial agglomeration (Aggict) as

AggDon
it = max {ln(Aggint/Aggict), 0} j∈BG(t). (II.27)

AggRec
it =

∑
j∈BG(t)

maxj∈BG(t) {ln(Aggjct/Aggjnt), 0} Ejnt

Eict

. (II.28)

115



II.A.3 Variables derived from the Integrated Employment Biogra-
phies

The employee level data used in our analyses are derived from the Integrated Employment
Biographies (IEB) database. The IEB contains every dependent employee in Germany, i.e.
all regular employees since 1975 in West Germany and since 1992 in East Germany as well
as all marginally employed workers since 1999.24 The data are structured in terms of spells,
i.e. employment relationships, and the data source reports starting and ending dates of these
spells on a daily basis. If employment relationships continue into the following calendar year,
a notification is given by the employer at the end of each year. The continued employment
relationship is represented by a new spell in the following calendar year. We observe three
occupational characteristics at the employee level, education, qualification and task complex-
ity. We describe their construction in the following. For all three variables and establishment
affiliation we use the information from the latest spell in a calendar year.

Occupation-related variables and Qualification index

All occupation-related variables follow the definitions of Blossfeld, 1987, who classifies jobs
into 12 distinct major occupations based on the German Classification of Occupations 1970
(“Klassifikation der Berufe 1970”). Table 1 on page 99 in Blossfeld, 1987 provides a detailed
overview on those 12 occupations and related ISCO codes. We sort the occupational groups
presented in Blossfeld, 1987 into three groups according to the level of their qualification. Low
qualification: Simple manual occupations, simple services, simple commercial and adminis-
trative occupations. Medium qualification: Skilled manual occupations, qualified services,
semi-professions, qualified commercial and administrative occupations. High qualification:
technicians, engineers, professions, managers. The variable Qualification is defined as the
average employee qualification level of an entity at the end of the calendar year. We assign a
value of one for each low qualification, two for each medium qualification, and three for each
high qualification employee. We also use the Blossfeld classification to distinguish between
managerial and non-managerial occupations. The latter are all 11 Blossfeld occupations that
are not managers.

24The IEB does not cover civil servants and the self-employed. However, these groups are irrelevant for
the companies in our sample. For more details on the sources and structure of IAB’s administrative data,
see Antoni, Ganzer and Vom Berge, 2016.
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Education index

Education is based on academic and vocational education background recorded in the IEB
database. We assign employees the following education milestones based on this information:
no school leaving certificate or intermediate school leaving certificate (ISLC), ISLC with
vocational training, upper secondary school leaving certificate (USSLC) with or without
vocational training, college, and university degree. We assign a value of one to each employee
with ISLC only; two to each employee with an ISLC and vocational training, or with an
USSLC with or without vocational training; and three to each employee with college or
university degree at the end of the calendar year. Education is then defined as the average
employee education level of an entity at the end of the calendar year.

Task complexity index

Task complexity is captured from the variable “niveau” in the IEB database, which char-
acterizes each occupation with one of four values: one (“helper”), two (“skilled”), three
(“specialist”) or four (“expert”). The variable Task complexity is defined as the weighted
average of the occupation task complexity level across all employees of an entity at the end
of the calendar year.

Occupational characteristics

In this section, we characterize occupations along three dimensions: education, qualifica-
tions, and task complexity. However, simply averaging employee characteristics within each
occupation-year cell may reflect differences in the composition of workers across industries,
counties, and years, rather than attributes intrinsic to the occupation itself. To isolate cross-
occupational variation, we adopt a three-step procedure:

1. Calculate the averages of education, qualification, and task complexity across all em-
ployees within a county for each sector (1-digit NACE Rev. 2 industry code) and year.
Then subtract the respective mean from the measures of education, qualification, and
task complexity. For each employee e, we calculate

v̇et = vet − 1
Mcdt

∑
e∈Icdt

vet,

where Icdt is the set of all employees in county c, sector d, and calendar year t; Mcdt is
the number of employees in Icdt; v measures education, qualification, or task complexity.
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2. Across all employee-years, calculate the time-invariant characteristic of occupation o as

v̄o = 1
No

∑
e∈Io

v̇et,

where Icdt consists of all employee-years of occupation o; No is the number of employee-
years in Io.

3. Split Eit, the number of employees for each firm i, into three groups according to v̄o:
Eit = E1

it + E2
it + E3

it. The breakpoints are determined by the terciles of v̄o across
all sample employees across all sample years (constant across all sample years). This
allows us the decompose the employment growth git into three components:

gcat
it =

Ecat
it − Ecat

i,t−1

0.5(Eit + Ei,t−1)
,

where cat ∈ {1, 2, 3}. Intuitively, git = g1
it + g2

it + g3
it.

II.A.4 Defining human-capital relatedness

HCR is calculated as the cosine similarity between a firm’s job vector kit and a county’s job
vector kct. The vector kit ≡ (ki1t, ki2t, ..., ki12t) gives the number of firm employees in each
of the twelve Blossfeld occupations analogously the vector kct represents the composition of
the labor force at the county level.

HCRict = k′itkct√
∥kit∥ · ∥kct∥

. (II.29)

HCRict achieves its maximum value of 1 if the vectors kit and kct are exactly proportional
to each other so that kit = ϕkct for some positive constant ϕ. In that case, firm i employs
workers across occupational categories in exactly the same proportions in which they appear
in county c’s labor force. We obtain the following measures for donor and recipient benefits:

HCRDon
it = max{HCRint −HCRict, 0}n∈BG(t), (II.30)

HCRRec
it =

∑
j∈BG(t)

maxj∈BG(t) {HCRjct −HCRjnt, 0} Ejnt

Eict

. (II.31)

II.A.5 Defining suppler and buyer fit

We follow Glaeser and Kerr, 2009 and Alcacer and Chung, 2014 and define buyer fit as:
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Buysct =
 ∑

r=1,...,S

outputs→r
Erct

Ert

 Ect

Et

, (II.32)

where outputs→r is the share of industry s’s outputs that goes to industry r, Erct is the
employment of industry r in county c at time t, Ert is total employment for industry r across
locations at time t, Ect is the total employment (across industries) for county c at time t, and
Et is total employment across location and industries (national employment) at time t. We
measure output using the German input-output table from year 2010 through 2017 provided
by the Federal Statistical Office of Germany. Following Glaeser and Kerr, 2009 and Alcacer
and Chung, 2014, we define supplier fit as:

Supsct =
∑

r=1,...,R

∣∣∣∣inputs←r − Erct

Ect

∣∣∣∣ , (II.33)

where inputs←r is the share of industry s’s inputs that come from industry r, Erct is the
employment of industry r in county c at time t, and Ect is the total employment (across
industries) for county c at time t. Again, we measure input using the same German input-
output table. We obtain the following measures for donor and recipient benefits:

BuyDon
it = max{Buyint −Buyict, 0}n∈BG(t), (II.34)

BuyRec
it =

∑
j∈BG(t)

maxj∈BG(t) {Buyjct −Buyjnt, 0} Ejnt

Eict

, (II.35)

SupDon
it = max{Supint − Supict, 0}n∈BG(t), (II.36)

SupRec
it =

∑
j∈BG(t)

maxj∈BG(t) {Supjct − Supjnt, 0} Ejnt

Eict

. (II.37)
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II.A.6 Variable definitions

Table II.A1: Description of variables. The table defines the main numerical variables used in the
paper. All other variables are defined in the respective captions of the tables using them.

Variable Definition
Panel A: Firm-level variables
Employment growth Employment growth rate from t-1 to t as defined in Section II.2.2 and Appendix

II.A.1.
Int. emp. growth Internal employment growth rate from t-1 to t as defined in Appendix II.A.1.
Ext. emp. growth External employment growth rate from t-1 to t as defined in Appendix II.A.1.
Exit Dummy. Equals one if a BG firm is no longer affiliated to a BG and,

consequently, the BG loses its presence in the BG firm’s county of residence and
remains absent for the rest of the sample period. Equals zero otherwise.

Cost A firm’s expected labor cost in a county given its job profile, calculated as the
job-weighted average of county-level average wages across 12 Blossfeld job
categories. See Section II.2.2.

Short A firm’s expected labor shortage in a county given its average industry job
profile, calculated as the job-weighted average of county-level unexpected labor
demand rise across 12 Blossfeld job categories. See Section II.2.2.

Fit A firm’s expected labor fit in a county given its average industry job profile,
calculated as the Manhattan distance between the job profile demanded by the
industry and the job profile supplied by a county across 12 Blossfeld job
categories. See Section II.2.2.

Agg The level of spatial agglomeration for an industry in a county, proxied by the
number of employees hired by establishments operating in a given industry and
domiciled in a given county, in logarithm. See Section II.2.2.

CostDon Donor benefits with respect to labor cost. The maximum cut in labor cost a BG
firm could achieve if it hires employees in another county where the BG is
present. See Section II.3.1.

ShortDon Donor benefits with respect to labor supply. The maximum relief of labor
shortage a BG firm could achieve if it hires employees in another county where
the BG is present. See Appendix II.A.2.

FitDon Donor benefits with respect to labor fit. The maximum improvement of labor fit
a BG firm could achieve if it hires employees in another county where the BG is
present. See Appendix II.A.2.

AggDon Donor benefits with respect to agglomeration. The largest extent to get closer
to competitors a BG firm could achieve if it employees in another county where
the BG is present. See Appendix II.A.2.

CostRec Recipient benefits with respect to labor cost. The maximum labor cost cut a
BG firm could contribute by allowing affiliated firms to relocate their employees
towards it. See Section II.3.1.

ShortRec Recipient benefits with respect to labor supply. The maximum labor shortage
relief a BG firm could contribute by allowing affiliated firms to relocate their
employees towards it. See Appendix II.A.2.

FitRec Recipient benefits with respect to labor fit. The maximum labor fit
improvement a BG firm could contribute by allowing affiliated firms to relocate
their employees towards it. See Appendix II.A.2.

AggRec Recipient benefits with respect to agglomeration economics. The largest extent
to get closer to competitors a BG firm could contribute by allowing affiliated
firms to relocate their employees towards it. See Appendix II.A.2.

Size Total assets in logarithm.
Age Firm age.
Relative size Firm asset divided by BG asset.
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Description of variables (continued).

Variable Definition
Small firm Dummy. Equals one if a firm has fewer than 10 employees, and zero otherwise.
Education A firm’s weighted average of employee education ranks (4 categories). See

Appendix II.A.3.
Qualification A firm’s weighted average of employee qualification ranks (3 categories). See

Appendix II.A.3.
Enabling share Fraction of occupations of enabling functions. See Section II.3.4.
mc Managerial capabilities. See Section II.3.4.
con Concentration level of managerial capabilities. See Section II.3.4.
imb Imbalance of managerial capabilities across BG member firms. See Section

II.3.4.
Panel B: BG-level variables
Entry Dummy. Equals one if a BG gains its presence in a county for the first time in

the sample period. Equals zero otherwise.
Entry count Number of counties a BG enters.
Entry LW Equals the fraction of workers added by entering counties.
Exit Dummy. Equals one if a BG loses its presence in a county. Equals zero

otherwise.
Exit count Number of counties a BG exits from.
Exit LW Equals the fraction of workers lost by exiting from counties.
Cost Labor-weighted average of the firm-level version.
Short Labor-weighted average of the firm-level version.
Fit Labor-weighted average of the firm-level version.
Agg Labor-weighted average of the firm-level version.
CostBG Labor-weighted average of donor benefits with respect to labor costs.
ShortBG Labor-weighted average of donor benefits with respect to labor shortage.
FitBG Labor-weighted average of donor benefits with respect to labor fit.
AggBG Labor-weighted average of donor benefits with respect to agglomeration

economics.
Size Total assets of all firms with a BG in logarithm.
Age Labor-weighted average of the firm-level version.
Education Labor-weighted average of the firm-level version.
Qualification Labor-weighted average of the firm-level version.
Enabling share Labor-weighted average of the firm-level version.
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II.B Figures

(a) (b) (c)

Figure II.1: Geographical distribution of BG firms across Germany. This figure plots the
distribution of BG firms across 400 German counties from 2005 to 2017. Each variable plotted is calculated
at the county-year level, averaged across all sample years, sorted into quintiles and marked with different
colors. The range of each quintiles is given in the legend of each panel. Figure II.1(a) plots the number of
BG firms as a percentage of all firms. Figure II.1(b) plots the total number of employees of BG firms as a
percentage of the total number of employees of all firms. Figure II.1(c) plots the total amount of asset owned
by BG firms as a percentage of the total assets of all firms.
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II.C Tables

Table II.1: Summary statistics. This table provides descriptive statistics for all variables used in our
main analyses. All variables are defined in Table II.A1.
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Summary statistics (continued).

N Mean SD P1 P25 P50 P75 P99
Panel A: Firm-level variables
Employment growth (%) 97,390 1.936 24.224 -83.974 -4.138 1.096 8.418 78.594
Int. emp. growth (%) 97,390 0.042 8.948 -21.818 -0.989 0.000 0.962 23.077
Ext. emp. growth (%) 97,390 1.893 21.781 -68.182 -3.802 0.976 7.947 66.667
Exit (%) 97,390 0.813 8.981 0.000 0.000 0.000 0.000 0.000
Exit LW (%) 97,390 0.141 2.427 0.000 0.000 0.000 0.000 0.000
Cost 97,390 4.776 0.266 4.138 4.608 4.766 4.944 5.418
Short 97,390 0.000 0.019 -0.053 -0.009 0.000 0.009 0.056
Fit 97,390 -0.869 0.233 -1.409 -1.033 -0.879 -0.700 -0.388
Agg 97,390 7.933 1.528 3.932 7.007 7.971 8.941 11.108
CostDon 97,390 0.000 1.000 -0.659 -0.659 -0.659 0.477 3.378
ShortDon 97,390 0.000 1.000 -0.580 -0.580 -0.580 0.264 4.311
FitDon 97,390 0.000 1.000 -0.608 -0.608 -0.608 0.332 3.678
AggDon 97,390 0.000 1.000 -0.615 -0.615 -0.615 0.352 3.352
CostRec 97,390 0.000 1.000 -0.198 -0.198 -0.198 -0.179 8.149
ShortRec 97,390 0.000 1.000 -0.229 -0.229 -0.229 -0.192 7.278
FitRec 97,390 0.000 1.000 -0.228 -0.228 -0.228 -0.184 7.288
AggRec 97,390 0.000 1.000 -0.233 -0.233 -0.233 -0.186 7.243
Size 97,390 15.936 1.847 11.894 14.879 15.859 16.916 21.126
Age 97,390 25.711 30.159 2.000 9.000 17.000 28.000 146.000
Relative size 97,390 0.363 0.331 0.000 0.055 0.265 0.631 1.000
Small firm 97,390 0.100 0.300 0.000 0.000 0.000 0.000 1.000
Education 97,390 2.057 0.306 1.353 1.882 2.000 2.197 3.000
Qualification 97,390 1.820 0.444 1.000 1.480 1.880 2.090 3.000
Enabling share 97,390 0.222 0.256 0.000 0.046 0.122 0.286 1.000
mc 97,390 0.323 0.323 0.000 0.041 0.200 0.563 1.000
con 97,390 -0.006 0.209 -0.622 -0.082 -0.001 0.067 0.616
imb 97,390 0.153 0.152 0.002 0.047 0.105 0.208 0.712
Industry Tobin’s Q 97,390 1.775 0.857 1.122 1.440 1.650 1.952 2.933
County GDP growth 88,852 0.030 0.040 -0.090 0.013 0.032 0.049 0.132
Panel B: BG-level variables
Entry (%) 35,901 3.565 18.543 0.000 0.000 0.000 0.000 100.000
Entry count 35,901 0.052 0.350 0.000 0.000 0.000 0.000 1.000
Entry LW (%) 35,901 0.789 6.035 0.000 0.000 0.000 0.000 29.374
Exit (%) 35,901 2.072 14.246 0.000 0.000 0.000 0.000 100.000
Exit count 35,901 0.034 0.336 0.000 0.000 0.000 0.000 1.000
Exit LW (%) 35,901 0.520 5.114 0.000 0.000 0.000 0.000 17.568
Cost 35,901 0.000 1.000 -1.933 -0.657 -0.133 0.509 3.074
Short 35,901 0.000 1.000 -2.993 -0.452 -0.006 0.459 3.121
Fit 35,901 0.000 1.000 -2.454 -0.722 0.028 0.685 2.166
Agg 35,901 0.000 1.000 -0.541 -0.443 -0.312 0.013 3.852
CostBG 35,901 0.000 1.000 -0.609 -0.609 -0.551 0.252 3.784
ShortBG 35,901 0.000 1.000 -0.576 -0.576 -0.521 0.203 4.204
FitBG 35,901 0.000 1.000 -0.610 -0.610 -0.579 0.246 3.710
AggBG 35,901 0.000 1.000 -0.390 -0.390 -0.390 -0.111 4.734
Size 35,901 17.258 1.731 13.531 16.207 17.062 18.174 22.343
Age 35,901 30.065 30.711 2.093 12.500 20.674 36.369 137.579
Education 35,901 2.023 0.244 1.424 1.888 2.000 2.134 2.734
Qualification 35,901 1.786 0.355 1.032 1.536 1.813 2.021 2.714
Enabling share 35,901 0.195 0.194 0.000 0.066 0.134 0.246 0.930
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Table II.2: Firm growth and benefits from reallocation. This table reports panel regressions of
firm-level employment growth against donor benefits, recipient benefits, control variables, and fixed effects.
Employment growth is calculated as the net rate of hiring and separation. All independent variables are
lagged by one year. CostDon, ShortDon, FitDon and AggDon measure the potential for a BG firm to
reduce labor cost, relieve labor shortage, improve labor fit, and exploit agglomeration economies by hiring
its employees in another county where the BG is present. CostRec, ShortRec, FitRec and AggRec measure
the potential for a BG firm to contribute to reducing labor cost, relieving labor shortage, improving labor
fit, and exploiting agglomeration economies by allowing affiliated firms to relocate their employees towards
it. All eight relocation benefit variables are normalized to zero mean and unit standard deviation. All other
variables are defined in Table II.A1 in the Appendix. Standard errors are clustered at the firm-level and
t-statistics are presented in parentheses below the coefficients. *, **, *** indicate significance at the 10%,
5%, and 1% level, respectively.
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Firm growth and opportunities for reallocation (continued).

Dep. var. Employment growth(%)
(1) (2) (3) (4) (5)

CostDon
t−1 -0.496*** -0.525*** -0.483*** -0.561*** -0.633***

(-3.88) (-4.03) (-3.60) (-4.19) (-4.69)
ShortDon

t−1 -0.314*** -0.380*** -0.353*** -0.488*** -0.376***
(-2.85) (-3.46) (-3.05) (-4.23) (-3.23)

FitDon
t−1 -0.217** -0.278** -0.522*** -0.635*** -0.316**

(-1.99) (-2.50) (-4.05) (-4.88) (-2.21)
CostRec

t−1 0.050 0.000 0.026 0.040 0.158
(0.37) (-0.00) (0.19) (0.30) (1.14)

ShortRec
t−1 0.333** 0.725*** 0.735*** 0.495*** 0.361***

(2.51) (5.44) (5.51) (3.76) (2.71)
FitRec

t−1 0.419*** 0.844*** 0.855*** 0.602*** 0.333**
(2.73) (5.43) (5.50) (3.83) (1.98)

AggDon
t−1 -0.743***

(-5.39)
AggRec

t−1 0.647***
(3.98)

Sizet−1 -0.670*** -0.647*** -1.122*** -1.101***
(-8.81) (-8.47) (-14.13) (-13.88)

Aget−1 -0.035*** -0.035*** -0.026*** -0.026***
(-8.17) (-8.28) (-6.43) (-6.41)

Relative sizet−1 0.986*** 0.867** 4.463*** 4.338***
(2.87) (2.52) (10.70) (10.38)

Small firmt−1 -11.561*** -11.654*** -15.821*** -16.099***
(-22.37) (-22.49) (-27.63) (-27.77)

Costt−1 0.108 0.870 0.844
(0.08) (0.66) (0.64)

Shortt−1 9.454 13.954 12.162
(1.00) (1.49) (1.29)

Fitt−1 -3.804*** -4.834*** -3.297**
(-2.92) (-3.71) (-2.46)

Aggt−1 -0.194 -0.153 -0.444***
(-1.30) (-1.03) (-2.81)

Educationt−1 7.745*** 7.702***
(13.79) (13.71)

Qualificationt−1 1.345*** 1.318***
(3.52) (3.44)

Enabling sharet−1 7.164*** 7.125***
(11.08) (11.00)

mct−1 -6.651*** -6.711***
(-16.88) (-16.99)

Industry × year FE Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes
Adj. R2 0.012 0.032 0.032 0.050 0.051
N 97,389 97,389 97,389 97,389 97,389
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Table II.3: Operational mobility. This table reports panel regressions of firm-level employment growth
against donor benefits, recipient benefits, control variables, and fixed effects, replicating Table II.2, col-
umn 5 for three sets of subsamples. The sample is split at the median of three variables: Tangibility,
Capital intensity, and Remotabilty each measured on the industry level. Tangibility is measured by the
ratio of tangible assets to total value added. Capital intensity is measured by the ratio of tangible assets
to employment size. Remotabilty is measured by the ratio of gross software investment to tangible assets.
The data is taken from Bontadini et al., 2023. Employment growth is calculated as the net rate of hiring
and separation. All independent variables are lagged by one year. All eight relocation benefit variables are
normalized to zero mean and unit standard deviation. All other variables are defined in Table II.A1 in the
Appendix. Standard errors are clustered at the firm-level and t-statistics are presented in parentheses below
the coefficients. *, **, *** indicate significance at the 10%, 5%, and 1% level, respectively.
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Operational mobility (continued).

