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1 Introduction

Firms’ incentives to develop new technologies depend not only on competition with other

firms, but also on the connections that exist between them. Because innovation requires

large investments in R&D and produces knowledge that can spill over across firms, con-

nections between competitors could either dampen innovation incentives (by reducing

rivalry) or enhance them (by sharing information and reducing duplicative R&D). These

competing forces make the relationship between firm connectedness and innovation the-

oretically ambiguous. A prevalent form of connection among competing companies hap-

pens at the corporate level through shared board members. Such board interlocks can

help reduce uncertainty and facilitate information exchange (Stein, 2008), but may also

support coordination among rivals (Battaggion and Cerasi, 2020, Herrera-Caicedo, Jeffers

and Prager, 2026). However, despite rich theoretical background, whether these organiza-

tional connections promote innovation or instead alter firms’ strategic incentives remains

an open empirical question.

This paper addresses the gap in the literature. The way it does it is by introducing a

new way to account for non-random director assignment across firms. As an intermedi-

ate step, I estimate an AKM model (Abowd, Kramarz and Margolis, 1999) for my sample

of board members and firms, and then use the resulting board member fixed effects as

controls for latent director ability in a second stage. The AKM model exploits the con-

nectedness of the director–firm matching network to separate persistent board member

heterogeneity from persistent firm heterogeneity. This allows me to mute a fundamental–

and typically unobserved–endogenous channel. The empirical design pairs these AKM

controls with a comprehensive set of control variables, which are designed to control for

all the known channels that make the relationship between interlocking directorates and

innovation endogenous. The remaining variation is therefore intended to be as close as

possible to selection on observables. As key robustness tests, I complement the baseline

regressions with both (i) sensitivity analyses that quantify how strong residual selection

on unobservables would have to be to overturn the coefficients of interest, and (ii) a set of

event studies around the formation of a new interlock. I also analyze the external validity

of the estimated board member fixed effects.

I find that interlocking directorates are associated with higher innovative output, mea-
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sured as increases in both raw and citation-weighted counts of patents. At the same time,

I find no evidence that these interlocks are associated with higher R&D spending or av-

erage market-based values. These estimates are robust to a wide variety of alternative

specifications, including different estimators, alternative definitions of market competi-

tion, and other vectors of control variables. The sensitivity analyses also indicate that

unobservables would need to be much stronger than the rich set of included observables

to overturn the headline estimates, indicating that omitted variable bias is an unlikely

driver of these estimates.1 For instance, the test from Cinelli and Hazlett (2020) indicates

that one would need an unobservable covariate that is approximately 9.2 times stronger

than firm size or 46 times stronger than R&D spending to nullify my estimate on the

number of patents in the OLS regression.

To understand the mechanisms behind why interlocked firms patent more, I run a se-

ries of additional regressions and event studies to distinguish between strategic patenting

behavior as opposed to technological learning. I first show that, when two firms interlock

with each other for the first time, they start cross-citing each other more in their patents.

However, although interlocked firms patent more after treatment, these new patents are

mostly continuation patents, which are commonly associated with strategic patenting and

more litigation (Berger, Blind and Thumm, 2012, Hegde, Mowery and Graham, 2009,

Righi, 2026, Righi and Simcoe, 2023, Righi, Cannito and Vladasel, 2023). Also, although

they cite each other more often after treatment, these citations do not systematically ex-

pand into new partner technology classes. Nor do the data show a clear increase in ci-

tations to technologically proximate partner patents. Instead, the stronger post-interlock

responses are concentrated in citations to partner patents that are older and not techno-

logically close to the citing patent. This would also explain why, in the baseline regres-

sions, there is no statistically significant effect on the market-based values of these new

patents: if they were truly innovative, we would expect to see a value-based response.

This interpretation carries some policy implications. If interlocks were mainly pro-

moting knowledge diffusion, their effect on patenting could be viewed as at least partly

innovation-enhancing. By contrast, the evidence here provides evidence that most of the

1The use of OLS regressions with a saturated vector of controls and sensitivity analyses in the absence
of clear exogenous shocks is not new in empirical research in Economics. Arguably, the most famous ex-
ample is Altonji, Elder and Taber (2005), in which the authors estimate the impact of Catholic high school
attendance on college outcomes.
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post-interlock increase in patent activity reflects strategic portfolio management. No re-

sult presented in this paper suggests that board interlocks promote the production of

higher-valued or more innovative patents. That matters because strategic patenting may

raise legal congestion or increase the complexity of overlapping intellectual property

claims (?). Therefore, the costs of interlocks may extend beyond product market coordi-

nation or information sharing in the usual antitrust sense. This may imply that regulators

evaluating interlocks would want to pay close attention not only to product market effects

but also to how board connections may alter innovation strategy, which in turn may affect

market entry.