Dep. var.: Tangibility Capital intensity Remote work
Employment growth (%) High Low High Low Difficult Easy

(1) (2) (3) (4) (5) (6)

CostDon
t−1 -0.435** -0.810*** -0.495** -0.794*** -0.412* -0.794***

(-2.01) (-4.37) (-2.54) (-4.05) (-1.95) (-4.25)
ShortDon

t−1 -0.136 -0.613*** -0.262* -0.482** -0.018 -0.640***
(-0.86) (-3.32) (-1.71) (-2.52) (-0.11) (-3.55)

FitDon
t−1 -0.116 -0.478** -0.165 -0.423** -0.239 -0.474**

(-0.52) (-2.42) (-0.82) (-2.00) (-1.10) (-2.33)
CostRec

t−1 0.411 0.143 0.345 0.136 0.379 0.156
(1.32) (0.91) (1.29) (0.83) (1.28) (0.99)

ShortRec
t−1 0.160 0.474*** 0.140 0.558*** 0.161 0.494***

(0.62) (2.92) (0.65) (3.07) (0.64) (3.03)
FitRec

t−1 0.281 0.393* 0.225 0.503** 0.262 0.463**
(0.94) (1.84) (0.88) (2.19) (0.90) (2.11)

AggDon
t−1 -1.060*** -0.498** -0.773*** -0.728*** -1.160*** -0.452**

(-5.35) (-2.44) (-3.98) (-3.62) (-5.78) (-2.21)
AggRec

t−1 0.783** 0.597*** 0.631** 0.630*** 0.784** 0.559***
(2.35) (3.20) (2.26) (3.13) (2.36) (2.99)

Sizet−1 -1.318*** -0.916*** -1.254*** -1.004*** -1.246*** -0.984***
(-11.94) (-7.69) (-11.37) (-8.70) (-11.40) (-8.35)

Aget−1 -0.022*** -0.033*** -0.022*** -0.033*** -0.021*** -0.032***
(-4.00) (-6.77) (-4.53) (-6.02) (-3.98) (-6.39)

Relative sizet−1 4.839*** 4.207*** 4.605*** 4.221*** 4.825*** 4.232***
(8.06) (6.84) (7.78) (6.99) (8.17) (6.87)

Small firmt−1 -16.890*** -15.816*** -16.098*** -16.131*** -17.009*** -15.586***
(-18.10) (-21.13) (-18.86) (-20.47) (-18.05) (-20.90)

Costt−1 3.497* -0.997 3.781* -1.911 1.567 0.430
(1.84) (-0.47) (1.94) (-0.96) (0.81) (0.21)

Shortt−1 -6.138 19.624 13.815 10.842 -5.489 13.180
(-0.47) (1.23) (1.03) (0.70) (-0.42) (0.83)

Fitt−1 -0.787 -3.871** -0.213 -3.898* -1.569 -4.082**
(-0.38) (-2.04) (-0.11) (-1.91) (-0.78) (-2.05)

Aggt−1 -0.432** -0.606** -0.195 -1.157*** -0.580*** -0.421
(-2.02) (-2.34) (-1.00) (-4.00) (-2.78) (-1.60)

Educationt−1 8.926*** 6.986*** 7.709*** 7.830*** 8.777*** 6.896***
(10.69) (8.89) (9.13) (10.33) (10.55) (8.78)

Qualificationt−1 0.973* 1.534*** 1.132** 1.472*** 0.812 1.740***
(1.72) (2.81) (2.06) (2.66) (1.46) (3.15)

Enabling sharet−1 6.793*** 7.008*** 6.364*** 7.543*** 6.899*** 6.910***
(6.45) (8.28) (6.58) (8.53) (6.59) (8.19)

mct−1 -6.439*** -7.189*** -6.534*** -6.824*** -6.486*** -7.075***
(-11.23) (-12.45) (-11.53) (-11.99) (-11.41) (-12.30)

Industry × year FE Yes Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.050 0.051 0.047 0.057 0.048 0.051
N 48,470 48,316 48,332 48,444 48,231 48,574
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Table II.4: Occupation characteristics. This table reports panel regressions of firm-level growth for
various occupations characterized by low, medium, and high Education, Qualification, and Taskcomplexity

as well as non-managerial vs. managerial occupations against donor benefits, recipient benefits, control
variables, and fixed effects. The control variables and fixed effects are the same as in column (5) of Table II.2.
All independent variables are lagged by one year. All eight relocation benefit variables are normalized to zero
mean and unit standard deviation. All other variables are defined in Table II.A1 in the Appendix. Standard
errors are clustered at the firm-level and t-statistics are presented in parentheses below the coefficients. *,
**, *** indicate significance at the 10%, 5%, and 1% level, respectively.
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Table II.5: Movements of jobs and movements of employees. This table reports panel regressions
of firm-level internal and external employment growth against donor benefits, recipient benefits, control
variables, and fixed effects. Internal employment growth is calculated as the net rate of hiring and separation
from/to affiliated firms. External employment growth is calculated as the net rate of hiring and separation
from/to the outside labor market. All independent variables are lagged by one year. All eight relocation
benefit variables are normalized to zero mean and unit standard deviation. All other variables are defined in
Table II.A1 in the Appendix. Standard errors are clustered at the firm-level and t-statistics are presented in
parentheses below the coefficients. *, **, *** indicate significance at the 10%, 5%, and 1% level, respectively.
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Movements of jobs and movements of employees (continued).

Dependent variable % Ext.
Internal employment growth(%) External employment growth(%)

(1) (2) (3) (4) (5) (6) (7)

CostDon
t−1 -0.116*** -0.088** -0.112** -0.514*** -0.504*** -0.521*** 82.4%

(-2.72) (-1.98) (-2.48) (-4.29) (-4.08) (-4.23)
ShortDon

t−1 -0.115*** -0.114*** -0.145*** -0.205** -0.167 -0.231** 61.5%
(-3.09) (-2.96) (-3.74) (-2.01) (-1.55) (-2.16)

FitDon
t−1 0.045 -0.015 -0.031 -0.120 -0.263** -0.285** 90.1%

(1.11) (-0.31) (-0.66) (-1.07) (-2.03) (-2.17)
CostRec

t−1 -0.060 -0.054 -0.053 0.186 0.210* 0.210* 133.6%
(-1.05) (-0.94) (-0.93) (1.48) (1.66) (1.68)

ShortRec
t−1 0.126** 0.126** 0.090 0.400*** 0.409*** 0.271** 75.0%

(2.14) (2.14) (1.53) (3.32) (3.40) (2.28)
FitRec

t−1 0.121* 0.124* 0.099 0.344** 0.346** 0.234 70.2%
(1.77) (1.80) (1.44) (2.36) (2.38) (1.59)

AggDon
t−1 -0.083* -0.085* -0.134*** -0.410*** -0.470*** -0.608*** 81.9%

(-1.96) (-1.89) (-2.96) (-3.49) (-3.74) (-4.79)
AggRec

t−1 0.166*** 0.167*** 0.118* 0.717*** 0.726*** 0.529*** 81.8%
(2.66) (2.67) (1.89) (4.96) (5.00) (3.64)

Sizet−1 -0.022 -0.018 -0.092*** -0.642*** -0.617*** -1.009*** 91.7%
(-0.89) (-0.69) (-3.46) (-9.28) (-8.88) (-13.95)

Aget−1 -0.005*** -0.005*** -0.003** -0.031*** -0.031*** -0.023*** 89.5%
(-3.99) (-4.01) (-2.36) (-7.88) (-7.98) (-6.42)

Relative sizet−1 -0.338*** -0.360*** 0.622*** 1.254*** 1.138*** 3.716*** 85.7%
(-2.93) (-3.11) (4.66) (3.93) (3.55) (9.62)

Small firmt−1 -1.474*** -1.494*** -2.329*** -10.429*** -10.514*** -13.770*** 85.5%
(-7.10) (-7.18) (-10.45) (-22.01) (-22.13) (-26.37)

Costt−1 -0.854* -0.675 1.064 1.520 180.0%
(-1.87) (-1.48) (0.88) (1.26)

Shortt−1 2.217 3.104 6.554 9.059 74.5%
(0.68) (0.95) (0.76) (1.06)

Fitt−1 -0.865* -1.001** -1.844 -2.295* 69.6%
(-1.94) (-2.26) (-1.50) (-1.87)

Aggt−1 -0.045 -0.052 -0.374** -0.392*** 88.3%
(-0.87) (-1.00) (-2.52) (-2.67)

Educationt−1 1.230*** 6.472*** 84.0%
(6.00) (12.61)

Qualificationt−1 0.125 1.194*** 90.6%
(0.88) (3.39)

Enabling sharet−1 1.359*** 5.766*** 80.9%
(5.44) (9.86)

mct−1 -1.883*** -4.828*** 71.9%
(-14.98) (-13.27)

Industry × year FE Yes Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes Yes
Adj. R2 -0.001 -0.001 0.003 0.040 0.040 0.054
N 97,389 97,389 97,389 97,389 97,389 97,389
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Table II.6: Hiring and separation. This table replicates in Panel A firm-level regressions from Table
II.2 (column 5) but replaces the dependent variables with measures of hiring and separation. All variables
are defined in Table II.A1 in the Appendix. Standard errors are clustered at the firm-level and t-statistics
are presented in parentheses below the coefficients. *, **, *** indicate significance at the 10%, 5%, and 1%
level, respectively.

Dep. var. Hire(%) Separation(%)
(1) (2) (3) (4) (5) (6)

CostDon
t−1 -0.360*** -0.392*** -0.467*** 0.270** 0.201 0.166

(-2.86) (-3.00) (-3.58) (2.20) (1.58) (1.30)
ShortDon

t−1 0.049 0.056 -0.023 0.368*** 0.337*** 0.353***
(0.54) (0.59) (-0.25) (3.97) (3.48) (3.67)

FitDon
t−1 0.084 -0.017 -0.058 0.159 0.261* 0.258*

(0.70) (-0.12) (-0.42) (1.30) (1.85) (1.84)
CostRec

t−1 -0.457*** -0.459*** -0.453*** -0.584*** -0.616*** -0.611***
(-3.61) (-3.62) (-3.59) (-4.95) (-5.22) (-5.22)

ShortRec
t−1 0.020 0.019 -0.050 -0.506*** -0.517*** -0.411***

(0.17) (0.16) (-0.42) (-4.70) (-4.80) (-3.83)
FitRec

t−1 0.318** 0.317** 0.277* -0.148 -0.153 -0.055
(2.10) (2.09) (1.83) (-1.03) (-1.06) (-0.38)

AggDon
t−1 0.132 0.252* 0.132 0.624*** 0.807*** 0.875***

(1.07) (1.90) (0.98) (4.98) (5.98) (6.55)
AggRec

t−1 0.413*** 0.426*** 0.332** -0.470*** -0.466*** -0.315**
(2.79) (2.88) (2.25) (-3.26) (-3.23) (-2.15)

Sizet−1 -1.970*** -1.978*** -2.072*** -1.306*** -1.344*** -0.972***
(-26.18) (-26.22) (-26.98) (-18.11) (-18.58) (-13.31)

Aget−1 -0.049*** -0.049*** -0.046*** -0.014*** -0.014*** -0.020***
(-10.06) (-10.06) (-9.58) (-4.31) (-4.29) (-5.74)

Relative sizet−1 2.950*** 2.965*** 5.154*** 2.035*** 2.188*** 0.816**
(8.78) (8.78) (12.98) (5.88) (6.28) (2.06)

Small firmt−1 -4.563*** -4.570*** -6.183*** 7.341*** 7.438*** 9.915***
(-12.07) (-12.06) (-15.68) (14.36) (14.53) (18.03)

Costt−1 1.740 2.288* 1.530 1.444
(1.32) (1.74) (1.17) (1.12)

Shortt−1 -1.615 0.181 -10.386 -11.981
(-0.21) (0.02) (-1.37) (-1.59)

Fitt−1 -2.423* -2.799** 0.286 0.497
(-1.78) (-2.05) (0.21) (0.38)

Aggt−1 0.379** 0.368** 0.799*** 0.813***
(2.32) (2.25) (5.03) (5.11)

Educationt−1 2.541*** -5.162***
(4.63) (-9.78)

Qualificationt−1 -1.438*** -2.756***
(-3.85) (-7.67)

Enabling sharet−1 3.594*** -3.531***
(6.18) (-6.03)

mct−1 -4.290*** 2.422***
(-11.57) (6.58)

Industry × year FE Yes Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.167 0.168 0.172 0.147 0.148 0.162
N 97,389 97,389 97,389 97,389 97,389 97,389
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Table II.7: Managerial capabilities. This table reports panel regressions of firm-level employment
growth against donor benefits, recipient benefits, control variables, and fixed effects, replicating Table II.2,
column 5 for three sets of subsamples. The sample is split at the median of three variables: mc, con, and
imb. mc is the employment share of the focal firm for enabling functions relative to the whole group. con

is the difference between a focal firm’s mc and its employment share in its group. imb is employment-
weighted average of the absolute values of con. Employment growth is calculated as the net rate of hiring
and separation. All independent variables are lagged by one year. All eight relocation benefit variables are
normalized to zero mean and unit standard deviation. All other variables are defined in Table II.A1 in the
Appendix. Standard errors are clustered at the firm-level and t-statistics are presented in parentheses below
the coefficients. *, **, *** indicate significance at the 10%, 5%, and 1% level, respectively.
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Managerial capabilities (continued).

Dep. var.: Employment growth (%)
Subsample: mc con imb

Low High Low High Low High
(1) (2) (3) (4) (5) (6)

CostDon
t−1 -0.916*** -0.368** -0.615*** -0.702*** -0.541*** -0.692***

(-4.29) (-2.08) (-3.01) (-3.65) (-3.00) (-3.21)
ShortDon

t−1 -0.311* -0.178 -0.244 -0.518*** -0.688*** -0.070
(-1.71) (-1.16) (-1.45) (-2.97) (-4.14) (-0.38)

FitDon
t−1 -0.678*** 0.056 -0.162 -0.561*** -0.796*** 0.086

(-3.04) (0.30) (-0.81) (-2.64) (-4.08) (0.40)
CostRec

t−1 0.140 6.015** 0.639 0.174 0.274* -0.105
(0.90) (1.98) (1.26) (1.07) (1.67) (-0.28)

ShortRec
t−1 0.356** 0.381 0.801* 0.224 0.384** 0.365

(2.47) (0.23) (1.76) (1.59) (2.29) (1.37)
FitRec

t−1 0.192 0.671 0.164 0.376** 0.339* 0.416
(1.06) (0.34) (0.41) (1.96) (1.69) (1.27)

AggDon
t−1 -1.101*** -0.464** -0.727*** -0.691*** -0.950*** -0.442**

(-5.35) (-2.45) (-3.99) (-3.29) (-4.93) (-2.15)
AggRec

t−1 0.500*** 1.226 0.830** 0.686*** 0.676*** 0.625**
(2.88) (1.02) (2.16) (3.79) (3.41) (2.11)

Sizet-1 -1.498*** -0.778*** -0.870*** -1.302*** -1.123*** -1.059***
(-11.98) (-8.04) (-7.96) (-11.16) (-9.84) (-9.62)

Aget-1 -0.048*** -0.020*** -0.032*** -0.023*** -0.024*** -0.030***
(-7.20) (-4.44) (-4.21) (-4.91) (-4.46) (-5.64)

Relative sizet−1 5.820*** 2.444*** 3.325*** 5.497*** 5.899*** 3.493***
(8.30) (4.68) (5.76) (8.43) (8.96) (6.25)

Small firmt−1 -17.783*** -18.481*** -17.224*** -16.862*** -17.282*** -15.703***
(-22.78) (-17.76) (-15.80) (-23.81) (-20.59) (-19.49)

Costt−1 0.916 1.164 2.816 -0.785 1.747 0.123
(0.44) (0.71) (1.52) (-0.40) (0.92) (0.07)

Shortt−1 5.885 20.771* -12.157 42.911*** 7.865 16.176
(0.40) (1.66) (-0.92) (2.93) (0.55) (1.15)

Fitt−1 -6.365*** -1.704 -1.441 -3.437* -7.760*** -0.073
(-2.72) (-1.06) (-0.76) (-1.77) (-3.94) (-0.04)

Aggt−1 -1.263*** 0.165 -0.711*** -0.265 -0.378* -0.539**
(-4.63) (0.88) (-3.31) (-1.10) (-1.67) (-2.41)

Educationt−1 8.577*** 5.357*** 9.111*** 6.507*** 8.125*** 7.288***
(10.69) (7.12) (11.57) (7.91) (9.67) (9.68)

Qualificationt−1 1.452*** 1.175** 1.644*** 1.024* 0.943 1.410***
(2.66) (2.23) (3.19) (1.72) (1.59) (2.77)

Enabling sharet−1 9.287*** 9.708*** -3.786** 10.582*** 6.677*** 7.791***
(9.26) (11.34) (-2.47) (12.30) (7.04) (8.76)

mct−1 -30.425*** -2.309*** -5.996*** -7.253*** -9.368*** -5.459***
(-11.58) (-4.16) (-9.12) (-11.61) (-14.76) (-10.52)

Industry × year FE Yes Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.063 0.049 0.043 0.056 0.055 0.046
N 48,333 48,378 48,406 48,347 48,372 48,386
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Table II.8: Firm-level analysis of exits. This table reports panel regressions of firm-level exiting deci-
sion variables against donor benefits, recipient benefits, control variables, and fixed effects. Exit equals one
if a firm is no longer affiliated and, consequently, the BG loses its presence in a county. Labor-weighted exit

is calculated as the fraction of BG employees lost after exiting a county. All independent variables are lagged
by one year. All eight variables relocation benefit are normalized to zero mean and unit standard deviation.
All other variables are defined in Table II.A1 in the Appendix. Standard errors are clustered at the firm-level
and t-statistics are presented in parentheses below the coefficients. *, **, *** indicate significance at the
10%, 5%, and 1% level, respectively.
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Firm-level analysis of exits (continued).

Dep. var. Exit(%) Exit LW(%)
(1) (2) (3) (4) (5) (6)

CostDon
t−1 0.159*** 0.135*** 0.129** 0.029** 0.024* 0.027**

(3.17) (2.68) (2.57) (2.29) (1.83) (2.09)
ShortDon

t−1 0.173*** 0.191*** 0.185*** 0.017 0.017 0.020
(3.37) (3.69) (3.56) (1.33) (1.29) (1.50)

FitDon
t−1 0.193*** 0.225*** 0.219*** 0.025* 0.040** 0.041***

(3.60) (3.93) (3.82) (1.88) (2.54) (2.63)
CostRec

t−1 -0.141** -0.151*** -0.150*** -0.038*** -0.040*** -0.040***
(-2.56) (-2.74) (-2.73) (-4.76) (-5.06) (-5.06)

ShortRec
t−1 0.114** 0.112** 0.108* -0.016** -0.017** -0.014*

(1.99) (1.96) (1.88) (-2.03) (-2.07) (-1.81)
FitRec

t−1 0.162** 0.162** 0.160** -0.014** -0.014** -0.013**
(2.39) (2.39) (2.36) (-2.42) (-2.47) (-2.34)

AggDon
t−1 0.443*** 0.469*** 0.461*** 0.057*** 0.060*** 0.064***

(8.08) (8.49) (8.32) (4.04) (3.96) (4.18)
AggRec

t−1 -0.075 -0.078 -0.082 -0.016*** -0.016*** -0.014***
(-1.35) (-1.39) (-1.47) (-3.30) (-3.43) (-2.86)

Sizet-1 0.044* 0.035 0.028 0.010 0.008 0.011*
(1.83) (1.45) (1.17) (1.57) (1.25) (1.66)

Aget-1 -0.003** -0.003*** -0.002** 0.000 0.000 0.000
(-2.56) (-2.58) (-2.19) (-1.11) (-1.11) (-1.41)

Relative sizet−1 -0.932*** -0.890*** -0.668*** -0.075** -0.066* -0.142***
(-8.43) (-8.07) (-5.34) (-2.12) (-1.85) (-3.42)

Small firmt−1 -0.074 -0.049 -0.131 -0.042** -0.035* 0.021
(-0.78) (-0.51) (-1.22) (-2.23) (-1.93) (1.07)

Costt−1 0.380 0.384 0.099 0.084
(0.84) (0.85) (0.74) (0.63)

Shortt−1 -9.732*** -9.562*** -1.083 -1.165
(-2.81) (-2.76) (-1.09) (-1.17)

Fitt−1 0.337 0.328 0.208* 0.216*
(0.87) (0.85) (1.84) (1.90)

Aggt−1 0.143*** 0.139*** 0.022 0.023
(2.74) (2.67) (1.52) (1.55)

Educationt−1 0.004 0.004
(0.02) (0.11)

Qualificationt−1 0.277*** -0.008
(2.59) (-0.31)

Enabling sharet−1 -0.280* -0.123***
(-1.77) (-3.05)

mct−1 -0.405*** 0.153***
(-4.09) (3.90)

Industry × year FE Yes Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.030 0.030 0.030 0.013 0.013 0.013
N 97,389 97,389 97,389 97,389 97,389 97,389
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Table II.9: Group-level analysis. This table reports panel regressions of BG-level entry and exit
decision variables against BG-level relocation benefits, control variables and fixed effects. Entry dummy

(Exit dummy) equals one if a BG enters (leaves) a county. Entry count (Exit count) is the number of
counties a BG enters (leaves). Entry LW (Exit LW ) is the fraction of BG employees gained (lost) by
entering (leaving) counties. All independent variables are lagged by one year. CostBG, ShortBG, FitBG and
AggBG measure the potential for a BG to reduce labor cost, relieve labor shortage, improve labor fit, and
exploit agglomeration economies by relocating employees across counties where the BG is present. All four
relocation benefit variables are normalized to zero mean and unit standard deviation. All other variables are
defined in Table II.A1 in the Appendix. Standard errors are clustered at the firm-level and t-statistics are
presented in parentheses below the coefficients. *, **, *** indicate significance at the 10%, 5%, and 1% level,
respectively.

Dep. var. Exit Entry
Dummy(%) Count LW(%) Dummy(%) Count LW(%)

(1) (2) (3) (4) (5) (6)

CostBG
t−1 -2.517*** -0.044*** -0.610*** 1.795*** 0.041*** 0.429***

(-5.57) (-4.46) (-3.34) (4.77) (4.67) (2.89)
ShortBG

t−1 -1.314*** -0.022*** -0.331*** 0.575*** 0.017*** 0.219***
(-6.49) (-4.60) (-4.62) (3.83) (2.88) (3.80)

FitBG
t−1 -2.165*** -0.035*** -0.934*** 2.225*** 0.046*** 0.559***

(-4.23) (-3.26) (-4.17) (4.85) (4.46) (3.10)
AggBG

t−1 -0.843* -0.016 -0.444*** 1.444*** 0.042*** 0.443*
(-1.76) (-1.47) (-2.60) (2.95) (3.29) (1.93)

Sizet−1 -0.409 -0.022* -0.698*** 0.953*** 0.030*** 0.240*
(-1.30) (-1.88) (-4.65) (3.28) (2.99) (1.71)

Aget−1 -0.029 0.000 0.005 -0.019 -0.001 -0.006
(-1.46) (0.21) (0.59) (-1.25) (-1.23) (-0.78)

Costt−1 0.041** 0.001*** 0.023*** -1.618*** -0.042*** -0.441
(2.12) (2.62) (2.81) (-2.89) (-2.77) (-1.55)

Shortt−1 11.325** 0.065 3.487** -0.039 -0.001 -0.007
(2.31) (0.78) (2.07) (-0.66) (-0.78) (-0.29)

Fitt−1 -0.312 0.023 0.438 0.759 0.013 0.086
(-0.11) (0.26) (0.32) (1.46) (1.03) (0.35)

Aggt−1 0.001 0.000 0.002 -0.075 -0.005 -0.138
(0.05) (-0.49) (0.28) (-0.13) (-0.44) (-0.41)

Educationt−1 -0.738 0.095* 2.267*** -1.082 -0.071* -1.398*
(-0.43) (1.74) (2.84) (-0.67) (-1.86) (-1.76)

Qualificationt−1 -0.543 0.004 0.393 -0.334 0.020 -0.446
(-0.48) (0.19) (0.74) (-0.33) (0.82) (-0.88)

Enabling sharet−1 -0.084 0.055 1.985* -2.999** -0.087** -1.018
(-0.05) (1.45) (1.94) (-2.20) (-2.54) (-1.51)

Year FE Yes Yes Yes Yes Yes Yes
BG FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.163 0.174 0.114 0.148 0.116 0.119
N 35,901 35,901 35,901 35,901 35,901 35,901
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Table II.10: Extended local labor markets. This table replicates in Panel A firm-level regressions
from Table II.2 (column 5), Table II.5 (columns 3 and 6), and Table II.8 (columns 3 and 6) and in Panel
B BG-level regressions from Table II.9 (columns 1 to 6) using a different definition of local labor markets.
For each firm in county c, the definition of the local labor market includes all firms and employees located
in county c and all those located in counties that share at least one border with county c. The local labor
market characteristics for each focal county c (labor cost, shortage, fit, and agglomeration) are calculated as
the worker-weighted average of the respective county-level variables across the focal county and its adjacent
counties. All other variables are defined as above. Standard errors are clustered at the firm-level and t-
statistics are presented in parentheses below the coefficients. *, **, *** indicate significance at the 10%, 5%,
and 1% level, respectively.

Panel A: Firm-level regressions
Dep. var.: Employment growth Exit

Total (%) Internal (%) External (%) % Ext. Dummy (%) LW (%)
(1) (2) (3) (4) (5) (6)

CostDon
t−1 -0.592*** -0.079* -0.513*** 86.6% 0.094* 0.020

(-4.39) (-1.78) (-4.12) (1.84) (1.58)
ShortDon

t−1 -0.344*** -0.186*** -0.158 45.8% 0.214*** 0.020
(-3.04) (-4.91) (-1.52) (4.18) (1.57)

FitDon
t−1 -0.513*** -0.102** -0.411*** 80.1% 0.390*** 0.058***

(-3.82) (-2.26) (-3.35) (7.39) (4.23)
CostRec

t−1 -0.128 -0.093 -0.034 26.9% -0.072 -0.031***
(-0.83) (-1.52) (-0.25) (-1.19) (-4.23)

ShortRec
t−1 0.275** 0.037 0.238** 86.6% -0.010 -0.020***

(2.05) (0.70) (2.04) (-0.19) (-3.08)
FitRec

t−1 0.691*** 0.180*** 0.511*** 73.9% 0.210*** -0.013**
(4.41) (3.00) (3.60) (3.20) (-2.48)

AggDon
t−1 -0.847*** -0.099** -0.748*** 88.3% 0.304*** 0.048***

(-6.11) (-2.15) (-5.81) (5.95) (3.45)
AggRec

t−1 0.563*** 0.111* 0.452*** 80.3% -0.083 -0.014**
(3.78) (1.79) (3.36) (-1.55) (-2.49)

Industry × year FE Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes
Adj. R2 0.051 0.004 0.055 0.031 0.013
N 97,389 97,389 97,389 97,389 97,389

139



Extended local labor markets (continued).
Panel B: BG-level regressions
Dep. var. Exit Entry

Dummy(%) Count LW(%) Dummy(%) Count LW(%)
(1) (2) (3) (4) (5) (6)

Dummy (%) Count LW (%) Dummy (%) Count LW (%)
CostBG

t−1 -2.918*** -0.052*** -0.823*** 2.375*** 0.048*** 0.505**
(-5.01) (-4.36) (-3.49) (5.04) (4.94) (2.52)

ShortBG
t−1 -1.145*** -0.016*** -0.258*** 0.248 0.012* 0.117**

(-5.68) (-3.50) (-3.69) (1.64) (1.91) (2.13)
FitBG

t−1 -1.147** -0.022* -0.621** 2.124*** 0.042*** 0.511**
(-1.97) (-1.83) (-2.43) (4.24) (3.06) (2.33)

AggBG
t−1 -3.310*** -0.059*** -1.309*** 3.046*** 0.081*** 1.190***

(-5.75) (-4.56) (-5.71) (5.49) (5.14) (5.86)

Year FE Yes Yes Yes Yes Yes Yes
BG FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.165 0.175 0.116 0.151 0.119 0.122
N 35,901 35,901 35,901 35,901 35,901 35,901
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Table II.11: Standalone firms as a counterfactual. This table replicates the firm-level regressions
from Table II.2 (column 5) using matched BG and standalone firms. We match each BG firm to a comparable
standalone firm. The matching is done in two steps. In the first step, all BG and standalone firm observations
are assigned to cells constructed by crossing county codes (400), 2-digit NACE Rev. 2 industry codes (84),
number of establishments (4 categories: 1, 2-5, 6-10 and above 10) and calendar years (12). In the second
step, the Euclidean distance is calculated based on the logarithmic employment size and firm age within
each cell, for each BG firm and its matched standalone firm. Both variables are scaled by the respective
sample standard deviation of the BG firms. For each BG firm, we select the standalone firm with the
smallest Euclidean distance as its counterfactual. For matching diagnostics, see II.OA7. Column (1) and (2)
are regression results based on the subsamples of the matched BG firms and the matched standalone firms
respectively. Column (3) - (5) nest (1) and (2) into one regression model in a SUR setting. Column (5)
reports the difference between the coefficients in column (3) and (4). Standard errors are clustered at the
firm-level and t-statistics are presented in parentheses below the coefficients. *, **, *** indicate significance
at the 10%, 5%, and 1% level, respectively.
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Standalone firms as a counterfactual (continued).

Sample split SUR
Matched
BG firms

Matched
standalone

firms

Matched
BG firms

Matched
standalone

firms

(3)-(4)

(1) (2) (3) (4) (5)

CostDon
t−1 -0.420*** 0.097 -0.420*** 0.097 -0.518**

(-2.65) (0.77) (-2.65) (0.77) (-2.56)
ShortDon

t−1 -0.325** -0.005 -0.325** -0.005 -0.320*
(-2.27) (-0.04) (-2.27) (-0.04) (-1.70)

FitDon
t−1 -0.481*** -0.127 -0.481*** -0.127 -0.353

(-2.67) (-0.85) (-2.67) (-0.85) (-1.50)
CostRec

t−1 0.222 -0.044 0.222 -0.044 0.266
(1.55) (-0.34) (1.55) (-0.34) (1.38)

ShortRec
t−1 0.159 0.056 0.159 0.056 0.103

(1.05) (0.45) (1.05) (0.45) (0.53)
FitRec

t−1 0.341 -0.061 0.341 -0.061 0.402
(1.60) (-0.39) (1.60) (-0.39) (1.52)

AggDon
t−1 -0.609*** -0.035 -0.609*** -0.035 -0.574**

(-3.38) (-0.22) (-3.38) (-0.22) (-2.40)
AggRec

t−1 0.916*** -0.015 0.916*** -0.015 0.931***
(4.73) (-0.09) (4.73) (-0.09) (3.73)

Sizet−1 -1.111*** -1.201*** -1.111*** -1.201*** 0.091
(-12.43) (-10.08) (-12.43) (-10.08) (0.61)

Aget−1 -0.032*** -0.017*** -0.032*** -0.017*** -0.015**
(-6.04) (-5.70) (-6.04) (-5.70) (-2.52)

Small firmt−1 -15.626*** 0.552 -15.626*** 0.552 -16.178***
(-23.28) (1.29) (-23.28) (1.29) (-20.28)

Costt−1 -0.146 -1.779 -0.146 -1.779 1.633
(-0.08) (-1.11) (-0.08) (-1.11) (0.70)

Shortt−1 1.212 -13.580 1.212 -13.580 14.793
(0.10) (-0.90) (0.10) (-0.90) (0.77)

Fitt−1 -4.360** 0.778 -4.360** 0.778 -5.138**
(-2.54) (0.47) (-2.54) (0.47) (-2.14)

Aggt−1 -0.751*** -0.226 -0.751*** -0.226 -0.526
(-3.21) (-1.01) (-3.21) (-1.01) (-1.62)

Qualificationt−1 4.155*** 14.503*** 4.155*** 14.503*** -10.348***
(2.87) (8.26) (2.87) (8.26) (-4.56)

Educationt−1 6.041*** -7.958*** 6.041*** -7.958*** 13.999***
(4.51) (-4.94) (4.51) (-4.94) (6.69)

Enabling sharet−1 6.453*** 0.226*** 6.453*** 0.226*** 6.227***
(8.61) (2.96) (8.61) (2.96) (8.27)

Industry × year FE Yes Yes
County × year FE Yes Yes
Industry × year × affiliated FE Yes
County × year × affiliated FE Yes
Adj. R-square 0.047 0.064 0.055 0.055 0.055
N 68,134 68,022 136,156 136,156 136,156
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Table II.12: Multi-establishment standalone firms. This table replicates the firm-level regressions
from Table II.2 using establishments of multi-establishment standalone firms. The relocation relocation
benefits are recomputed among the included establishments within standalone firms and BGs. $Education$,
$Qualification$, and $mc$ are defined at the establishment-level. Each Standard errors are clustered at the
establishment-level and t-statistics are presented in parentheses below the coefficients. *, **, *** indicate
significance at the 10%, 5%, and 1% level, respectively.
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Multi-establishment standalone firms (continued).

Dep. var.: Employment growth (%)
(1) (2) (3)

CostDon
t−1 -0.310*** -0.388*** -0.365***

(-3.16) (-3.65) (-3.44)
ShortDon

t−1 -0.248** -0.201* -0.107
(-2.45) (-1.83) (-0.97)

FitDon
t−1 -0.378*** -0.334*** -0.272**

(-4.13) (-2.97) (-2.41)
CostRec

t−1 1.323*** 1.335*** 1.254***
(12.08) (12.17) (11.38)

ShortRec
t−1 0.736*** 0.733*** 0.714***

(6.75) (6.72) (6.51)
FitRec

t−1 0.425*** 0.418*** 0.447***
(3.65) (3.57) (3.79)

AggDon
t−1 -0.218** -0.297*** -0.265**

(-2.09) (-2.68) (-2.37)
AggRec

t−1 1.338*** 1.347*** 1.344***
(11.20) (11.25) (11.04)

Sizet−1 -0.127** -0.114* -0.163***
(-2.18) (-1.94) (-2.75)

Aget−1 -0.014*** -0.014*** -0.013***
(-6.43) (-6.46) (-5.64)

Small firmt−1 -13.518*** -13.531*** -14.009***
(-10.52) (-10.52) (-10.92)

Costt−1 2.083** 1.597
(2.01) (1.54)

Shortt−1 -4.435 -7.146
(-0.52) (-0.83)

Fitt−1 1.027 1.129
(0.93) (1.02)

Aggt−1 -0.319** -0.365**
(-2.04) (-2.33)

Educationt−1 4.226***
(11.61)

Qualificationt−1 1.584***
(8.01)

Enabling sharet−1 0.121
(0.25)

mct−1 1.420***
(6.43)

Industry × year FE Yes Yes Yes
County × year FE Yes Yes Yes
Adj. R2 0.021 0.021 0.024
N 189,230 189,230 189,230
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Correlations (continued).

Panel B: BG-level variables

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

(1) Entry 1.00
(2) Entry count 0.77*** 1.00
(3) Entry LW 0.68*** 0.63*** 1.00
(4) Exit 0.18*** 0.18*** 0.12*** 1.00
(5) Exit count 0.17*** 0.21*** 0.10*** 0.69*** 1.00
(6) Exit LW 0.11*** 0.11*** 0.12*** 0.70*** 0.62*** 1.00
(7) Labor cost 0.02*** 0.02*** 0.01 0.03*** 0.02*** 0.01 1.00
(8) Labor shortage -0.01 -0.01 -0.01 0.00 0.00 0.00 -0.01 1.00
(9) Labor fit 0.00 0.00 -0.01 0.00 0.00 0.00 0.18*** 0.00 1.00
(10) Agglomeration -0.01 -0.01 0.00 0.00 0.00 0.01 0.14*** 0.01** 0.18*** 1.00
(11) CostBG 0.21*** 0.19*** 0.12*** 0.17*** 0.13*** 0.09*** 0.19*** -0.01 0.01 0.02*** 1.00
(12) ShortBG 0.19*** 0.18*** 0.11*** 0.14*** 0.12*** 0.09*** 0.05*** 0.19*** -0.01***-0.04***0.42*** 1.00
(13) F itBG 0.19*** 0.17*** 0.12*** 0.16*** 0.13*** 0.09*** 0.10*** -0.01** -0.07***-0.06***0.47*** 0.38***
(14) AggBG 0.15*** 0.14*** 0.10*** 0.13*** 0.11*** 0.10*** 0.02*** -0.01** -0.03***0.02*** 0.25*** 0.26***
(15) Size 0.18*** 0.17*** 0.07*** 0.15*** 0.13*** 0.06*** 0.19*** 0.00 0.10*** 0.01** 0.32*** 0.24***
(16) Age 0.00 0.00 -0.02*** -0.01 -0.01 -0.01** 0.06*** -0.01 0.13*** -0.02***0.10*** 0.06***
(17) Education 0.02*** 0.01** 0.01** 0.03*** 0.02*** 0.02*** 0.46*** 0.01** 0.09*** 0.12*** 0.05*** 0.03***
(18) Qualification 0.01 0.01 0.01 0.02*** 0.02*** 0.01 0.44*** 0.00 0.00 0.06*** 0.03*** 0.00

(12) (13) (14) (15) (16) (17) (18)

(13) F itBG 1.00
(14) AggBG 0.38*** 1.00
(15) Size 0.26*** 0.15*** 1.00
(16) Age 0.08*** -0.02***0.23*** 1.00
(17) Education 0.03*** 0.04*** 0.22*** -0.05*** 1.00
(18) Qualification 0.01** 0.01* 0.21*** -0.05***0.68*** 1.00
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Table II.OA2: BG-year-level clustering. This table replicates firm-level regressions from Table II.2
with BG-year-level clustering. All variables are defined in Table II.A1 in the Appendix. Standard errors are
clustered at the BG-year-level and t-statistics are presented in parentheses below the coefficients. *, **, ***
indicate significance at the 10%, 5%, and 1% level, respectively.

Dep. var. Employment growth(%)
(1) (2) (3) (4) (5)

CostDon
t−1 -0.4962*** -0.5252*** -0.4829*** -0.5605*** -0.6328***

(-4.42) (-4.60) (-4.13) (-4.83) (-5.41)
ShortDon

t−1 -0.3135*** -0.3799*** -0.3529*** -0.4876*** -0.3762***
(-2.87) (-3.47) (-2.92) (-4.07) (-3.18)

FitDon
t−1 -0.2171** -0.2777*** -0.5224*** -0.6354*** -0.3161**

(-2.22) (-2.84) (-4.54) (-5.53) (-2.52)
CostRec

t−1 0.0497 -0.0001 0.0260 0.0404 0.1575
(0.35) (-0.00) (0.18) (0.28) (1.05)

ShortRec
t−1 0.3328*** 0.7254*** 0.7348*** 0.4951*** 0.3611***

(2.62) (5.40) (5.47) (3.86) (2.75)
FitRec

t−1 0.4189*** 0.8444*** 0.8554*** 0.6020*** 0.3327**
(2.99) (5.89) (5.95) (4.26) (2.22)

AggDon
t−1 -0.7427***

(-5.85)
AggRec

t−1 0.6472***
(4.40)

Sizet−1 -0.6702*** -0.6465*** -1.1223*** -1.1005***
(-9.34) (-8.91) (-15.01) (-14.64)

Aget−1 -0.0352*** -0.0353*** -0.0261*** -0.0259***
(-11.94) (-11.99) (-9.09) (-9.06)

Relative sizet−1 0.9859*** 0.8666*** 4.4631*** 4.3383***
(3.17) (2.77) (12.08) (11.70)

Small firmt−1 -11.5607*** -11.6540*** -15.8214*** -16.0985***
(-22.88) (-23.00) (-28.82) (-29.00)

Costt−1 0.1080 0.8699 0.8442
(0.09) (0.74) (0.71)

Shortt−1 9.4538 13.9539 12.1623
(0.88) (1.31) (1.15)

Fitt−1 -3.8044*** -4.8342*** -3.2965***
(-3.35) (-4.29) (-2.85)

Aggt−1 -0.1943 -0.1525 -0.4443***
(-1.54) (-1.22) (-3.29)

Educationt−1 7.7449*** 7.7022***
(15.59) (15.52)

Qualificationt−1 1.3448*** 1.3182***
(3.87) (3.80)

Enabling sharet−1 7.1641*** 7.1252***
(12.54) (12.49)

mct−1 -6.6514*** -6.7113***
(-19.17) (-19.32)

Industry × year FE Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes
Adj. R2 0.012 0.032 0.032 0.050 0.051
N 97,389 97,389 97,389 97,389 97,389
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Table II.OA3: Firm growth and benefits from decreasing labor costs. This table reports panel
regressions of firm-level employment growth against donor and recipient benefits from labor cost savings,
control variables, and fixed effects. Employment growth is calculated as the net rate of hiring and separation.
All independent variables are lagged by one year. CostDonmeasures the potential for a BG firm to reduce
labor cost by hiring its employees in another county where the BG is present. CostRecmeasures the potential
for a BG firm to contribute to reducing labor cost by allowing affiliated firms to relocate their employees
towards it. Both variables are normalized to zero mean and unit standard deviation. All other variables are
defined in Table II.A1 in the Appendix. Standard errors are clustered at the firm-level and t-statistics are
presented in parentheses below the coefficients. *, **, *** indicate significance at the 10%, 5%, and 1% level,
respectively.

Dep. var. Employment growth(%)
(1) (2) (3) (4) (5)

CostDon
t−1 -0.566*** -0.484*** -0.501*** -0.751*** -0.736***

(-5.04) (-4.11) (-4.17) (-7.59) (-5.84)
CostRec

t−1 0.288*** 0.536*** 0.534*** 0.318*** 0.285**
(2.59) (4.77) (4.75) (3.65) (2.55)

AggDon
t−1 -0.886***

(-7.27)
AggRec

t−1 0.883***
(5.83)

Sizet−1 -0.691*** -0.681*** -1.185*** -1.129***
(-9.17) (-9.03) (-20.22) (-14.35)

Aget−1 -0.035*** -0.035*** -0.026*** -0.026***
(-8.18) (-8.26) (-8.82) (-6.43)

Relative sizet−1 0.891*** 0.867*** 4.653*** 4.415***
(2.66) (2.59) (13.80) (10.60)

Small firmt−1 -10.767*** -10.799*** -15.225*** -15.838***
(-21.47) (-21.52) (-49.84) (-27.55)

Costt−1 0.378 1.503 1.102
(0.29) (1.27) (0.83)

Shortt−1 -0.039 1.169 2.705
(-0.00) (0.12) (0.30)

Fitt−1 -0.986 -1.663* -1.639
(-0.85) (-1.74) (-1.41)

Aggt−1 -0.233 -0.185 -0.536***
(-1.57) (-1.42) (-3.43)

Educationt−1 7.912*** 7.767***
(20.33) (13.84)

Qualificationt−1 1.382*** 1.341***
(4.93) (3.50)

Enabling sharet−1 7.325*** 7.205***
(17.45) (11.15)

mct−1 -6.579*** -6.726***
(-20.38) (-17.09)

Industry × year FE Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes
Adj. R2 0.011 0.030 0.030 0.048 0.050
N 97,389 97,389 97,389 97,389 97,389
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Table II.OA4: Firm growth and benefits from relieving labor shortage. This table reports
panel regressions of firm-level employment growth against donor and recipient benefits from relieving labor
shortage, control variables, and fixed effects. Employment growth is calculated as the net rate of hiring and
separation. All independent variables are lagged by one year. ShortDonmeasures the potential for a BG
firm to relieve labor shortage by hiring its employees in another county where the BG is present. ShortRec

measures the potential for a BG firm to contribute to relieving labor shortage by allowing affiliated firms to
relocate their employees towards it. Both variables are normalized to zero mean and unit standard deviation.
All other variables are defined in Table II.A1 in the Appendix. Standard errors are clustered at the firm-level
and t-statistics are presented in parentheses below the coefficients. *, **, *** indicate significance at the
10%, 5%, and 1% level, respectively.