This paper contributes to three strands of literature. The first one is the literature

on interlocking directorates. In the recent empirical branch of this literature, Poberejsky

(2024) uses exogenous firm mergers to find that horizontal interlocks increase cumulative

returns on assets. He also documents that, when a horizontal interlock breaks, patent-

ing decreases.2 Barone, Schivardi and Sette (2025) exploit the effect of a ban on inter-

locking directorates in the Italian banking industry to find that, as a result of the law,

previously interlocked banks experienced a decrease in their interest rates compared to

banks that were never interlocked. Herrera-Caicedo, Jeffers and Prager (2026) provide

direct evidence that firms become substantially more likely to collude after they begin

sharing executives or board directors. Whereas they study explicit coordination in labor

markets, I examine whether the same organizational link reshapes firms’ innovation be-

havior and the strategic use of intellectual property. Cabezon and Hoberg (2026) show

that firms embedded in denser competitor board networks experience innovation herd-

ing, lower product differentiation, lower patent values, and poorer performance. Guiso,

Schivardi and Zaccaria (2026) study the spillover effects of board gender quotas in Italy

and find that firms connected to regulated companies through interlocking directorates

increase their female board representation despite not being subject to the quotas them-

selves. Gualdani (2021) develops a game of network formation with an application to

interlocking directorates and finds that a firm’s payoff from having an executive sitting

on the board of a competitor increases with the number of other competitors that have an

2Apart from the empirical strategies being radically different, while Poberejsky (2024) looks at the effect
of losing an interlocking directorate on financial returns using a difference-in-differences strategy, mine fo-
cuses on what happens when you form a new interlocking directorate. It is unlikely that the two phenomena
have symmetric effects.

3



executive appointed to that firm’s board. Earlier theoretical and qualitative work in soci-

ology focused on the determinants of interlocking directorates and tried to uncover fac-

tors that are correlated with them (Dooley, 1969, Mizruchi, 1996). These include studies

on industry concentration and horizontal interlocks (Burt, 1983, Pennings, 1980), coopta-

tion (Allen, 1974, Bunting, 1976, Palmer, Friedland and Singh, 1986, Pfeffer, 1972, Pfeffer

and Salancik, 1978, Selznick, 1949, Stearns and Mizruchi, 1993, Thompson and McEwen,

1958), career advancement (Stokman, Knoop and Wasseur, 1988, Zajac, 1988), and social

ties (Mills, 1956).

This paper contributes to this literature in several ways. First, it provides new firm-

and pair-level evidence that interlocks reshape innovative activity not only on the inten-

sive margin of patenting, but also in the direction of technological interaction between

connected firms. Existing work has argued that interlocks may transmit information, fa-

cilitate coordination, and affect strategic behavior (Burt, 1983, Mizruchi, 1996, Pfeffer and

Salancik, 1978). Nevertheless, we lack empirical evidence on how these channels affect

firm innovation. I address this by analyzing patenting behavior, citations, and the tim-

ing of first interlock formation and showing that board connections are associated with

a reorganization of firms’ innovation activity. Second, the paper opens the black box of

the mechanisms more directly than the existing literature by distinguishing between gen-

uine knowledge transmission and defensive use of patents. At the firm level, I show that

the increase in patenting is concentrated in continuation patents, which are commonly

linked with strategic patenting motives. Using pair-level event studies, I then show that

post-interlock citation responses are disproportionately concentrated in older and non-

technologically proximate partner patents. Third, this paper offers a new organizational

perspective to the literature on innovation by showing that the consequences of interlock-

ing are not restricted to product market coordination but extend to how firms manage

patenting portfolios and position themselves in the technological space. In that sense,

the paper bridges the literatures on corporate governance, innovation, and intellectual

property (Cohen, Nelson and Walsh, 2000, Hall and Ziedonis, 2001, ?) by documenting

that interlocks can operate through a strategic channel that has largely been overlooked

in prior work.

The second literature studies common ownership among rival firms and, more gener-
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ally, the consequences of firms sharing the same resources.3 Work in this area analyzes

how horizontal links created by overlapping shareholders reshape competition, manage-

rial incentives, innovation, and merger incentives. Azar (2022) shows that firms with a

high degree of common ownership are more likely to share directors, while Azar, Schmalz

and Tecu (2018) argue that common ownership can soften product market competition

and raise prices. Antón et al. (2023a) develop a mechanism through top management

incentives and show that, when firms share important shareholders, managerial pay be-

comes less tied to aggressive relative performance. This in turn can dampen competitive

pressure. Relatedly, Antón et al. (2023b) show that common ownership can affect merger

incentives and acquisition activity, while Ederer and Pellegrino (2026) quantify the wel-

fare costs of the interaction between ownership overlap and product market rivalry. Eldar

and Grennan (2021) study common ownership in startups backed by venture capitalists

and argue that it differs from passive institutional ownership of public firms, since ven-

ture capitalists are active owners and may create channels through which information and

coordination pass across firms. This literature is relevant for my paper as it shows that,

in general, horizontal links among rivals need not have a uniform effect on innovation.