Dep. var. Employment growth(%)
(1) (2) (3) (4) (5)

ShortDon
t−1 -0.488*** -0.488*** -0.523*** -0.765*** -0.571***

(-4.98) (-4.84) (-4.99) (-7.69) (-5.21)
ShortRec

t−1 0.304*** 0.754*** 0.756*** 0.461*** 0.253**
(2.82) (6.86) (6.87) (5.58) (2.22)

AggDon
t−1 -0.849***

(-6.95)
AggRec

t−1 0.778***
(4.96)

Sizet−1 -0.710*** -0.698*** -1.203*** -1.160***
(-9.47) (-9.30) (-20.68) (-14.79)

Aget−1 -0.036*** -0.036*** -0.026*** -0.026***
(-8.34) (-8.41) (-9.05) (-6.54)

Relative sizet−1 1.004*** 0.967*** 4.701*** 4.501***
(3.05) (2.93) (13.98) (10.83)

Small firmt−1 -10.989*** -11.020*** -15.323*** -15.780***
(-21.69) (-21.74) (-50.02) (-27.44)

Costt−1 -0.883 -0.346 -0.674
(-0.68) (-0.30) (-0.52)

Shortt−1 13.325 20.342** 16.535*
(1.42) (2.09) (1.77)

Fitt−1 -0.906 -1.497 -1.427
(-0.79) (-1.57) (-1.22)

Aggt−1 -0.227 -0.177 -0.515***
(-1.53) (-1.35) (-3.29)

Educationt−1 7.892*** 7.788***
(20.28) (13.88)

Qualificationt−1 1.387*** 1.359***
(4.94) (3.55)

Enabling sharet−1 7.231*** 7.162***
(17.22) (11.07)

mct−1 -6.506*** -6.642***
(-20.16) (-16.93)

Industry × year FE Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes
Adj. R2 0.011 0.030 0.030 0.048 0.050
N 97,389 97,389 97,389 97,389 97,389
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Table II.OA5: Firm growth and benefits from improving labor fit. This table reports panel
regressions of firm-level employment growth against donor and recipient benefits from improving labor fit,
control variables, and fixed effects. Employment growth is calculated as the net rate of hiring and separation.
All independent variables are lagged by one year. FitDon measures the potential for a BG firm to improve
labor fit by hiring its employees in another county where the BG is present. FitRec measures the potential
for a BG firm to contribute to improving labor fit by allowing affiliated firms to relocate their employees
towards it. Both variables are normalized to zero mean and unit standard deviation. All other variables are
defined in Table II.A1 in the Appendix. Standard errors are clustered at the firm-level and t-statistics are
presented in parentheses below the coefficients. *, **, *** indicate significance at the 10%, 5%, and 1% level,
respectively.

Dep. var. Employment growth(%)
(1) (2) (3) (4) (5)

FitDon
t−1 -0.409*** -0.413*** -0.656*** -0.871*** -0.487***

(-4.12) (-4.01) (-5.56) (-8.76) (-3.53)
FitRec

t−1 0.491*** 0.985*** 1.016*** 0.716*** 0.468***
(3.73) (7.32) (7.53) (8.66) (3.14)

AggDon
t−1 -0.831***

(-6.15)
AggRec

t−1 0.626***
(3.87)

Sizet−1 -0.729*** -0.695*** -1.198*** -1.170***
(-9.72) (-9.22) (-20.58) (-14.87)

Aget−1 -0.035*** -0.036*** -0.026*** -0.026***
(-8.17) (-8.30) (-9.03) (-6.51)

Relative sizet−1 1.234*** 1.049*** 4.775*** 4.612***
(3.72) (3.14) (14.21) (11.09)

Small firmt−1 -11.146*** -11.247*** -15.514*** -15.813***
(-21.82) (-21.96) (-50.49) (-27.45)

Costt−1 -1.052 -0.438 -0.697
(-0.81) (-0.38) (-0.54)

Shortt−1 -1.830 -0.217 1.123
(-0.20) (-0.02) (0.13)

Fitt−1 -4.096*** -5.564*** -3.662***
(-3.19) (-5.25) (-2.75)

Aggt−1 -0.205 -0.162 -0.498***
(-1.37) (-1.24) (-3.15)

Educationt−1 7.829*** 7.774***
(20.12) (13.83)

Qualificationt−1 1.395*** 1.368***
(4.97) (3.57)

Enabling sharet−1 7.160*** 7.126***
(17.07) (11.03)

mct−1 -6.488*** -6.588***
(-20.12) (-16.80)

Industry × year FE Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes
Adj. R2 0.012 0.031 0.031 0.049 0.050
N 97,389 97,389 97,389 97,389 97,389
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Table II.OA6: Sample split by industries. This table replicates firm-level regressions from Table
II.2 (column 5) for five subsamples by firms’ industry affiliation. Service includes NACE Rev. 2 Sections
G through U. Non-service includes the other sections. Manufacturing corresponds to Section C. We follow
Piton, 2021 to classify tradable and non-tradable industries. All variables are defined in Table II.A1 in the
Appendix. Standard errors are clustered at the firm-level and t-statistics are presented in parentheses below
the coefficients. *, **, *** indicate significance at the 10%, 5%, and 1% level, respectively.

Dep. var.: Non-service Service Tradable Non-tradable
Manufacturing Others

(1) (2) (3) (4) (5)

CostDon
t−1 -0.045 1.207 -0.782*** -0.631*** -0.666**

(-0.18) (1.12) (-4.51) (-3.44) (-2.49)
ShortDon

t−1 -0.304 -0.694 -0.415*** -0.446*** -0.327
(-1.44) (-0.97) (-2.61) (-2.79) (-1.21)

FitDon
t−1 -0.538** -0.312 -0.168 -0.334* -0.817***

(-2.30) (-0.26) (-0.84) (-1.86) (-2.58)
CostRec

t−1 1.054 2.913*** 0.004 0.217 0.442***
(1.60) (3.23) (0.02) (0.70) (2.79)

ShortRec
t−1 0.492 -0.997 0.466*** 0.540*** 0.133

(1.22) (-1.64) (2.99) (2.64) (0.75)
FitRec

t−1 -0.229 -1.074 0.598*** 0.155 0.235
(-0.47) (-1.10) (3.11) (0.60) (1.00)

AggDon
t−1 -0.296 0.213 -0.911*** -0.548*** -0.760**

(-1.10) (0.20) (-5.09) (-2.86) (-2.40)
AggRec

t−1 -0.390 0.820 0.620*** 0.793*** 0.371
(-0.54) (0.78) (3.61) (3.19) (1.55)

Sizet−1 -0.893*** -2.234*** -1.131*** -0.987*** -1.393***
(-4.88) (-4.51) (-12.15) (-8.81) (-7.63)

Aget−1 -0.011* -0.084*** -0.036*** -0.022*** -0.031***
(-1.76) (-3.40) (-7.40) (-3.90) (-4.35)

Relative sizet−1 -23.190*** -18.012*** -15.997*** -16.816*** -16.971***
(-8.16) (-7.11) (-24.97) (-20.40) (-14.43)

Small firmt−1 4.420*** 5.379* 4.644*** 4.047*** 4.125***
(4.97) (1.90) (9.08) (6.98) (4.43)

Costt−1 12.917*** -4.717 0.699 2.294 -4.652
(3.01) (-0.46) (0.42) (1.15) (-1.37)

Shortt−1 -43.580 99.751 15.735 24.188 -14.679
(-1.26) (1.61) (1.16) (1.62) (-0.70)

Fitt−1 2.613 -9.594 -3.679* -4.390** -5.796*
(0.44) (-0.83) (-1.92) (-2.51) (-1.85)

Aggt−1 -0.086 0.447 -1.061*** -0.279 -0.468
(-0.30) (0.60) (-4.05) (-1.48) (-0.96)

Educationt−1 10.004*** 17.515*** 6.708*** 6.578*** 9.050***
(6.42) (4.67) (10.63) (8.35) (7.18)

Qualificationt−1 -0.173 -1.522 1.940*** 1.857*** 1.323*
(-0.21) (-0.88) (4.07) (3.44) (1.71)

Enabling sharet−1 10.997*** 11.638*** 6.725*** 6.648*** 6.893***
(4.65) (3.33) (9.37) (7.79) (5.22)

mct−1 -5.003*** -10.308*** -7.344*** -6.463*** -6.861***
(-5.73) (-4.01) (-15.18) (-11.76) (-7.92)

Industry × year FE Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes
Adj. R2 0.050 0.044 0.055 0.047 0.050
N 18,297 3,985 69,292 51,956 24,455
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Table II.OA7: Matching diagnostics. The table reports statistics of all continuous variables for
matched standalone firms, matched BG firms, and unmatched BG firms. In addition, we also compare
the matched BG firms to matched standalone firms and to unmatched BG firms. We report differences in
means and the Imbens-Wooldridge statistics. We match each BG firm to a comparable standalone firm.
The matching is done in two steps. In the first step, all BG and standalone firm observations are assigned
to cells constructed by crossing county codes (400), 2-digit NACE Rev. 2 industry codes (84), number of
establishments (4 categories: 1, 2-5, 6-10 and above 10) and calendar years (12). In the second step, the
Euclidean distance is calculated based on the logarithmic employment size and firm age within each cell, for
each BG firm and its matched standalone firm. Both variables are scaled by the respective sample standard
deviation of the BG firms. For each BG firm, we select the standalone firm with the smallest Euclidean
distance as its counterfactual.

Variable Log
employment

size

Log firm age Log worker
age

% female % highly
qualified

% medium-
qualified

Panel A: Matched BG firm-years (N = 68,977)
Mean 4.019 2.885 3.715 0.419 0.195 0.676
Median 4.127 2.833 3.730 0.381 0.110 0.731
St. Dev. 1.384 0.832 0.135 0.269 0.222 0.218
Panel B: Unmatched BG firm-years (N = 27,814)
Mean 4.566 2.949 3.733 0.437 0.185 0.696
Median 4.554 2.890 3.745 0.414 0.116 0.743
St. Dev. 1.549 0.868 0.125 0.273 0.198 0.197
Panel C: Matched standalone firm-years (N = 68,977)
Mean 3.906 2.953 3.710 0.421 0.163 0.689
Median 3.989 2.944 3.722 0.383 0.090 0.739
St. Dev. 1.080 0.748 0.125 0.256 0.192 0.200
Panel D: Difference between matched BG and standalone firms
Diff 0.113 -0.068 0.006 -0.002 0.032 -0.013
IW-stat 0.091 -0.086 0.043 -0.009 0.156 -0.060
Panel E: Difference between matched and unmatched BG firms
Diff -0.547 -0.064 -0.017 -0.018 0.010 -0.020
IW-stat -0.373 -0.075 -0.134 -0.067 0.049 -0.096
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Table II.OA8: Human capital relatedness. This table replicates in Panel A firm-level regressions
from Table II.2 (column 5), Table II.5 (columns 3 and 6), and Table II.8 (columns 3 and 6) and in Panel
B BG-level regressions from Table II.9 (columns 1 to 6) using HCR instead of Labor fit. All variables are
defined in Table II.A1 in the Appendix. Standard errors are clustered at the firm-level and t-statistics are
presented in parentheses below the coefficients. *, **, *** indicate significance at the 10%, 5%, and 1% level,
respectively.

Panel A: Firm-level regressions
Dep. var.: Employment growth Exit

Total (%) Internal (%) External (%) % Ext. Dummy (%) LW (%)
(1) (2) (3) (4) (5) (6)

CostDon
t−1 -0.629*** -0.113** -0.517*** 82.1% 0.151*** 0.029**

(-4.50) (-2.41) (-4.05) (2.88) (2.15)
ShortDon

t−1 -0.386*** -0.147*** -0.239** 61.9% 0.199*** 0.023*
(-3.31) (-3.80) (-2.23) (3.83) (1.67)

HCRDon
t−1 -0.207 -0.018 -0.189 91.5% 0.072 0.020

(-1.42) (-0.36) (-1.42) (1.37) (1.42)
CostRec

t−1 0.153 -0.066 0.218 143.0% -0.114* -0.030***
(0.91) (-0.98) (1.46) (-1.89) (-4.07)

ShortRec
t−1 0.394*** 0.098* 0.296** 75.2% 0.126** -0.015*

(2.99) (1.66) (2.53) (2.21) (-1.89)
HCRRec

t−1 0.180 0.081 0.099 54.8% 0.053 -0.024***
(0.98) (1.07) (0.61) (0.81) (-3.69)

AggDon
t−1 -0.802*** -0.140*** -0.662*** 82.6% 0.538*** 0.075***

(-6.12) (-3.19) (-5.47) (10.16) (5.14)
AggRec

t−1 0.730*** 0.137** 0.593*** 81.3% -0.028 -0.012**
(4.67) (2.31) (4.22) (-0.54) (-2.57)

Industry × year FE Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes
Adj. R2 0.050 0.003 0.054 0.031 0.013
N 97,389 97,389 97,389 97,389 97,389
Panel B: BG-level regressions
Dep. var. Exit Entry

Dummy(%) Count LW(%) Dummy(%) Count LW(%)
(1) (2) (3) (4) (5) (6)

CostBG
t−1 -2.363*** -0.041*** -0.522*** 1.759*** 0.042*** 0.428***

(-5.25) (-4.17) (-2.79) (4.67) (4.58) (2.86)
ShortBG

t−1 -1.295*** -0.021*** -0.324*** 0.558*** 0.016*** 0.214***
(-6.39) (-4.50) (-4.49) (3.71) (2.81) (3.72)

HCRBG
t−1 -2.192*** -0.036*** -1.051*** 1.615*** 0.025** 0.351**

(-4.64) (-3.94) (-4.95) (3.99) (2.44) (2.24)
AggBG

t−1 -1.026** -0.018* -0.515*** 1.679*** 0.047*** 0.505**
(-2.14) (-1.78) (-3.07) (3.44) (3.65) (2.20)

Year FE Yes Yes Yes Yes Yes Yes
BG FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.163 0.174 0.114 0.147 0.115 0.118
N 35,901 35,901 35,901 35,901 35,901 35,901
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Table II.OA9: Labor shortage and establishment closures. This table replicates in Panel A firm-
level regressions from Table II.2 (column 5), Table II.5 (columns 3 and 6), and Table II.8 (columns 3 and 6)
and in Panel B BG-level regressions from Table II.9 (columns 1 to 6) using an alternative measure of labor
shortage. All variables are defined in Table II.A1 in the Appendix. Standard errors are clustered at the
firm-level and t-statistics are presented in parentheses below the coefficients. *, **, *** indicate significance
at the 10%, 5%, and 1% level, respectively.

Panel A: Firm-level regressions
Dep. var.: Employment growth Exit

Total (%) Internal (%) External (%) % Ext. Dummy (%) LW (%)
(1) (2) (3) (4) (5) (6)

CostDon
t−1 -0.553*** -0.114** -0.438*** 79.3% 0.171*** 0.029**

(-4.08) (-2.54) (-3.55) (3.44) (2.33)
SupplyDon

t−1 -0.169*** -0.029* -0.140*** 82.9% 0.023 0.001
(-3.97) (-1.89) (-3.60) (1.13) (0.12)

FitDon
t−1 -0.309** -0.046 -0.263** 85.1% 0.237*** 0.040***

(-2.15) (-0.98) (-2.00) (4.12) (2.63)
CostRec

t−1 0.011*** 0.003*** 0.008*** 71.9% 0.002* 0.000***
(4.34) (2.68) (3.51) (1.93) (-3.23)

SupplyRec
t−1 0.372** 0.074 0.298** 80.2% 0.184*** -0.012**

(2.24) (1.01) (2.03) (2.62) (-2.17)
FitRec

t−1 -0.622*** -0.126*** -0.495*** 79.7% 0.481*** 0.064***
(-4.38) (-2.71) (-3.78) (8.37) (4.22)

AggDon
t−1 0.075 -0.064 0.140 185.6% -0.165*** -0.032***

(0.56) (-1.23) (1.15) (-3.14) (-4.27)
AggRec

t−1 0.468*** 0.060 0.409*** 87.3% -0.129** -0.008*
(2.70) (0.88) (2.66) (-2.50) (-1.94)

Industry × year FE Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes
Adj. R2 0.051 0.003 0.055 0.031 0.013
N 97,389 97,389 97,389 97,389 97,389
Panel B: BG-level regressions
Dep. var. Exit Entry

Dummy(%) Count LW(%) Dummy(%) Count LW(%)
(1) (2) (3) (4) (5) (6)

CostBG
t−1 1.807*** 0.041*** 0.422*** -2.707*** -0.047*** -0.656***

(4.90) (4.61) (2.99) (-6.03) (-4.69) (-3.62)
SupplyBG

t−1 -0.067 -0.002 -0.052 -0.047 0.000 0.056
(-0.53) (-0.96) (-0.54) (-0.66) (0.20) (1.06)

FitBG
t−1 2.205*** 0.046*** 0.564*** -2.036*** -0.033*** -0.900***

(4.83) (4.42) (3.15) (-3.99) (-3.08) (-4.02)
AggBG

t−1 1.473*** 0.042*** 0.446** -0.927* -0.017 -0.467***
(3.04) (3.28) (1.96) (-1.95) (-1.62) (-2.74)

Year FE Yes Yes Yes Yes Yes Yes
BG FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.147 0.113 0.116 0.160 0.171 0.109
N 35,921 35,921 35,921 35,921 35,921 35,921
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Table II.OA10: Buyer fit and supplier fit. This table replicates in Panel A firm-level regressions
from Table II.2 (column 5), Table II.5 (columns 3 and 6), and Table II.8 (columns 3 and 6) and in Panel
B BG-level regressions from Table II.9 (columns 1 to 6) including the additional controls: Buyer fit and
Supplier fit. All variables are defined in Table II.A1 in the Appendix. Standard errors are clustered at the
firm-level and t-statistics are presented in parentheses below the coefficients. *, **, *** indicate significance
at the 10%, 5%, and 1% level, respectively.

Panel A: Firm-level regressions
Dep. var.: Employment growth Exit

Total (%) Internal (%) External (%) % Ext. Dummy (%) LW (%)
(1) (2) (3) (4) (5) (6)

CostDon
t−1 -0.618*** -0.112** -0.507*** 81.9% 0.132** 0.031**

(-4.45) (-2.43) (-3.99) (2.57) (2.32)
ShortDon

t−1 -0.363*** -0.150*** -0.212** 58.5% 0.189*** 0.023*
(-3.09) (-3.87) (-1.96) (3.59) (1.66)

FitDon
t−1 -0.240 -0.025 -0.215 89.7% 0.221*** 0.043***

(-1.64) (-0.51) (-1.61) (3.75) (2.69)
CostRec

t−1 0.018 -0.087 0.105 581.4% -0.106* -0.034***
(0.12) (-1.45) (0.80) (-1.82) (-4.39)

ShortRec
t−1 0.291** 0.070 0.221* 75.9% 0.107* -0.012

(2.17) (1.20) (1.85) (1.82) (-1.45)
FitRec

t−1 0.202 0.070 0.132 65.5% 0.200*** -0.007
(1.19) (0.98) (0.89) (2.82) (-1.29)

AggDon
t−1 -0.607*** -0.124** -0.483*** 79.6% 0.475*** 0.067***

(-4.08) (-2.48) (-3.52) (7.88) (3.98)
BuyDon

t−1 -0.172 -0.054 -0.119 68.9% 0.063 -0.011
(-1.51) (-1.34) (-1.15) (1.20) (-1.12)

SupDon
t−1 -0.283* 0.000 -0.283** 100.1% -0.047 -0.002

(-1.88) (0.00) (-2.00) (-0.73) (-0.12)
AggRec

t−1 0.409** 0.044 0.365** 89.3% -0.079 -0.009*
(2.32) (0.62) (2.30) (-1.28) (-1.65)

BuyRec
t−1 0.326** 0.050 0.276** 84.8% -0.227*** -0.021***

(2.19) (0.77) (2.13) (-3.85) (-3.88)
SupRec

t−1 0.524*** 0.170** 0.355** 67.7% 0.056 -0.006
(3.22) (2.44) (2.36) (0.91) (-1.24)

Industry × year FE Yes Yes Yes Yes Yes
County × year FE Yes Yes Yes Yes Yes
Adj. R2 0.051 0.004 0.055 0.031 0.013
N 97,189 97,189 97,189 97,189 97,189
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Buyer fit and supplier fit (continued).
Panel B: BG-level regressions
Dep. var. Exit Entry

Dummy(%) Count LW(%) Dummy(%) Count LW(%)
(1) (2) (3) (4) (5) (6)

CostBG
t−1 -2.462*** -0.042*** -0.575*** 1.622*** 0.037*** 0.375**

(-5.48) (-4.35) (-3.18) (4.32) (4.38) (2.55)
ShortBG

t−1 -1.279*** -0.021*** -0.314*** 0.521*** 0.015*** 0.198***
(-6.32) (-4.54) (-4.42) (3.49) (2.66) (3.45)

FitBG
t−1 -1.913*** -0.032*** -0.851*** 1.939*** 0.038*** 0.459***

(-3.70) (-2.99) (-3.77) (4.16) (3.71) (2.58)
AggBG

t−1 -0.667 -0.014 -0.393** 1.314*** 0.037*** 0.382*
(-1.37) (-1.40) (-2.30) (2.71) (3.03) (1.69)

BuyBG
t−1 -0.158 -0.008 -0.095 0.868*** 0.017** 0.161

(-0.55) (-1.35) (-0.91) (2.65) (2.32) (1.33)
SupBG

t−1 -1.176*** -0.014** -0.464*** 0.901*** 0.028*** 0.446***
(-3.11) (-2.26) (-3.41) (2.70) (3.38) (3.14)

Year FE Yes Yes Yes Yes Yes Yes
BG FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.164 0.175 0.115 0.150 0.119 0.121
N 35,901 35,901 35,901 35,900 35,900 35,900
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Chapter III

Tolerance for Failure: Evidence from
Patent Examination

with Bastian Koch

Abstract

We introduce a novel firm-level measure of failure tolerance based on firms’ patenting his-
tories. Specifically, we quantify failure tolerance as the largest scope loss during patent
examination that does not terminate a firm’s innovation sequence. Our results show that
firms with greater failure tolerance tend to produce patents that are more valuable, more
cited, more complex, yet also more likely to fail. At the same time, they file fewer patents and
employ fewer inventors. The reduction in innovation quantity largely offsets the increase in
quality, resulting in an ambiguous relationship between failure tolerance and total innovation
output. Exploiting inventor job switches, we provide causal evidence that higher failure toler-
ance enhances inventor productivity. Taken together, our findings establish failure tolerance
as a powerful incentive mechanism but also highlight its overlooked costs.
Keywords: failure tolerance, innovation, patent scope, patent examination, inventor pro-
ductivity
JEL Classifications: O31, O32, O34, G32

∗We are grateful to our advisor, Ernst Maug, for his guidance. We also thank the participants at corporate
finance research seminars for helpful comments and suggestions.
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III.1 Introduction

Since innovation is inherently uncertain and often fails to deliver, a firm’s attitude toward
failure plays an essential role in its innovation efforts (Aghion and Tirole, 1994; Holmstrom,
1989). Scholars have theorized that tolerating short-term failure while rewarding long-term
success can encourage innovation (Manso, 2011). Quantifying failure tolerance empirically,
however, has proved challenging, particularly at the firm level.

We address this challenge by introducing a novel firm-level measure of failure tolerance
based on firms’ innovation histories. Innovation is typically cumulative: later advances build
on earlier work, forming distinct innovation "sequences" (Dosi, 1982). The decision for firms
to continue or terminate such sequences may reflect a firm’s failure tolerance. For instance,
in a different setting, Tian and Wang (2014) argue that failure-tolerant VC investors are less
likely to terminate underperforming ventures, leading to longer funding sequences.

In this paper, we argue that when an innovation project underperforms, a failure-tolerant
firm is more likely to persist in the same innovation sequence rather than abandon it and start
anew. Accordingly, the presence of underperforming projects within a sequence indicates a
high level of failure tolerance—the worse the performance, the greater the tolerance.

To operationalize this intuition, we map innovation projects to patents—one of the most
commonly observable outputs of innovative effort, and proxy project performance with patent
examination outcomes. We focus on examination outcomes because they carry important
economic implications. A patent entitles its holder to legal protection against infringement,
and the scope of that protection is central to its economic value. Because the examination
process tests and often revises the scope initially claimed by the applicant, changes in scope
during examination provide a revealing measure of changes in patent value.

Empirically, we measure failure tolerance as the largest scope loss that is still followed
by continued patenting in the same sequence—i.e., a firm’s upper bound of tolerable failure.
Using detailed patent information from the US Patent and Trademark Office (USPTO), we
first define innovation sequences based on continuity in both technology and inventors. We
then leverage the rich textual content of patent documents to quantify the extent to which
a patent’s scope erodes over the course of examination. Lastly, for each firm, we compute
our failure tolerance measure using 3-year rolling windows. Our final sample covers 1,110
COMPUSTAT firms, totaling 7,394 firm-year observations between 2002 and 2022. We also
conduct extensive validation to ensure that our measure accurately captures the hypothesized
economic mechanism.

With this measure in hand, we ask how failure tolerance shapes firms’ innovation output.
We start by examining patent quality. In the cross-section, more failure-tolerant firms tend
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to produce higher-quality patents, as reflected in both their dollar value and the citations
they receive. Specifically, a one-standard-deviation increase in our failure tolerance measure
is associated with a 17% increase in patent value (roughly $4.6 million in 2022 dollars based
on the sample mean) and a 5% increase in citations per patent (roughly 0.3 citations). We
find similar patterns on a per-inventor basis, suggesting that greater failure tolerance may
enhance inventor productivity.

Next, we examine patent quantity. In contrast to the quality results, we find a negative
association between failure tolerance and firms’ patent counts: a one-standard-deviation
increase in our failure tolerance measure is associated with a 10–11% decrease in the number
of patents filed by a firm per year (roughly 12–13 fewer patents). However, this negative
relationship does not hold on a per-inventor basis, suggesting that failure tolerance does not
affect individual inventors’ patenting volume. Moreover, we find no systematic relationship
between failure tolerance and firms’ aggregate patent value or total citations.

Taken together, these findings suggest that failure tolerance unambiguously increases in-
ventors’ productivity by incentivizing them to pursue higher-quality innovation. Yet this
productivity gain does not translate into higher total innovation output at the firm level,
because the associated reduction in patent quantity largely offsets it. Further analysis shows
that failure-tolerant firms produce fewer patents primarily because they employ fewer inven-
tors. Their patents also tend to be more complex (as measured by document length) and
more likely to fail (as reflected in higher abandonment rates among patent applications).
Such firms also have higher R&D expenses per inventor. Thus, our findings shed light on
the possible costs associated with failure tolerance, which has been largely overlooked in the
literature.

While our baseline analysis documents intriguing cross-sectional patterns, it does not
support a causal interpretation. To establish causality, we exploit inventors who move be-
tween firms and thus experience an abrupt change in failure tolerance. We implement three
progressively more stringent identification strategies to isolate the causal effect of failure
tolerance on inventor productivity: difference-in-differences, matched triple differences, and
the latter combined with an instrumental-variable approach. The results corroborate our
cross-sectional findings: failure tolerance incentivizes the production of higher-value patents
without reducing inventors’ patenting volume.

Our research contributes to the growing literature in corporate finance and innovation.
Several articles examine how more lenient laws impact individuals’ or corporations’ atti-
tudes toward failure. This concept of legal forgiveness aligns closely with the idea of failure
tolerance. One stream of the literature shows that more debtor-friendly or more forgiving
personal bankruptcy laws are potential mechanisms through which failure tolerance and sub-

160



sequent innovation output can be increased (Acharya and Subramanian, 2009; Armour and
Cumming, 2008; Fan and White, 2003). In another vein, Acharya, Baghai and Subramanian
(2014) demonstrate that strict labor laws can boost innovation by ensuring that companies do
not penalize employees for short-term failures. These studies collectively illustrate that legal
leniency toward individual or organizational failures leads to increased entrepreneurial activ-
ities. A more direct effect of failure tolerance on corporate innovation has been documented
by Chemmanur, Loutskina and Tian (2014) and Tian and Wang (2014), who construct a
measure for (corporate-) venture capital firms based on their average investment duration
in eventually failed ventures, where longer investment duration would lead to higher failure
tolerance of the respective venture capital firm. We contribute to this literature by introduc-
ing a novel empirical approach. To the best of our knowledge, we are the first to directly
measure firms’ attitudes toward failure.

We also speak to the literature analyzing the patent examination process. Most of the
research has focused on the patent application behavior of firms and their consequences for
the examination office (Comino and Graziano, 2015; Frakes and Wasserman, 2015; Schuett,
2013). Marco, Sarnoff and deGrazia (2019) show how firms strategically apply for patents
with a very wide scope, which subsequently gets reduced during the examination process.
Marco, Sarnoff and deGrazia (2019) are also the first to introduce a text-based measure for
patent scope based on the independent claim length of each patent application. We contribute
to this literature by extending the data set of Marco, Sarnoff and deGrazia (2019) up until
2022. We also offer a fresh perspective on the patent examination process by looking at how
firms react to patent examination outcomes.

The remainder of the paper is organized as follows. Section III.2 introduces our mea-
sure of failure tolerance, details its construction, and provides validation for the underlying
proxies and assumptions. Section III.3 examines the relationship between failure tolerance
and innovation outcomes at both the firm and inventor level, and explores the underlying
mechanisms. Section III.4 presents our identification strategy and causal evidence. Section
III.5 concludes the paper.

III.2 Methodology

In this section, we present our conceptual framework, provide the institutional background
closely related to our empirical design, and detail the steps used to construct our failure-
tolerance measure.
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III.2.1 Conceptual framework

For illustrative purposes, consider a simple model where an innovation sequence produces
multiple patents. The value of each patent V is a random draw from the same distribution
FV with a mean of µ. A firm would terminate the sequence if the nth patent’s realized value
Vn falls short of a fraction of its expected value µ:

Vn < (1 − α)µ, (III.1)

where α captures a firm’s failure tolerance: a larger α makes it less likely for a sequence
to terminate early, since the realized value Vn must fall below a lower threshold to trigger
termination. Rearranging yields

α <
µ− Vn

µ
= θn, (III.2)

where θn captures the ex post realized value loss of patent n relative to its expected value.
Equivalently, for a sequence that survives up to the n-th patent, the following inequality
must hold:

α ≥ θi, ∀i < n. (III.3)

Since α is an upper bound for θi for all i < n, we can estimate it as

α̂ = max
i<n

θi, (III.4)

which is the sample maximum of the value loss θ among all patents up to the last observed
patent in a sequence.

We follow this simple framework to construct our failure tolerance measure. The rest of
the section details how we define patent sequences and proxy their value loss θ.

III.2.2 Defining patent sequences

We define whether a patent terminates its current sequence by examining subsequent patent-
ing activity. Specifically, we label a patent as "continued" if it is followed by another patent
that (1) is assigned to the same firm, (2) is led by the same inventor, (3) is in the same
technological field (CPC patent subclass), and (4) is filed within three years of the focal
patent’s grant date.

We impose Condition (1) because the firm is our unit of analysis for measuring failure
tolerance.

Conditions (2) and (3) ensure continuity in expertise and the underlying knowledge base.
Inventors typically operate within a relatively narrow research scope. Figure III.1(a) shows
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that 71–84% of an average inventor’s inventions in our sample fall within a single field, out
of 9–667 patent categories. When we use the finest classification scheme (9,815 categories),
almost half of an inventor’s inventions still fall within a single field. For two consecutive
inventions by the same inventor, the probability that they fall within the same field ranges
from 66–84% (out of 9–667 categories). Even under the finest classification scheme, this
probability remains 22%. Taken together, these patterns suggest that a change in the lead
inventor or the technological field likely reflects a substantial shift in innovation trajectory
and thus plausibly indicates the termination of an innovation sequence.

Condition (4) ensures that the focal patent’s examination outcome is known by the time
the next patent application in the same sequence is filed, and can therefore influence the
decision to terminate the sequence. It also imposes a time cap to avoid attributing two
temporally distant patents to the same sequence.

It is worth noting that these conditions are not intended to precisely establish the sequen-
tial order among patents, but rather to exclude patents that trigger termination. Our failure
tolerance measure in Equation (III.4) can be estimated on subsets of continued patents,
but it becomes biased if patents that trigger termination are mistakenly included. In other
words, we impose strict conditions to include only patents that are unambiguously followed
by continued effort, possibly at the cost of false negatives.

III.2.3 Quantifying patents’ value loss

Patents grant their holders temporary, legally protected rights to exclusively commercialize
the patented invention. The scope of this legal protection is a key determinant of a patent’s
economic value. An initial scope is claimed by the applicant based on her judgment. The
examination process then scrutinizes and, if necessary, narrows that scope, thereby altering
the patent’s economic value. We base our measure of patent value loss, θ, on changes in
scope during the examination process.

Measuring patent scope

Patent scope defines the boundaries of what is protected by a patent and, consequently, what
activities would constitute infringement. Scope is determined by the claims in the patent
document, which specify the aspects or features of the invention subject to legal protection.

Claims are classified as either independent or dependent. Independent claims are stan-
dalone statements that define the invention without reference to other claims. Dependent
claims incorporate one or more earlier claims and add further limitations, thereby narrowing
the scope of protection. For example:
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• Claim (1): a bicycle comprising two triangular wheels.
• Claim (2): the bicycle of Claim (1), further comprising a frame made of titanium

alloy.

Here, Claim (1) is independent, while Claim (2) depends on Claim (1). Naturally, indepen-
dent claims better reflect a patent’s effective scope than dependent claims, since the latter
are necessarily more restrictive.

Independent claims affect a patent’s scope along two dimensions. The first is their number:
because independent claims do not overlap, more of them generally implies broader scope.
The second is their length: Kuhn and Thompson (2019) and Marco, Sarnoff and deGrazia
(2019) show that shorter independent claims are associated with broader patent scope. To
illustrate this relationship, consider the following two claims:

• Claim (1): a bicycle.
• Claim (2): a bicycle comprising two triangular wheels.

Claim (1) is much shorter but covers a far broader scope—i.e., any bicycle. By contrast,
Claim (2) is longer, yet narrower in that it applies only to special bicycles with two triangular
wheels.

Based on the intuition above, we implement two text-based measures of patent scope.
First, we count words in a patent’s shortest independent claim, following Kuhn and Thomp-
son (2019) and Marco, Sarnoff and deGrazia (2019):

SI
p = min

c∈Ip

{Lc}, (III.5)

where subscript p denotes a patent, Lc denotes the word count of claim c, and Ip denotes
the set of independent claims of patent p. We expect SI

p to decrease with patent scope. For
validation, Figure III.2(a) relates granted patents’ SI to their dollar value as estimated by
Kogan et al. (2017) and shows a clear negative association, consistent with SI decreasing in
scope. Figure III.2(b) relates SI to the number of citations patents receive through 2022 and
reveals a similar downward pattern.

Next, we propose an alternative measure that additionally captures the other dimension—
the number of independent claims. Specifically, we sum the inverse of word count across
independent claims:

SII
p =

∑
c∈Ip

Lc
−1. (III.6)

We expect patent scope to increase in SII
p . Figure III.2(c) and Figure III.2(d) repeat the same

validation exercise for SII. Both figures show that SII is positively associated with patent
value and citations, consistent with SII increasing in scope.
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Measuring scope loss during examination

The patent examination process begins when an inventor files a patent application with
the USPTO. The application is then assigned to a patent examiner, whose responsibilities
include comparing the application against publicly available patent and non-patent literature
to determine whether the invention is novel and non-obvious.1 This process is comparable
to scholarly peer review, which serves as a form of quality control and evaluates a study’s
incremental contribution relative to existing work.

If the invention fails this test, the applicant can either abandon the application or amend
the claims. Amendments typically reduce scope to eliminate overlap with prior literature
and often involve adding limitations (i.e., more words) to existing claims or dropping claims
altogether. Our two scope measures can closely track these changes. This gives us a unique
opportunity to proxy for changes in patent value during examination—something no other
existing proxies allow.

We observe each patent’s scope at two points in time. The first comes from the pre-grant
publication, which is typically released within 18 months of filing and, in most cases, precedes
the first round of claim amendments in response to examiner feedback. The second comes
from the granted patent.2

This allows us to measure patent p’s relative scope loss as

θI
p =

max
{
SI,post

p − SI,pre
p , 0

}
0.5 · (SI,post

p + SI,pre
p )

, (III.7)

θII
p =

max
{
SII,pre

p − SII,post
p , 0

}
0.5 · (SII,post

p + SII,pre
p )

, (III.8)

where the superscript pre and post refer to the pre-grant publication and the granted patent,
respectively. Both measures increase with scope loss and range between 0 and 2.3 Appendix
III.A.7 provides an illustrative example of our scope loss measures.

Figure III.3 plots patents’ dollar value and citation count against θI and θII , while con-
1"Novel" means that the invention has not been invented by someone else or made available to the public

(35 U.S. Code §102). "Non-obvious" means that the invention would not have been evident to a person having
ordinary skill in the art (35 U.S. Code §103).

2Following the American Inventors Protection Act of 1999, most U.S. patent applications (with limited
exceptions) must be published within 18 months of filing. As a result, for most granted patents filed after
1999, at least two texts are available: the pre-grant publication and the granted patent. Claim amendments
in response to examiner office actions rarely occur within the first 18 months. In our sample, only 0.14% of
applications were amended in response to an examiner action within 18 months of filing. We remove them
from our sample.

3Most patents in our sample experience scope losses during examination, whereas scope expansion is less
common (though possible). Such cases account for 7% and 18% of our sample patents based on SI and SII

respectively.
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trolling for their pre-grant scope. Across all specifications, there is a clear downward trend,
linking scope loss to a decline in economic value.

Combining our scope loss measures with a patent’s status in the innovation sequence,
Figure III.4 shows a negative relationship between the likelihood that a patent is continued
and its scope loss, for both θI and θII. Taken together, these results validate that our
measures capture the hypothesized economic mechanisms and lend strong support to our
empirical strategy thus far.

III.2.4 Measuring failure tolerance

Before we proceed to measuring failure tolerance, it is important to note that patents’ scope
loss during examination is far from random. For example, firms may strategically overstate
the scope of their patent applications, leading to larger overall scope loss that is unrelated to
failure tolerance. Moreover, because patent applications are drafted by attorneys, individual
differences in their tendencies to over- or underclaim may also affect scope loss but need not
reflect firms’ failure tolerance.

To address this issue, we remove fixed effects attributable to attorneys, firms, inventors,
examiners, application cohorts by technological field (CPC patent classes), and issue cohorts
by technological field from θI and θII. This approach cleanses our scope loss measures of
persistent influences from these agents, as well as common trends driven by macroeconomic
conditions, technological breakthroughs, or shifts within the examination agency. Collec-
tively, these fixed effects remove roughly 40% of the variation. We denote the cleansed
variables as θ̇I and θ̇II.

Following the conceptual framework in Section III.2.1, we estimate a firm’s failure tol-
erance as the maximum value loss—proxied by the (cleansed) scope loss—among continued
patents. To allow failure tolerance to vary over time, we compute this measure using three-
year rolling windows, [t − 3, t − 1]. For each continued patent p, let s denote the filing year
of its subsequent patent in the same sequence. We focus on year s because it is the earliest
point at which patent p can be classified as continued. We include patent p in the window
[t− 3, t− 1] if s ∈ [t− 3, t− 1], which avoids look-ahead bias.

Formally, we compute firm i’s failure tolerance in year t as

αi,[t−3,t−1] = max
p∈Ci,[t−3,t−1]

{
θ̇p

}
, (III.9)

where Ci,[t−3,t−1] = {pi,s|s ∈ [t − 3, t − 1]} denotes the set of continued patents that meet
the conditions specified in Section III.2.2, θ̇p denotes the cleansed scope loss, which can be
either θ̇I or θ̇II. However, as the maximum operator is not robust to measurement error and
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susceptible to right-tail outliers, we instead compute the sample 95th percentile:

αi,[t−3,t−1] = P95
p∈Ci,[t−3,t−1]

{
θ̇p

}
. (III.10)

Notably, when the number of patents included in the calculation is small, the 95th percentile
is obtained by linearly interpolating between the two adjacent order statistics. Accordingly,
the minimum required sample size is two.

In addition, we record the number of observations used to estimate αi,[t−3,t−1] and the
average of the included θ̇p. We denote these as Ni,[t−3,t−1] and θi,[t−3,t−1], respectively. We
include them as control variables throughout our analysis to account for the mechanical
effects of estimation based on different sample sizes, as well as any remaining non-random
components of scope loss that could confound failure tolerance.

III.3 Analysis

With the failure tolerance measures in hand, we link them to firm-level innovation output.
First, we describe our sample and the main variables used in our analysis. Next, we report
cross-sectional regression results, focusing on innovation quality and quantity, and explore
potential mechanisms underlying our findings.

III.3.1 Sample description

We source patent information from PatentsView, a publicly available USPTO database.4 We
then link patents to COMPUSTAT firms by firm name and aggregate patent output to the
firm-year level. Appendix III.A.4 details our method.

We examine both the quality and quantity of the patents firms file. For the quality
dimension, we use two measures already employed for validation in earlier sections: (1) the
patent dollar value estimated by Kogan et al. (2017) and (2) citations received through
2022.5 For each firm-year, we average these measures in two ways—across patents and across
inventors. Following prior studies, we aggregate patents by filing year and focus only on
patents that are ultimately granted.

For the quantity dimension, we count the number of patents filed by a firm each year
(again, restricted to those that are ultimately granted), and compute the corresponding

4PatentsView can be accessed through the following link: https://patentsview.org/home.
5We do not explicitly adjust for the truncation problem for patent cohorts filed close to the end of the

sample period, because we always compare patents within the same application cohort with year fixed effect
throughout our analysis.
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inventor-level average. To examine the joint effect of quality and quantity, we also compute
total patent value and total citations by aggregating across patents within each firm-year.

Lerner and Seru (2022) caution about biases in patent and citation data that are cor-
related with firm characteristics. To address this issue, we draw financial information from
COMPUSTAT. More specifically, we control for the following firm fundamentals: market
capitalization (a proxy for size), Tobin’s Q, return on asset (ROA), market leverage, R&D-
to-sales ratio, and cash-to-asset ratio.

We end up with 7,394 firm-year observations involving 1,110 distinct firms from 2003
through 2022. Figure III.5 depicts the distribution of sample firms across industries. The
chemical and the electronic industries account for about a quarter of the sample each, rank-
ing in the first and the second place. The following three places are instruments (16.1%),
industrial machinery (12.3%), and business services (10.5%). Manufacturing firms dominate
the sample, accounting for over 85% of firm-years.

Table III.1 Panel A summarizes the characteristics of our sample firms. The distribution
of size is highly skewed to the right. An average firm has a market capitalization of around $14
billion (in 2022 dollars, same for all dollar values hereafter), while this number is merely $1.7
billion for a medium firm. The average (median) Tobin’s Q is 2.8 (2.1), indicating promising
growth perspectives. However, an average (median) ROA of -3.5% (5.7%) positions the
profitability of the sample firms at the lower end.

Regarding innovation, the sample demonstrates highly positively skewed distribution in
terms of the number of patents filed per year (mean: 118; median: 13), the dollar value of an
average patent (mean: $27.0 million; median: $8.9 million) and the citation received by an
average patent (mean: 6.6; median: 2.1). An average firm files patents worth of $2.5 billion
each year, accounting for 18% of its market capitalization, which is very sizable.

In Panel B of Table III.1, we also report statistics for a sample of inventors moving between
linked COMPUSTAT firms ("movers"). We leverage this sample for our identification strategy
in Section III.4. The sample involves 20,627 job switches by 18,216 inventors. For each job
switch, we include up to 5 inventor-years before and after the switch. The average (median)
inventor produces 1.3 (1) patents per year. An average (median) patent is worth $23 million
($5 million) and receives 4.6 (1) citations.

III.3.2 Failure tolerance and innovation output

Patent dollar value

We first examine the association between failure tolerance and patent quality at the firm-
year level. In Columns (1) and (2) of Table III.2, we compute the average patent dollar value
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across patents. In Columns (3) and (4), we compute the average across inventors to capture
per-inventor contribution.

The results show a clear positive relationship between patent dollar value and failure
tolerance α, whether α is constructed using scope measure SI or SII, and whether patent
value is averaged on a per-patent or per-inventor basis. The estimated effects are sizable
and economically meaningful: a one-standard-deviation increase in α is associated with a
17% increase in dollar value per patent, or roughly $4.6 million. On a per-inventor basis,
a one-standard-deviation increase in α is associated with an 12% increase in dollar value
contributed by each inventor, corresponding to about $4 million.

Patent citation

Next, we use citations received as an alternative measure of patent quality. Table III.3 reports
regression results using the same right-hand-side specification as in Table III.2.

Consistent with the results for patent dollar value, we find a positive relationship between
citations and failure tolerance α across specifications. Specifically, a one-standard-deviation
increase in α is associated with a 4.6%–4.9% increase in citations per patent, equivalent
to about 0.3 additional citations (Columns (1) and (2)). On a per-inventor basis, a one-
standard-deviation increase in α is associated with a 2.5%–3.6% increase in citations per
inventor, corresponding to roughly 0.07–0.10 additional citations (Columns (3) and (4)).

Taken together, the results above indicate that more failure-tolerant firms tend to produce
higher-quality patents, whether measured on a per-patent or per-inventor basis, consistent
with prior studies. The estimated effects are sizable and economically meaningful. However,
patent quality captures only one dimension of innovation. In the next section, we examine
whether failure tolerance also affects patent quantity.

Patent and inventor count

We measure innovation quantity as the number of patents granted to each firm, aggregated
by filing year. Likewise, we also compute volume contribution per inventor. Table III.4
reports the results.

In contrast to prior studies, we document a strong and economically meaningful negative
relationship between patent counts and failure tolerance. A one-standard-deviation increase
in α is associated with a 10.0%–11.3% decline in the number of patents filed annually, cor-
responding to 11.8–13.3 fewer patents (Columns (1) and (2)). At the per-inventor level,
however, we find no meaningful association (Columns (3) and (4)). This pattern suggests
that the lower firm-level patent volume is primarily driven by a reduction in the number
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of inventors rather than a decline in individual productivity. Columns (5) and (6) support
this interpretation: a one-standard-deviation increase in α is associated with an 8.4%–11.7%
decrease in the number of inventors, comparable in magnitude to the effect on patent counts.

Total innovation output

Finally, we jointly examine innovation quality and quantity by aggregating patent dollar
value and citations to the firm-year level. Table III.5 presents the results. Columns (1) and
(2) show that failure tolerance, α, is positively associated with total patent value; however,
the coefficient is not statistically significant in either specification. Likewise, we find no
statistically meaningful relationship between α and total citations. If anything, the estimates
suggest a negative association.

Overall, these findings indicate that the higher quality but lower quantity of innovation
associated with greater failure tolerance largely offset one another, resulting in an ambiguous
net effect on total innovation output.

Taken together, these findings support the interpretation that firms choose their level
of failure tolerance to balance a trade-off between innovation quality and quantity, with
the objective of maximizing overall innovative output. Greater failure tolerance appears to
enhance inventor productivity, manifested in higher patent quality without reducing quantity
per inventor. However, this likely entails higher costs, which firms offset by employing fewer
inventors.

III.3.3 Does greater failure tolerance entail higher costs?

Next, we examine whether greater failure tolerance is associated with higher costs. Specifi-
cally, we focus on three cost-related dimensions. The results are reported in Table III.6.

Specification length. First, we analyze the nature of the research projects pursued by
inventors. We argue that higher failure tolerance encourages inventors to undertake more
complex research projects, which are inherently more likely to fail. Each patent application
includes a section titled "Specification," which provides a detailed description of the invention
sufficient to enable a person skilled in the relevant field to make and use it. We therefore posit
that firms with greater failure tolerance produce patents with longer specifications, reflecting
higher project complexity. We measure specification length by the number of pages and
aggregate this measure to the firm-year level. Columns (1) and (2) report the results. In
both specifications, greater failure tolerance is associated with longer specification sections,
consistent with higher project complexity.
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Abandonment rate. Second, we examine whether inventors operating under greater failure
tolerance indeed experience higher failure rates. To this end, we collect data on abandoned
patent applications from the USPTO for the period 2013 through 2022 and compute the
abandonment rate as the ratio of abandoned applications to total applications at the firm-
year level.6 Columns (3) and (4) show that greater failure tolerance is associated with a
higher abandonment rate, although the coefficient is statistically significant only in Column
(4).

R&D expenses per inventor. Lastly, we examine whether more failure-tolerant firms
spend more on R&D per inventor. Columns (5) and (6) show that failure tolerance is pos-
itively associated with R&D expenses per inventor, although the coefficient is statistically
significant only in Column (5).

Taken together, these results provide consistent evidence that greater failure tolerance is
associated with higher innovation-related costs. Firms with higher failure tolerance appear
to commit more resources to each inventor and pursue more complex projects with a greater
likelihood of failure, reflecting a shift toward riskier, yet potentially more impactful innovation
strategies.

III.4 Identification

Our analysis so far sheds light on cross-sectional differences across firms: failure tolerance
appears to balance innovation quality and quantity and, notably, enhances inventor produc-
tivity. However, these findings are correlational rather than causal.

To identify the causal effect of failure tolerance, we leverage a sample of inventors who
move between firms ("movers"). When the new employer’s failure tolerance differs from
the old one, movers experience a sudden change in failure tolerance—effectively, a failure-
tolerance "shock." We exploit these shocks as quasi-experiments to study the impact of failure
tolerance on inventors’ productivity.

To address the endogeneity associated with job switches, we devise three increasingly
stringent empirical designs: difference-in-differences (DiD), matched-sample triple differ-
ences, and the former combined with an instrumental variable (IV).

6We cannot reliably assign abandoned patent applications to firms prior to 2013. Before the Leahy-Smith
America Invents Act (AIA) took effect in 2012, patent applications had to be filed in the name of individual
inventors. As a result, there is no direct way to determine the organization to which a patent would be
assigned—if granted—until the patent is issued. Following the AIA, patent applications can be (and in
most cases are) filed directly in the name of the inventors’ organization, which allows us to link abandoned
applications to firms.
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III.4.1 Difference-in-differences

Job switches are endogenous decisions: the formation and dissolution of employment ties
between firms and inventors is a two-sided matching process. A typical job switch is likely
preceded by a mismatch between an inventor and their former employer (e.g., due to tech-
nological changes or skill development) and followed by an improved match with their new
employer. As a result, job switches may increase an inventor’s productivity regardless of any
failure-tolerance shock.

To address this first concern, we compare movers who experience failure-tolerance shocks
of varying magnitudes and in different directions—toward higher or lower tolerance—against
each other. This approach allows us to net out the common effect of job switching per se,
while isolating relative productivity differences across movers along a fine gradient of shocks.

Empirically, this maps into a DiD design with a continuous shock. For a mover switching
from origin firm o to destination firm d in year τ , we define the continuous treatment as

∆α = αd,[τ−3,τ−1] − αo,[τ−4,τ−2], (III.11)

which captures the change in failure tolerance the mover experiences upon switching employ-
ers. We estimate the following regression:

Yift = ρ · ∆αi × Postit + Xf,t−1Γ + αi + αkt + αct + αs + εift, (III.12)

where i denotes an inventor, f denotes the inventor’s employer, and t denotes calendar year.
We use k to denotes 2-digit SIC industry of the employer, c the country in which the inventor
works, and s the event year. The dependent variable Yift reflects inventor productivity. Postit
is an indicator that equals one when the mover is employed by the destination firm, and zero
otherwise. Xf,t−1 contains employer control variables measured in year t− 1. The coefficient
ρ captures the impact of the failure-tolerance shock ∆α on inventors’ productivity.

However, this setting still relies on the strong assumption that movers do not select into
the change in failure tolerance, ∆αi. We argue that this concern is likely less serious than
it may appear. Specifically, we examine correlations between ∆α (based on SI or SII) and
movers’ pre-switch characteristics, including gender, career span, and patenting outcomes
over the past five years (counts, average dollar value, and citations). Across all specifications,
the correlation coefficients are consistently below 0.05. We further address this concern with
an IV in Section III.4.3.

Results. Table III.7 reports the coefficient estimates. Columns (1) and (2) show that,
after switching, movers exposed to a more positive failure-tolerance shock ∆α produce patents
with higher dollar value. Specifically, a one-standard-deviation increase in ∆α is associated
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with a 20–27% increase in the dollar value of the average patent, corresponding to $200,000–
300,000 per patent. This finding strongly corroborates our cross-sectional evidence that
higher failure tolerance is linked to higher patent quality. The results for citations point in
the same direction but are statistically weaker, as shown in columns (3) and (4).

On the quantity side, columns (5) and (6) show that changes in failure tolerance do not
significantly affect the number of patents an inventor produces, consistent with the cross-
sectional findings.

III.4.2 Matched triple differences

Job switches might not be randomly distributed over time and might coincide with macroe-
conomic shocks that subsequently affect inventor productivity. If such shocks systematically
push inventors toward more or less failure-tolerant employers, our DiD design could inad-
vertently capture differential exposure to macroeconomic conditions rather than the causal
effect of failure tolerance.

To address this concern, we add a third layer of differencing by comparing each mover
to a matched non-mover with similar pre-switch characteristics. Specifically, we require the
non-mover to be observed in the same calendar year, to work in the same country and 2-
digit SIC industry, and to have the same gender. Among all eligible candidates, we compute
Euclidean distance based on career span, patenting outcomes over the past five years (counts,
dollar value, and citations), and employer fundamentals (α, market capitalization, Tobin’s Q,
ROA, market leverage, cash-to-assets, and R&D-to-sales).7 Table III.8 reports the matching
diagnostics.

Specifically, we estimate the following regression:

Yift = ϕ · ∆αi × Postit ×Moveri + ψ · ∆αi × Postit + χ ·Moveri × Postit

+Xf,t−1Γ + αi + αkt + αct + αs + εift, (III.13)

where Moveri is an indicator that equals one for movers, and zero for matched non-movers.
The subscripts and other variables are the same as in Equation (III.12). The coefficient ϕ
captures the impact of the failure-tolerance shock ∆α on inventors’ productivity, relative to
comparable non-movers. In addition, we also specify a dynamic version of Equation (III.13)
to examine pre-trends:

7We normalize each matching variable by dividing it by the standard deviation of that variable across
movers.
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Yift =
5∑

s=−5
ϕs · ∆αi × 1(t− τ = s) ×Moveri +

5∑
s=−5

ψs · ∆αi × 1(t− τ = s)

+
5∑

s=−5
χs ·Moveri × 1(t− τ = s) + Xf,t−1Γ + αi + αkt + αct + αs + εift, (III.14)

where 1(t − τ = s) is an indicator that equals 1 if an observation is s ∈ [−5, 5] years away
relative to the job switch in year τ .

Results. The results are reported in Table III.8. The coefficients on the triple-interaction
term are qualitatively similar to those in Table III.7: after controlling for confounding trends
using matched non-movers, more positive failure-tolerance shocks improve inventors’ patent
quality without compromising quantity. These results further corroborate our earlier findings.
Figure III.6 plots the estimates of Equation (III.14). The results corroborate the findings in
Table III.8 and largely rule out the presence of pre-trends.

Positive and negative failure-tolerance shocks may affect inventors asymmetrically. Table
III.9 splits ∆α into a positive component, ∆α+, and a negative component, ∆α−. The results
show that the effect is driven primarily by movers who join less tolerant employers: they
substitute patent quantity for quality. However, the increase in quantity does not offset the
substantial drop in quality, leading to a net loss in innovation output. On the contrary, movers
joining more tolerant employers manage to increase patent quantity without compromising
quality.

III.4.3 Instrumental variable

To further strengthen causal identification, we exploit exogenous variation in failure-tolerance
differences between employers. Specifically, we leverage the fact that movers predominantly
join employers located near their previous employer. In our sample, 92% of job switches land
in the same country, 76% of new employers are within 200 kilometers of the old one, 54% of
movers stay in the same city. Hence, the average failure-tolerance level in the area surrounding
a mover’s previous employer should predict that of the new employer, independent of the
inventor’s choice.

Based on this intuition, for each job switch in year τ , we calculate the average failure
tolerance among other employers within a 200-kilometer radius of mover i’s origin employer o:

αo,[τ−3,τ−1] =
∑

g∈Ωo
Eg · αg,[τ−3,τ−1]∑

g∈Ωo
Eg

, (III.15)
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where Ωo denotes the set of employers within a 200-kilometer radius of firm o, and Eg denotes
the number of inventors employed by firm g within that radius.

Next, we compute the average failure-tolerance shock an inventor would experience if she
were to join an employer within that radius:

∆αi = αo,[τ−3,τ−1] − αo,[τ−4,τ−2]. (III.16)

This ex ante measure is strongly correlated with the realized change in failure tolerance, ∆αi,
with a correlation coefficient of 0.62 when computed using either SI or SII.

Results. Using this IV, we re-estimate equation (III.13). Table III.10 reports the coef-
ficient estimates. Across all specifications, both the Kleibergen–Paap rk Wald F statistics
and the Kleibergen–Paap rk LM statistics exceed conventional thresholds, indicating a strong
relationship between the IV and the endogenous variables. In columns (1) and (2), a more
positive failure-tolerance shock increases patent value, consistent with our earlier findings.
Columns (3) through (6) yield insignificant coefficients on the triple-interaction term, indi-
cating no detectable effect of failure tolerance on citations or patent quantity.

Overall, these results provide strong support for a causal interpretation of the relationship
between failure tolerance and inventor productivity: on average, greater failure tolerance
leads to higher patent quality.

III.5 Conclusion

In this paper, we develop a novel firm-level measure of failure tolerance based on firms’ patent
histories. We conceptualize innovation as unfolding in sequences and argue that a firm’s deci-
sion to persist following adverse patent examination outcomes reveals its underlying attitude
toward failure. Empirically, we measure failure tolerance as the most severe scope loss dur-
ing examination that is still followed by continued patenting within the same innovation
sequence. This measure captures a firm’s upper bound of tolerable failure and provides a
direct proxy for how much negative feedback it is willing to absorb before terminating a line
of innovation.

We show that failure tolerance reflects how firms balance the trade-off between innovation
quality and quantity under resource constraints. In the cross-section, more failure-tolerant
firms produce higher-quality patents, yet file fewer patents overall. At the per-inventor
level, however, failure tolerance increases patent value without reducing patenting volume,
suggesting that the quality-quantity trade-off operates primarily through firm-level resource
allocation rather than through lower individual effort. Failure-tolerant firms employ fewer in-
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ventors, invest more R&D per inventor, and pursue more complex and failure-prone projects,
indicating a shift toward more ambitious innovation strategies.

Taken together, our findings suggest that failure tolerance does not simply increase total
innovation output. Rather, it reallocates innovative effort toward more uncertain, complex,
and potentially high-value projects. By documenting both the benefits and costs associated
with tolerating failure, we provide new evidence on how firms design innovation strategies
under uncertainty and offer a novel empirical approach to measuring organizational attitudes
toward failure.
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III.A Appendix

III.A.1 Variable definitions

Table III.A1: Description of variables. This table defines the main numerical variables used in the
paper. All other variables are defined in the respective captions of the tables using them.

Variable Definition Source

Panel A: Firm sample

Dollar value per
patent

Average patent value (million 2022 USD) across patents filed by a
firm in a given year. The log specification is
log(Dollar value per patent).

Kogan et al.
(2017)

Dollar value per
inventor

Totaldollarvalue divided by Inventorcount. The log specification is
log(Dollar value per inventor).

Kogan et al.
(2017),
PatentsView

Total dollar
value

Total patent value (million 2022 USD) across patents filed by a firm
in a given year. The log specification is log(Total dollar value).

Kogan et al.
(2017)

Citation per
patent

Average number of citations received (through 2022) per patent,
computed across patents filed by a firm in a given year. The log
specification is log(1 + Citation per patent).

PatentsView

Citation per
inventor

Total citation divided by Inventorcount. The log specification is
log(1 + citation per inventor).

PatentsView

Total citation Total number of citations received (through 2022) per patent,
computed across patents filed by a firm in a given year. The log
specification is log(1 + Total citation).

PatentsView

Patent count Number of patents filed by a firm in a given year. The log
specification is log(1 + Patent count).

PatentsView

Patent count
per inventor

Patentcount divided by Inventorcount. The log specification is
log(1 + Patent count per inventor).

PatentsView

Inventor count Number of inventors associated with a firm in a given year. The log
specification is log(Inventor count).

PatentsView

Specification
length

Average page number of the specification section per patent,
computed across patents filed by a firm in a given year. The log
specification is log(Specification length).

PatentsView

Abandonment
rate

Abandoned patent applications as a percentage of all applications
files by a firm in a given year.

PatEx

SI Independent claim length, calculated as the word count of the
shortest independent claim of a patent. See Section III.2.3.

PatentsView

SII Weighted independent claim count, calculated by summing one over
word count across a patent’s independent claims. See Section III.2.3.

PatentsView

θ Relative patent scope loss, defined as the scope difference between a
patent’s pre-grant publication and its granted document,
normalized by their average. Patent scope is proxied by SI or SII.
See Section III.2.3.

PatentsView

α[t−3,t−1] Failure tolerance, defined as the 95th percentile of θ across patents
whose sequel patent was filed between year t − 3 and year t − 1. See
Section III.2.4.

PatentsView

θ[t−3,t−1] Average θ across patents whose sequel patent was filed between year
t − 3 and year t − 1. See Section III.2.4.

PatentsView
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Description of variables (continued).

Variable Definition Source

N[t−3,t−1] Number of patents whose sequel patent was filed between year t − 3
and year t − 1. The log specification is log(N[t−3,t−1]). See Section
III.2.4.

PatentsView

Market cap The product of the year-end stock closing price and the number of
shares outstanding (2022 USD). The log specification is
log(Market cap).

Compustat

Tobin’s Q (Total assets - book equity + market capitalization) / total assets Compustat
ROA EBITDA divided by total assets. Compustat
Leverage Book debt divided by enterprise value. Compustat
Cash/asset Cash divided by total asset. Compustat
R&D/sales R&D expenditure divided by sales. Compustat

Panel B: Mover sample

Dollar value per
patent

Average patent value (million 2022 USD) across patents filed by an
inventor under a firm in a given year. The log specification is
log(Dollar value per patent).

PatentsView

Citation per
patent

Average number of citations received (through 2022) per patent,
computed across patents filed by an inventor under a firm in a given
year. The log specification is log(1 + Citation per patent).

PatentsView

Patent count Number of patents filed by an inventor under a firm in a given year.
The log specification is log(1 + Patent count).

PatentsView

∆α The destination firm’s α[t−3,t−1] minus that of the origin firm. The
failure tolerance of both firms is measured in the year of the job
switch.

PatentsView

∆α+ Equals ∆α if ∆α > 0, and zero otherwise. PatentsView
∆α− Equals ∆α if ∆α ≤ 0, and zero otherwise. PatentsView
Post Equals one from the year a mover is associated with the destination

firms onward, and zero otherwise.
Mover Equals one for movers, and zero for matched non-movers.
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III.A.2 Technical notation

Table III.A2: Description of technical terms. This table defines patent-related technical terms used
throughout the paper.

Term Definition

Patent Scope It defines the boundaries of what is covered by the patent and what
activities would infringe upon it. The scope is determined by the claims
included in the patent document, which describe the specific aspects or
features of the invention that are protected. These claims outline the
precise invention’s characteristics, functionality, and novelty, and they
serve as the basis for assessing whether an alleged infringing product or
process falls within the scope of the patent. A broad patent scope
provides stronger protection, while a narrow scope limits the extent of
protection.

Patent Claims Each patent document typically includes several claims which define the
boundaries of the invention. Together, the claims define the scope of a
patent. There are two main types of patent claims, independent claims
and dependent claims.

Independent Patent Claims These stand alone claims and do not refer to any other claim within the
patent. They define the invention as broadly as possible, encompassing
all possible variations or embodiments of the invention that the inventor
considers to be novel and inventive.

Dependent Patent Claims These claims refer back to one or more preceding independent claims,
adding specific limitations or details to the invention. Dependent claims
further refine and narrow down the scope of protection provided by the
independent claims. They may add specific features or elements to the
invention, making the protection more precise but also potentially more
limited.

Pre-Grant Publication Pre-grant publication refers to the act of publishing a patent application
before the patent is officially granted. This publication makes the
contents of the patent application publicly available, typically through a
patent office database or publication system.

Patent Examination Process The patent examination process is the procedure by which a patent office
evaluates whether an invention meets the requirements for patentability
and merits the grant of a patent.

CPC-Patent Class The CPC (Cooperative Patent Classification) is a patent classification
system jointly developed by the United States Patent and Trademark
Office (USPTO) and the European Patent Office (EPO). It is used to
classify patent documents based on the technical features of the inventions
they disclose. The CPC system is hierarchical and organized into various
levels of classification, with each level representing increasing specificity.
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III.A.4 Name matching

We start from the universe of USPTO patent assignees and the universe of CapitalIQ compa-
nies. We standardize all assignee and firm names and apply a frequency-based name matching
algorithm to link the two data sets following B. H. Hall, Jaffe and Trajtenberg (2001).

The name standardization routine and the name matching algorithm can be downloaded
from the following link: https://sites.google.com/site/patentdataproject/Home. We adapt
the codes to our sample. To maximize precision while minimizing data losses, we require
assignee-company pairs matched by the algorithm with non-identical standardized names
to have a normalized Levenshtein distance of at least 0.5. All pairs below the threshold are
dropped. The normalized Levenshtein distance is defined as the Levenshtein distance between
two strings divided by the string length of the longer component. We further require each
matched CapitalIQ firm to be assigned at least one patent within its sample period.

III.A.5 Linking patent scope to variables of interest

This appendix describes the methodology underlying Figure III.2-III.4. The sample includes
1,604,815 domestic utility patents which are filed between 2000 and 2022, linked to a Cap-
italIQ firm, published before the applicant responds to the first rejection with the text of
the pre-grant publication and the patent grant available, and is supplemented with forward
citation up to 2022. The sample for Figure III.2(a), III.2(c), III.3(a) and III.3(c) is further
combined with patent dollar value estimated by Kogan et al. (2017). For each patent, we
measure its pre-examination patent scope, post-examination patent scope and scope reduc-
tion as defined in Section III.2.3. We classify a patent as terminating a sequence according to
our definition in Section III.2.2. To investigate the relationship between variables of interest
and our scope measures, we estimate the following regression model:

ypkf = αkf + β · xpkf + Zpkf · γ + εpkf , (III.17)

where ypkf can be log dollar value, log citation or a successor dummy. The follow-on dummy
equals one if a patent has a successor, and zero otherwise. p denotes a patent, f denotes its
filing year and k denotes its three-digit CPC patent class. αkf denotes time-varying factors
within patent classes. xp is the variable of interest. Zp is a vector of controls. εpkf is the error
term. To single out the partial relationship between ypkf and xp, we estimate two partitioned
regressions:

ypkf = δkf + Zpkf · η + ζpkf (III.18)

xpkf = ϕkf + Zpkf ·ψ + ξpkf , (III.19)
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and define the partialled-out versions of ypkf and xp as the respective estimated residual plus
their unconditional mean:

y∂
pkf = ζ̂pkf + ȳpkf (III.20)

x∂
pkf = ξ̂pkf + x̄pkf . (III.21)

Lastly, to visualize the relationship between y∂
pkf and x∂

pkf , we sort the sample by x∂
pkf into

20 quantiles and plot the average y∂
pkf against the average x∂

pkf for each quantile.
Table III.A5 reports the OLS estimates of Eq. III.17. Figure III.2(a), III.2(c), III.2(b),

III.2(d), III.3(a), III.3(c), III.3(b), III.3(d), III.4(a) and III.4(b) correspond to Column 1-10
respectively. The slope of the fitted line in each figure equals the respective coefficient on the
x-axis variable.
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III.A.6 Matching Diagnostics

Table III.A6: Matching diagnostics. This table reports summary statistics for all variables used in
the matching procedure, separately for movers and their matched non-movers. All variables are measured
in year t − 1, relative to the move. Matching is based on the Euclidean distance computed over career
characteristics and recent patenting activity, including career length and patent outcomes over the past five
years (counts, citation-weighted counts, and dollar value), as well as employer characteristics (α, market
capitalization, Tobin’s Q, ROA, leverage, cash-to-assets, and R&D-to-sales). Career length is the number of
years since an inventor’s first patent application with an assigned employer. The final column reports the
Imbens-Wooldridge statistics between movers and matched non-movers. All other variables are defined in
Table III.A1.

Movers Matched non-movers
(N = 11,186) (N = 11,186)

Mean Median SD Mean Median SD IW-
stat

ROA 0.084 0.082 0.131 0.086 0.083 0.123 -0.006
Leverage 0.131 0.102 0.116 0.129 0.102 0.113 0.008
Tobin’s Q 1.994 1.700 1.185 1.990 1.703 1.164 0.001
Cash/asset 0.133 0.097 0.106 0.133 0.097 0.102 0.002
R&D/sales 0.180 0.079 0.728 0.170 0.078 0.664 0.005
Log market cap. 9.914 10.129 1.830 9.952 10.129 1.790 -0.007
αt−3→t-1 (SI) 0.717 0.740 0.263 0.718 0.740 0.261 -0.002
αt−3→t-1 (SII) 0.569 0.599 0.212 0.571 0.599 0.209 -0.003
Log career length 2.263 2.303 0.747 2.244 2.303 0.732 0.009
Log patent count past 5 years 1.631 1.609 0.708 1.628 1.609 0.704 0.001
Log avg. citation past 5 years 1.602 1.504 1.056 1.598 1.496 1.020 0.002
Log avg. dollar value past 5 years 1.668 1.583 1.355 1.667 1.605 1.345 0.000
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III.A.7 Example of Patent Scope Reduction

We provide an example of independent claims of a patent application and their altered
versions at grant. We omit all dependent claims. The example comprises a patent for a three
rack dishwasher. The shortest independent claim length at application was Claim 29 with
12 words. After the examination process, the final patent grant document shows that the
shortest independent claim is Claim 24 with 41 words, i.e., 29 words have been added after
the patent examination. Please note that the order of claims has shifted, which affected the
claim enumeration but does not impact our patent scope measure. For the patent at hand
we would calculate the following estimates for patent scope (SI and SII) and patent scope
reduction:

• SI,pre = 12, SII,post = 41

• SII,pre = 0.2401, SII,post = 0.0748

• θI = 1.0943, θII = 1.0498

U.S. Patent Application (US 2003/0226580 A1, filed: Dec. 11, 2003)

Claim 1. A dishwasher comprising: a lower rack; a middle rack; an upper rack; a rotable
lower spray arm associated with the lower rack; a rotatable middle spray arm associated with
the middle rack; and a rotatable upper spray arm associated with the upper rack.

Claim 10. A dishwasher comprising: a lower rack; a middle rack; an upper rack; the middle
and upper racks each having a sloped bottom portion, with the slope of each bottom portion
in opposite directions.

Claim 17. A dishwasher comprising: a flat lower rack without tines; a sloped middle rack;
and a sloped upper rack.

Claim 25. A dishwasher comprising: a pair of racks each having a sloped bottom por-
tion; the bottom portions being sloped in opposite directions.

Claim 29. A dishwasher comprising: a pair of racks; each rack being vertically adjustable.

U.S. Patent (US 7032604 B2, granted: Apr. 25, 2006)

Claim 1. A dishwasher comprising: a lower rack; a middle rack; an upper rack; wherein the
middle and upper racks each being rectangular and each having opposite sides with lower
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edges located at different elevations so as to define sloped bottoms; a rotatable lower spray
arm associated with the lower rack; a rotatable middle spray arm associated with the middle
rack; a rotatable upper arm associated with the upper rack.

Claim 9. A dishwasher comprising: a washing chamber; a lower rackl a middle rack; an
upper rack, the racks each extending substantially across the washing chamber; the middle
and upper racks, each being rectangular and each having opposite sides with lower edges
located at different elevations so as to define bottoms sloped in opposite directions from one
another.

Claim 16. A dishwasher comprising: a flat lower rack without tines; a middle rack; an
upper rack, the middle and upper racks being rectangular and each having opposite sides
with lower edges located at different elevations so that the racks are inclined with respect to
a horizontal plane; and the upper rack being positioned over the middle rack.

Claim 24. A dishwasher comprising: a wash chamber; a pair of rectangular racks posi-
tioned above the other, and each having opposite sides with lower edges located at different
elevations so as to define sloped bottoms; and the bottoms being sloped in opposite direce-
tions.
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III.B Figures

(a): Concentration

(b): Continuity

Figure III.1: Inventors’ research scope This figure characterizes the research fields of a representative
inventor in this paper. Figure III.1(a) plots the maximum percentage of a representative inventor’ inventions
that can be attributed to a single technological field. The sample includes 344,852 distinct inventors with at
least two inventions. Figure III.1(b) plots the percentage of inventions that are followed by another invention
invented by the same inventor within three years that is classified in the same technological field. The sample
includes 896,107 inventions that are followed by at least on invention by the same inventor within three years.
On the x-axis are technological fields defined on different granularity, corresponding to the first four levels in
the Cooperative Patent Classification system. The number of categories within each level is (as of Jan 2024):
9 (Section), 137 (Class), 677 (Sub-class) and 9815 (Group).
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(a): Log patent value - log SI,post (b): Log citation - log SI,post

(c): Log patent value - log SII,post (d): Log citation - log SII,post

Figure III.2: Patent value, citation and scope. This figure depicts the relationship between patent
dollar value or citation and our patent scope measures. The sample includes 1,604,815 domestic utility
patents filed between 2000 and 2022. The x-axis variable is post-examination patent scope SI,post or SII,post

in logarithm. The y-axis variable is either patent value or citation in logarithm. Patent value is the patent
dollar value estimated by Kogan et al. (2017). Citation is calculates as the number of cites received until
2022. All figures control for factors specific to each cohort within each class. The sample is sorted into 20
bins sorted by the x-axis variable. Each dot represents the sample average of a bin. A detailed description
of the methodology is provided in Appendix III.A.5. Scope measures are defined in Table III.A1.
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(a): Log patent value - θI (b): Log citation - θI

(c): Log patent value - θII (d): Log citation - θII

Figure III.3: Patent value, citation and scope reduction. This figure depicts the relationship
between patent dollar value or citation and patent scope reduction. The sample includes 1,604,815 domestic
utility patents filed between 2000 and 2022. The x-axis variable is reduction of patent scope during patent
examination θI or θII. The y-axis variable is either patent dollar value or citation in logarithm. Patent value
is the patent dollar value estimated by Kogan et al. (2017). Citation is calculates as the number of cites
received until 2022. All figures control for factors specific to each cohort within each class and the log of
respective pre-examination patent scope SI,pre or SII,pre. The sample is sorted into 20 quantiles according
to the x-axis variable. Each dot represents the sample average of a quantile. A detailed description of the
methodology is provided in Appendix III.A.5. Scope measures are defined in Table III.A1.
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(a): Probability of terminating a sequence - θI

(b): Probability of terminating a sequence - θII

Figure III.4: Sequence termination and scope loss. This figure depicts the relationship between the
probability of a patent terminating an innovation sequence and its scope reduction in patent examination.
The sample includes 1,604,815 domestic utility patents filed between 2000 and 2022. The x-axis variable is
reduction of patent scope during patent examination θI or θII. The y-axis variable is a dummy that equals
one if a patent terminates a patent sequence as defined in Section III.2.2, and zero otherwise. All figures
control for factors specific to each cohort (filling year) within each three-digit CPC patent class and the log
of respective pre-examination patent scope SI,pre or SII,pre. The sample is sorted into 20 bins sorted by the
x-axis variable. Each dot represents the sample average of a bin. A detailed description of the methodology
is provided in Appendix III.A.5. Scope measures are defined in Table III.A1.
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Figure III.5: Sample breakdown by industry. This chart demonstrates the sample composition across
industries. The sample includes 7,394 firm-year observations involving 1,110 distinct firms from 2003 to 2022.
The SIC codes for the industries on the vertical axis are 28 (chemical), 36 (electronic), 38 (instruments),
35 (industrial machinery), 73 (business services), 37 (transportation equipment), D excluding the two-digit
codes mentioned before (other manufacturing), and all others (other industries).
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(a): Patent value around job switches - ∆α (SI) (b): Patent value around job switches - ∆α (SII)

(c): Citations around job switches - ∆α (SI) (d): Citations around job switches - ∆α (SII)

(e): Patent count around job switches - ∆α (SI) (f): Patent count around job switches - ∆α (SII)

Figure III.6: Inventor productivity around job switches. This figure depicts the coefficients on the
triple interaction terms in Equation (III.14). The dependent variables include average patent dollar value,
average citations received, and patent count.
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III.C Tables

Table III.1: Summary statistics. This table provides summary statistics of all firm-level and inventor-
level numeric variables used for analysis in this paper. All variables are defined in Table III.A1.

N Mean SD P1 P25 Median P75 P99

Panel A: Firm sample

Dollar value per patent (mn) 5,504 27.031 63.631 0.058 3.010 8.931 23.736 283.907
Log dollar value per patent 5,504 2.081 1.683 -2.853 1.102 2.190 3.167 5.649
Dollar value per inventor (mn) 5,492 34.470 862.580 0.019 0.937 3.103 8.710 201.484
Log dollar value per inventor 5,492 1.613 1.233 0.018 0.661 1.412 2.273 5.311
Total dollar value (bn) 5,504 2.540 11.705 0.000 0.024 0.153 1.014 38.195
Log total dollar value 5,504 5.107 2.494 0.345 3.218 5.039 6.923 10.551
Citation per patent 7,132 6.603 22.742 0.000 0.333 2.125 6.413 64.750
Log citation per patent 7,132 1.270 1.076 0.000 0.288 1.139 2.003 4.186
Citation per inventor 7,101 2.829 10.414 0 0 1 3 31
Log citation per inventor 7,101 0.805 0.826 0.000 0.125 0.574 1.253 3.466
Total citation 7,132 628.770 2,866.348 0 3 35 250 11,706
Log total citation 7,132 3.579 2.555 0.000 1.386 3.584 5.526 9.368
Patent count 7,394 118.247 458.133 0 4 13 50 2,167
Log patent count 7,394 2.901 1.726 0.000 1.609 2.639 3.932 7.682
Patent count per inventor 7,332 0.456 0.350 0.000 0.250 0.385 0.565 1.750
Log patent count per inventor 7,332 0.354 0.197 0.000 0.223 0.325 0.448 1.012
Inventor count 7,394 254.771 909.005 1 12 35 122 4,248
Log inventor count 7,394 3.774 1.728 0.693 2.565 3.584 4.812 8.354
Specification length 7,093 27.391 32.862 1.000 12.500 18.550 29.132 164.862
Log specification length 7,093 2.930 0.891 0.000 2.526 2.921 3.372 5.105
Abandonment rate 4,568 0.164 0.215 0.000 0.000 0.079 0.250 1.000
α[t−3,t−1] (SI) 7,394 0.459 0.332 -0.256 0.231 0.476 0.658 1.319
α[t−3,t−1] (SII) 7,394 0.561 0.382 -0.343 0.294 0.602 0.833 1.395
θ[t−3,t−1] (SI) 7,394 0.008 0.148 -0.373 -0.065 0.000 0.068 0.491
θ[t−3,t−1] (SII) 7,394 0.010 0.183 -0.456 -0.079 0.001 0.084 0.587
N[t−3,t−1] 7,394 76.181 382.548 2 3 8 25 1,595
Log N[t−3,t−1] 7,394 2.412 1.533 0.693 1.099 2.079 3.219 7.375
Market cap. (bn) 7,394 14.029 49.434 0.010 0.352 1.673 8.934 168.285
Log market cap. 7,394 7.447 2.243 2.291 5.864 7.422 9.098 12.033
Tobin’s Q 7,394 2.845 2.284 0.746 1.426 2.100 3.309 13.798
ROA 7,394 -0.035 0.298 -1.287 -0.080 0.057 0.122 0.401
Leverage 7,394 0.100 0.115 0.000 0.002 0.068 0.152 0.482
Cash/asset 7,394 0.213 0.189 0.010 0.081 0.156 0.279 0.878
R&D/sales 7,394 0.761 2.264 0.002 0.045 0.132 0.263 13.119
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Summary statistics. (continued)

N Mean SD P1 P25 Median P75 P99

Panel B: Mover sample

Dollar value per patent 51,022 22.984 63.581 0.015 0.538 5.221 16.936 273.290
Log dollar value 51,022 1.152 2.460 -4.198 -0.621 1.653 2.829 5.611
Citation per patent 68,488 4.604 17.452 0 0 1 4 57
Log citation 68,488 0.961 1.012 0.000 0.000 0.693 1.609 4.052
Patent count 118,675 1.259 2.406 0 0 1 2 10
Log patent count 118,675 0.584 0.610 0.000 0.000 0.693 1.099 2.398
∆α (SI) 118,675 -0.014 0.321 -0.916 -0.137 -0.012 0.114 0.881
∆α (SII) 118,675 -0.019 0.396 -1.194 -0.180 -0.011 0.145 1.073
θ (SI) 118,675 0.004 0.072 -0.204 -0.017 0.002 0.021 0.249
θ (SII) 118,675 0.005 0.091 -0.278 -0.019 0.004 0.028 0.307
Log N(θ) 118,675 5.385 2.148 0.000 3.784 5.849 7.095 8.903
Log market cap. 118,675 9.955 1.712 5.000 8.918 10.044 11.156 13.270
Tobin’s Q 118,675 2.010 1.328 0.820 1.122 1.629 2.478 7.085
ROA 118,675 0.087 0.126 -0.364 0.032 0.078 0.154 0.380
Leverage 118,675 0.131 0.117 0.000 0.039 0.102 0.193 0.490
Cash/asset 118,675 0.135 0.107 0.018 0.066 0.101 0.171 0.536
R&D/sales 118,675 0.160 0.664 0.011 0.053 0.073 0.151 1.248
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Table III.2: Failure tolerance and patent dollar value. This table reports OLS estimates of
regression coefficients. The dependent variable is the log of average patent dollar value per patent or per
inventor in a year. Patent dollar value is estimated by Kogan et al. (2017). α[t−3,t−1] is the tolerance
threshold, defined as the 95th percentile of the relative patent scope loss across patents whose sequel patent
was filed between year t − 3 and year t − 1. Patent scope is proxied by SI or SII. All variables are defined
in Table III.A1. Y ear is defined on calendar years. Industry is defined on two-digit SIC codes. Standard
errors are clustered on the firm level. T-statistics are enclosed in parentheses. *, **, *** indicate significance
level of 10%, 5% and 1% respectively.

Dep. var.: Log dollar value per patent Log dollar value per inventor

Scope measure: SI SII SI SII

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

α[t−3,t−1] 0.448*** 0.519*** 0.304*** 0.346***
(2.59) (3.39) (3.16) (4.10)

θ[t−3,t−1] -0.584** -0.616*** -0.534*** -0.371***
(-2.11) (-2.76) (-3.16) (-2.66)

Log N[t−3,t−1] -0.371*** -0.393*** -0.241*** -0.254***
(-5.10) (-5.35) (-6.69) (-6.98)

Log market capt−1 0.530*** 0.533*** 0.418*** 0.420***
(16.73) (16.85) (14.72) (14.83)

Tobin’s Qt−1 0.152*** 0.149*** 0.075*** 0.074***
(6.61) (6.53) (4.46) (4.38)

ROAt−1 0.560*** 0.558*** 0.062 0.061
(3.30) (3.31) (0.52) (0.52)

Leveraget−1 1.228*** 1.237*** 1.099*** 1.103***
(2.66) (2.71) (4.11) (4.15)

Cash/assett−1 -0.043 -0.046 0.193 0.186
(-0.21) (-0.23) (1.45) (1.41)

R&D/salest−1 0.028** 0.031** 0.012 0.013
(1.98) (2.14) (1.07) (1.19)

Year × industry FE Yes Yes Yes Yes
Adj. R2 0.502 0.505 0.472 0.474
N 5,476 5,476 5,463 5,463
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Table III.3: Failure tolerance and patent citation. This table reports OLS estimates of regression
coefficients. The dependent variable is the log of one plus the average citation received by patents filed by a
firm or inventor in a year. α[t−3,t−1] is the measure of failure tolerance. See Section III.2.4. Patent scope is
proxied by SI or SII. All variables are defined in Table III.A1. Y ear is defined on calendar years. Industry
is defined on two-digit SIC codes. Standard errors are clustered on the firm level. T-statistics are enclosed
in parentheses. *, **, *** indicate significance level of 10%, 5% and 1% respectively.

Dep. var.: Log citation per patent Log citation per inventor

Scope measure: SI SII SI SII

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

α[t−3,t−1] 0.128** 0.140*** 0.093* 0.075*
(2.19) (2.78) (1.88) (1.78)

θ[t−3,t−1] -0.068 -0.198** -0.135 -0.178**
(-0.59) (-2.18) (-1.39) (-2.33)

Log N[t−3,t−1] 0.008 0.003 0.030** 0.030**
(0.53) (0.19) (2.14) (2.08)

Log market capt−1 0.008 0.009 -0.015 -0.015
(0.71) (0.75) (-1.33) (-1.33)

Tobin’s Qt−1 0.053*** 0.052*** 0.047*** 0.047***
(6.38) (6.33) (6.01) (6.01)

ROAt−1 0.005 0.003 0.000 0.000
(0.05) (0.04) (0.00) (-0.00)

Leveraget−1 -0.195 -0.190 -0.314*** -0.314***
(-1.30) (-1.27) (-2.74) (-2.76)

Cash/assett−1 0.229** 0.232** 0.275*** 0.277***
(2.21) (2.25) (2.96) (2.99)

R&D/salest−1 0.012 0.012 0.006 0.006
(1.61) (1.64) (0.82) (0.83)

Year × industry FE Yes Yes Yes Yes
Adj. R2 0.584 0.585 0.451 0.451
N 7,128 7,128 7,095 7,095
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Table III.4: Failure tolerance and patent count. This table reports OLS estimates of regression
coefficients. The dependent variable is the log of one plus the number of certified patents filed by a firm or
inventor in a year. α[t−3,t−1] is the measure of failure tolerance. See Section III.2.4. Patent scope is proxied
by SI or SII.. All variables are defined in Table III.A1. Y ear is defined on calendar years. Industry is
defined on two-digit SIC codes. Standard errors are clustered on the firm level. T-statistics are enclosed in
parentheses. *, **, *** indicate significance level of 10%, 5% and 1% respectively.

Dep. var.: Log patent count Log patent count
per inventor Log inventor count

Scope measure: SI SII SI SII SI SII

(1) (2) (3) (4) (5) (6)

α[t−3,t−1] -0.295*** -0.300*** 0.022 0.003 -0.305*** -0.253***
(-4.20) (-4.97) (1.51) (0.20) (-3.74) (-3.79)

θ[t−3,t−1] 0.389*** 0.336*** -0.052* -0.022 0.464*** 0.328**
(2.69) (3.02) (-1.87) (-0.96) (2.63) (2.52)

Log N[t−3,t−1] 0.654*** 0.662*** 0.017*** 0.018*** 0.614*** 0.615***
(35.16) (36.31) (4.39) (4.91) (29.25) (29.93)

Log market capt−1 0.283*** 0.282*** -0.004 -0.004 0.307*** 0.307***
(17.59) (17.65) (-1.41) (-1.47) (16.36) (16.40)

Tobin’s Qt−1 -0.024*** -0.024*** 0.002 0.002 -0.029*** -0.028***
(-2.76) (-2.72) (0.85) (0.89) (-2.91) (-2.89)

ROAt−1 -0.238*** -0.243*** -0.020 -0.020 -0.186** -0.192**
(-3.11) (-3.18) (-1.06) (-1.02) (-2.29) (-2.36)

Leveraget−1 0.290 0.276 -0.058 -0.060 0.479** 0.474**
(1.48) (1.41) (-1.58) (-1.63) (2.14) (2.11)

Cash/assett−1 0.253*** 0.249** 0.054** 0.055** 0.102 0.098
(2.60) (2.56) (2.28) (2.30) (0.91) (0.87)

R&D/salest−1 0.009 0.008 0.000 0.000 0.013 0.012
(1.17) (1.07) (0.12) (0.10) (1.43) (1.38)

Year × industry FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.770 0.771 0.137 0.136 0.765 0.764
N 7,394 7,394 7,330 7,330 7,394 7,394
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Table III.5: Failure tolerance and total innovation output. This table reports OLS estimates of
regression coefficients. The dependent variable is the log of one plus the product of the number of certified
patents filed by a firm in a year and the corresponding average patent dollar value or the corresponding
citation. α[t−3,t−1] is the measure of failure tolerance. See Section III.2.4. Patent scope is proxied by SI or
SII. All variables are defined in Table III.A1. Y ear is defined on calendar years. Industry is defined on
two-digit SIC codes. Standard errors are clustered on the firm level. T-statistics are enclosed in parentheses.
*, **, *** indicate significance level of 10%, 5% and 1% respectively.

Dep. var.: Log total dollar value Log total citation

Scope measure: SI SII SI SII

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

α[t−3,t−1] 0.151 0.173 -0.131 -0.100
(0.93) (1.19) (-1.27) (-1.09)

θ[t−3,t−1] -0.288 -0.191 0.253 0.028
(-1.04) (-0.84) (1.20) (0.17)

Log N[t−3,t−1] 0.209*** 0.202*** 0.608*** 0.608***
(3.40) (3.24) (23.43) (23.31)

Log market capt−1 0.881*** 0.882*** 0.292*** 0.292***
(30.25) (30.24) (12.78) (12.77)

Tobin’s Qt−1 0.081*** 0.080*** 0.037** 0.037**
(3.37) (3.34) (2.55) (2.55)

ROAt−1 0.058 0.058 -0.259* -0.264*
(0.33) (0.33) (-1.71) (-1.75)

Leveraget−1 1.634*** 1.637*** -0.078 -0.081
(3.56) (3.57) (-0.25) (-0.26)

Cash/assett−1 0.332 0.327 0.671*** 0.670***
(1.53) (1.52) (3.77) (3.76)

R&D/salest−1 0.026* 0.027* 0.027* 0.027*
(1.69) (1.72) (1.94) (1.93)

Year × industry FE Yes Yes Yes Yes
Adj. R2 0.705 0.705 0.737 0.737
N 5,476 5,476 7,128 7,128
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Table III.6: The costs of failure tolerance. This table reports OLS estimates of regression coefficients.
Specification length is the page count of a patent’s specification text, averaged across all patents filed by a
firm in a year. Log specificaiton length is the log of specification length. Abandonment rate is computed as
the number of applications abandoned over the number of all applications filed by a firm in a year. α[t−3,t−1]
is the measure of failure tolerance. See Section III.2.4. All variables are defined in Table III.A1. Y ear is
defined on calendar years. Industry is defined on two-digit SIC codes. Standard errors are clustered on the
firm level. T-statistics are enclosed in parentheses. *, **, *** indicate significance level of 10%, 5% and 1%
respectively.

Dep. var.: Log specification length Abandonment rate Log R&D expenses
per inventor

Scope measure: SI SII SI SII SI SII

(1) (2) (3) (4) (5) (6)

α[t−3,t−1] 0.144** 0.129** 0.029 0.041** 0.211** 0.131
(2.00) (2.14) (1.51) (2.50) (1.99) (1.40)

θ[t−3,t−1] -0.134 -0.038 -0.086** -0.090*** -0.159 -0.097
(-1.01) (-0.35) (-2.47) (-2.86) (-0.81) (-0.59)

Log N[t−3,t−1] 0.083*** 0.081*** -0.009** -0.011*** -0.437*** -0.433***
(5.15) (4.90) (-2.44) (-2.85) (-16.83) (-16.17)

Log market capt−1 0.028** 0.028** 0.001 0.001 0.424*** 0.424***
(2.32) (2.36) (0.19) (0.24) (17.36) (17.31)

Tobin’s Qt−1 0.017* 0.017* -0.004* -0.004* -0.124*** -0.124***
(1.74) (1.71) (-1.76) (-1.77) (-9.24) (-9.24)

ROAt−1 -0.129 -0.127 -0.024 -0.024 -0.477*** -0.474***
(-1.49) (-1.47) (-1.16) (-1.16) (-4.20) (-4.18)

Leveraget−1 -0.104 -0.100 0.044 0.046 0.949*** 0.944***
(-0.69) (-0.67) (0.99) (1.05) (3.21) (3.19)

Cash/assett−1 0.007 0.009 0.022 0.022 0.137 0.143
(0.05) (0.07) (0.80) (0.79) (0.94) (0.98)

R&D/salest−1 0.018 0.018 -0.001 -0.001 0.043*** 0.044***
(1.50) (1.53) (-0.31) (-0.28) (3.62) (3.67)

Year × industry FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.166 0.166 0.210 0.211 0.486 0.485
N 7,098 7,098 4,578 4,578 6,447 6,447
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Table III.7: Mover difference-in-difference. This table reports the estimates of Equation (III.12).
∆α is the difference in failure tolerance a mover is exposed to. Post is an indicator equal to one from the
year a mover is associated with the destination firms onward. All other variables are defined in Table III.A1.
Y ear is defined on calendar years. Industry is defined on two-digit SIC codes. Standard errors are clustered
on the firm level. T-statistics are enclosed in parentheses. *, **, *** indicate significance level of 10%, 5%
and 1% respectively.

Dep. var.: Log dollar value Log citation Log patent count

Scope measure: SI SII SI SII SI SII

(1) (2) (3) (4) (5) (6)

∆α × Post 0.672*** 0.621*** 0.041 0.073* -0.022 -0.020
(8.75) (10.33) (0.90) (1.94) (-1.21) (-1.26)

θ[t−3,t−1] -0.303*** -0.107 -0.201** -0.161** -0.048 -0.013
(-3.08) (-1.34) (-2.51) (-2.50) (-1.57) (-0.55)

Log N[t−3,t−1] -0.331*** -0.342*** -0.041*** -0.043*** 0.001 0.001
(-28.30) (-29.07) (-7.11) (-7.27) (0.19) (0.36)

Log market capt−1 0.441*** 0.444*** 0.018*** 0.018** 0.005 0.005
(34.91) (35.21) (2.59) (2.49) (1.53) (1.42)

Tobin’s Qt−1 0.140*** 0.135*** 0.024*** 0.025*** -0.003 -0.003
(14.46) (14.12) (4.91) (5.03) (-1.15) (-1.02)

ROAt−1 1.074*** 1.092*** -0.161*** -0.161*** -0.005 -0.004
(10.85) (11.08) (-2.63) (-2.63) (-0.18) (-0.15)

Leveraget−1 1.233*** 1.234*** -0.057 -0.044 -0.005 -0.003
(8.28) (8.29) (-0.77) (-0.60) (-0.14) (-0.08)

Cash/assett−1 -0.010 -0.003 0.005 0.005 0.122*** 0.121***
(-0.12) (-0.04) (0.08) (0.08) (4.09) (4.06)

R&D/salest−1 0.041*** 0.043*** -0.003 -0.003 0.001 0.001
(2.65) (2.73) (-0.31) (-0.32) (0.27) (0.22)

Inventor FE Yes Yes Yes Yes Yes Yes

Inventor FE Yes Yes Yes Yes Yes Yes
Industry × Year FE Yes Yes Yes Yes Yes Yes
Country × Year FE Yes Yes Yes Yes Yes Yes
Event Year FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.908 0.909 0.428 0.428 0.267 0.267
N 47,490 47,490 65,350 65,350 118,675 118,675
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Table III.8: Mover triple difference-in-difference. This table reports the estimates of Equa-
tion (III.13). ∆α is the difference in failure tolerance a mover is exposed to. Post is an indicator equal
to one from the year a mover is associated with the destination firms onward. Mover is an indicator equal to
one for movers. All other variables are defined in Table III.A1. Y ear is defined on calendar years. Industry
is defined on two-digit SIC codes. Standard errors are clustered on the firm level. T-statistics are enclosed
in parentheses. *, **, *** indicate significance level of 10%, 5% and 1% respectively.

Dep. var.: Log dollar value Log citation Log patent count

Scope measure: SI SII SI SII SI SII

(1) (2) (3) (4) (5) (6)

∆α × Mover × Post 0.538*** 0.504*** 0.056 0.109** -0.023 -0.007
(6.49) (7.80) (1.02) (2.42) (-0.98) (-0.38)

∆α × Post 0.120*** 0.055** -0.009 -0.023 -0.009 -0.013
(4.25) (2.39) (-0.29) (-0.91) (-0.63) (-1.14)

Post×Mover 0.281*** 0.287*** 0.175*** 0.177*** 0.050*** 0.051***
(10.80) (11.07) (11.92) (11.76) (6.56) (6.63)

θ[t−3,t−1] -0.238*** -0.022 -0.077 -0.063 -0.021 -0.012
(-3.34) (-0.37) (-1.12) (-1.13) (-0.76) (-0.54)

Log N[t−3,t−1] -0.277*** -0.283*** -0.035*** -0.037*** 0.001 0.001
(-25.95) (-26.41) (-6.05) (-6.11) (0.31) (0.34)

Log market capt−1 0.394*** 0.394*** 0.011 0.010 0.006* 0.006*
(34.27) (34.29) (1.58) (1.44) (1.91) (1.83)

Tobin’s Qt−1 0.103*** 0.101*** 0.022*** 0.022*** 0.000 0.000
(13.08) (12.88) (4.85) (4.74) (-0.11) (-0.03)

ROAt−1 0.811*** 0.823*** -0.074 -0.073 -0.006 -0.006
(10.28) (10.43) (-1.29) (-1.24) (-0.23) (-0.23)

Leveraget−1 1.182*** 1.173*** 0.052 0.057 -0.063* -0.061*
(9.28) (9.17) (0.73) (0.77) (-1.73) (-1.68)

Cash/assett−1 0.063 0.062 -0.051 -0.050 0.065** 0.065**
(0.93) (0.92) (-0.96) (-0.92) (2.32) (2.31)

R&D/salest−1 0.023** 0.024** 0.000 0.000 0.003 0.003
(1.96) (1.99) (-0.00) (-0.02) (0.87) (0.85)

Inventor FE Yes Yes Yes Yes Yes Yes
Industry × Year FE Yes Yes Yes Yes Yes Yes
Country × Year FE Yes Yes Yes Yes Yes Yes
Event Year FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.919 0.919 0.442 0.392 0.288 0.288
N 74,174 74,174 86,701 86,701 152,578 152,578
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Table III.9: Heterogeneous Effect. This table reports heterogeneous effects across movers. ∆α+

equals ∆α if the latter is positive, and zero otherwise. ∆α− equals ∆α if the latter is negative, and zero
otherwise. ∆α is the difference in failure tolerance a mover is exposed to. Post is an indicator equal to one
from the year a mover is associated with the destination firms onward. Mover is an indicator equal to one
for movers. All other variables are defined in Table III.A1. Y ear is defined on calendar years. Industry is
defined on two-digit SIC codes. Standard errors are clustered on the firm level. T-statistics are enclosed in
parentheses. *, **, *** indicate significance level of 10%, 5% and 1% respectively.

Dep. var.: Log dollar value Log citation Log patent count

Scope measure: SI SII SI SII SI SII

(1) (2) (3) (4) (5) (6)

∆α+ × Mover × Post 0.166 0.091 -0.059 0.053 0.022 0.082**
(1.13) (0.72) (-0.56) (0.60) (0.53) (2.34)

∆α− × Mover × Post 0.800*** 0.774*** 0.144* 0.154** -0.058* -0.062**
(6.52) (8.31) (1.89) (2.50) (-1.69) (-2.28)

∆α+ × Post 0.298*** 0.165*** -0.037 -0.088 -0.012 -0.071***
(4.80) (3.03) (-0.58) (-1.59) (-0.40) (-2.89)

∆α− × Post 0.019 0.000 0.008 0.010 -0.007 0.019
(0.48) (-0.01) (0.18) (0.29) (-0.34) (1.23)

Post×Mover 0.343*** 0.370*** 0.194*** 0.190*** 0.042*** 0.033***
(9.92) (10.34) (10.44) (9.59) (4.15) (3.17)

θ[t−3,t−1] -0.241*** -0.030 -0.077 -0.064 -0.021 -0.010
(-3.39) (-0.50) (-1.12) (-1.14) (-0.76) (-0.46)

Log N[t−3,t−1] -0.276*** -0.283*** -0.034*** -0.037*** 0.001 0.001
(-25.93) (-26.34) (-6.02) (-6.04) (0.30) (0.32)

Log market capt−1 0.393*** 0.393*** 0.010 0.010 0.007* 0.006*
(34.10) (34.14) (1.52) (1.41) (1.93) (1.85)

Tobin’s Qt−1 0.103*** 0.102*** 0.022*** 0.023*** 0.000 0.000
(13.07) (12.96) (4.89) (4.82) (-0.14) (-0.03)

ROAt−1 0.814*** 0.826*** -0.073 -0.074 -0.006 -0.006
(10.32) (10.49) (-1.28) (-1.25) (-0.22) (-0.23)

Leveraget−1 1.173*** 1.163*** 0.044 0.051 -0.060* -0.059
(9.21) (9.10) (0.61) (0.69) (-1.67) (-1.63)

Cash/assett−1 0.065 0.063 -0.049 -0.050 0.064** 0.065**
(0.95) (0.93) (-0.92) (-0.92) (2.29) (2.32)

R&D/salest−1 0.024** 0.024** 0.000 0.000 0.003 0.003
(2.04) (2.02) (-0.00) (-0.02) (0.87) (0.84)

Inventor FE Yes Yes Yes Yes Yes Yes
Industry × Year FE Yes Yes Yes Yes Yes Yes
Country × Year FE Yes Yes Yes Yes Yes Yes
Event Year FE Yes Yes Yes Yes Yes Yes
Adj. R2 0.919 0.919 0.442 0.392 0.288 0.288
N 74,174 74,174 86,701 86,701 152,578 152,578
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Table III.10: IV Approach. This table reports the IV estimates of Equation (III.13). ∆α+ equals ∆α
if the latter is positive, and zero otherwise. ∆α− equals ∆α if the latter is negative, and zero otherwise. ∆α
is the difference in failure tolerance a mover is exposed to. Post is an indicator equal to one from the year
a mover is associated with the destination firms onward. Mover is an indicator equal to one for movers.
All other variables are defined in Table III.A1. Y ear is defined on calendar years. Industry is defined on
two-digit SIC codes. Standard errors are clustered on the firm level. T-statistics are enclosed in parentheses.
*, **, *** indicate significance level of 10%, 5% and 1% respectively.

Dep. var.: Log dollar value Log citation Log patent count

Scope measure: SI SII SI SII SI SII

(1) (2) (3) (4) (5) (6)̂(∆α × Mover × Post) 0.329** 0.283** -0.107 -0.036 0.014 0.026
(2.37) (2.40) (-1.17) (-0.48) (0.38) (0.78)̂(∆α × Post) 0.176*** 0.092** -0.075 -0.111** -0.030 -0.052***
(3.37) (2.04) (-1.31) (-2.49) (-1.25) (-2.63)

Post × Mover 0.273*** 0.277*** 0.173*** 0.177*** 0.052*** 0.054***
(10.40) (10.19) (11.56) (11.91) (6.75) (6.88)

θ[t−3,t−1] -0.205*** 0.014 -0.017 -0.008 -0.024 -0.008
(-2.72) (0.21) (-0.24) (-0.13) (-0.84) (-0.34)

Log N[t−3,t−1] -0.271*** -0.274*** -0.027*** -0.025*** 0.000 0.001
(-24.10) (-22.48) (-4.45) (-3.90) (0.10) (0.43)

Log market capt−1 0.394*** 0.395*** 0.012* 0.012* 0.006* 0.006*
(34.38) (33.11) (1.80) (1.68) (1.87) (1.81)

Tobin’s Qt−1 0.102*** 0.101*** 0.021*** 0.022*** 0.000 0.000
(13.03) (12.42) (4.67) (4.85) (-0.09) (-0.01)

ROAt−1 0.813*** 0.823*** -0.068 -0.066 -0.007 -0.006
(10.27) (10.02) (-1.18) (-1.16) (-0.26) (-0.22)

Leveraget−1 1.167*** 1.157*** 0.038 0.043 -0.061* -0.060
(9.07) (8.64) (0.52) (0.61) (-1.68) (-1.63)

Cash/assett−1 0.058 0.056 -0.059 -0.059 0.066** 0.065**
(0.85) (0.80) (-1.11) (-1.10) (2.34) (2.29)

R&D/salest−1 0.023** 0.024* 0.000 0.000 0.003 0.003
(1.97) (1.93) (0.02) (-0.00) (0.88) (0.84)

Inventor FE Yes Yes Yes Yes Yes Yes
Industry × Year FE Yes Yes Yes Yes Yes Yes
Country × Year FE Yes Yes Yes Yes Yes Yes
Event Year FE Yes Yes Yes Yes Yes Yes
Kleibergen-Paap rk Wald F-stat 1003.179 1056.948 1211.703 1534.500 1779.586 2003.077
Kleibergen-Paap rk LM stat 613.280 605.767 736.636 763.610 966.583 1025.880
Kleibergen-Paap rk LM p-value 0.000 0.000 0.000 0.000 0.000 0.000
Adj. R2 0.172 0.108 -0.005 -0.005 -0.006 -0.044
N 74,165 74,165 86,691 86,691 152,564 152,564
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Conclusion

This dissertation studies intangible capital at different stages of its life cycle—transaction,
internal reallocation, and production. Although each chapter focuses on a distinct empirical
setting, they share a common premise: the value of intangible capital depends not only on
its technological or human content, but also on the institutional and strategic contexts in
which it is embedded.

Chapter I examines the transaction phase. It shows that technology-oriented acquisitions
update the market’s beliefs about the acquirer’s existing technological base. Firms that
appear to acquire technology overlapping with that of their industry peers are more likely to
be perceived as technologically lagging and experience more negative announcement returns.
These returns therefore reflect not only the transaction’s NPV but also the revaluation of
underlying capabilities.

Chapter II turns to internal reallocation. It documents that multi-location firms shift
employment across regions in response to differences in labor costs, labor supply, and skill
composition, primarily by relocating jobs rather than workers. Organizational geography
thus becomes a mechanism for managing human-embedded intangible capital in spatially
segmented labor markets.

Chapter III studies the production of intangible capital. Using a novel measure of failure
tolerance derived from patent examination, it shows that more failure-tolerant firms produce
higher-quality patents but fewer patents overall, reflecting a trade-off between the quality
and quantity of innovation driven by incentive design.

Taken together, the three chapters advance several overarching insights.
First, intangible capital is inseparable from information. Because intangible capital is

difficult to observe and value directly, much information is revealed indirectly—through ac-
quisitions, organizational structure, and the outcomes of internal processes. Corporate events
and design choices become mechanisms for generating and transmitting information. Any
attempt to value firms in an intangible economy must therefore account for endogenous
information revelation.

Second, intangible capital is shaped by boundaries—between firms, across regions, and
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within organizations. Acquisitions move intangible assets across firms; multi-location struc-
tures reallocate human-embedded capital across regions; incentive schemes shape how indi-
vidual knowledge is converted into patentable assets. Hence, the firm emerges not merely
as a production unit, but as an institution that governs the mobility, transformation, and
control of intangible resources under frictions.

Third, managing intangible capital involves trade-offs. Acquisitions that close technolog-
ical gaps may generate long-run benefits while triggering short-run revaluations. Geographic
dispersion improves efficiency but raises organizational complexity. Tolerance for failure en-
hances innovation quality at the expense of quantity. These trade-offs caution against eval-
uating performance relying on single metrics—such as announcement returns, employment
growth, or patent counts—and instead call for more structural approaches to understanding
firm behavior and value creation in intangible-intensive settings.

In a world where an increasing share of firm value resides in knowledge, organizational
processes, and human expertise, traditional frameworks centered on tangible assets and ob-
servable investment are incomplete. By tracing intangible capital across its life cycle, the
three chapters jointly contribute to a more integrated view of corporate behavior in the
intangible economy.
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