For instance, Antón et al. (2025) shows that the sign of this effect depends on whether the

dominant force is the internalization of technological spillovers or the softening of prod-

uct market rivalry. Whereas common ownership links rivals through shared shareholders

and changes incentives from above, interlocking directorates link rivals inside the board-

room and may operate through information transmission as well as through competition.

I contribute to this literature by showing that horizontal board links shape innova-

tion not through broad increases in measured R&D, but through changes in the direction

and strategic use of firms’ patenting behavior. In particular, I show that while newly

interlocked competitors increase cross citation activity, this response is concentrated in

the partner patents that are older and non-technologically close to the citing patent, a

pattern more consistent with strategic patenting than with technological learning. This

paper complements the common ownership literature by identifying a board-level chan-

nel through which shared resources among competing firms can affect innovation and

the management of patent boundaries. In my series of robustness checks, I also test how

3A related literature about mergers and innovation similarly emphasizes that horizontal integration
can alter innovation incentives through the interaction of reduced competitive pressure and innovation
externalities (Federico, Langus and Valletti, 2017, 2018).
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the estimated coefficients would change if I were to control for average levels of common

ownership at the firm level, and I find that the results would remain unchanged. This

suggests that shared board members may shape firms’ innovation strategies in addition

to the influence of common owners.

The third and final strand of literature studies AKM models. This class of models

was originally introduced by Abowd, Kramarz and Margolis (1999). Since its introduc-

tion, the AKM model has provided researchers with a way to quantify how much of wage

inequality is attributable to worker-specific factors, firm-specific factors, and the sorting

between high-wage workers and high-wage firms. In the recent past, this framework has

been employed in several empirical applications (see Card et al. (2018) and Kline (2024)

for a comprehensive overview), as well as sparking a lively literature on the estimation

of the model. For instance, Andrews et al. (2008) showed that the so-called limited mo-

bility bias can depress the estimated correlation between worker and firm effects, and

they propose a bias-correction method.4 Andrews et al. (2012) report clear evidence that

this bias masks positive assortative matching. Kline, Saggio and Sølvsten (2020) develop

a leave-one-out correction for estimating the variance of firm effects and the covariance.

The current consensus, accounting for the latest bias-correction methods, is that there is

positive assortative matching in most labor markets. In the empirical application of this

paper, however, I am not concerned about the estimation of such sorting. Instead, I use

the AKM model only to estimate the individual fixed effects of the board members. In a

correctly specified AKM model, worker and firm fixed effects are unbiased regardless of

positive or negative sorting. Therefore, the correction approaches that the literature has

discussed to correctly estimate sorting do not apply to my case.

To my knowledge, this is the first paper to use the AKM model in an intermediate

step to control for an endogenous and unobservable channel. In my empirical strategy,

I first estimate the AKM model for the largest connected sample of board members and

firms. Then, I collect the estimated director fixed effects –which are, by definition, a proxy

variable for their time-invariant ability– and aggregate them at the firm-year level to con-

4Limited mobility bias can arise because worker and firm fixed effects in AKM models are identified
from workers who move across firms. The connectedness of the worker–firm network is particularly weak
when the mobility of workers across firms is sparse, which means that the sampling noise in estimated firm
effects can attenuate the estimated covariance between worker and firm effects. In other words, if not too
many workers move across firms in the data, it becomes difficult to distinguish whether high wages are due
to the worker or the firm, which biases downward the estimates of assortative matching.
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struct a measure of aggregate board ability for every company in each year. Using this

firm-level aggregated AKM measure as a control variable allows me to mute the board

member ability channel, which would otherwise complicate the analysis. In the corporate

finance literature, Bertrand and Schoar (2003) exploit the movement of top executives

across firms to estimate manager fixed effects and show that managers account for per-

sistent differences in corporate performance. Graham, Li and Qiu (2012) use the AKM

model to study how firm and executive-specific effects explain executive compensation,

and find that executive fixed effects explain a large portion of the variation in pay. Cavaco

et al. (2017) applies the AKM model to find that having more independent directors on the

board correlates with lower firm performance. Importantly, Bertrand and Schoar (2003)

and Graham, Li and Qiu (2012) focus on top executives, while Cavaco et al. (2017) focuses

on French board members, using independence as the key margin of interest. My AKM

model differs from theirs both in the sample, as I look at the universe of executives and

independent directors in public U.S. firms, and in the purpose, as I use the AKM fixed

effect estimates as control variables in a second stage and not as an outcome of interest

per se.

The rest of this paper is organized as follows. Section 2 illustrates the institutional

context, the data I use, and a series of descriptive statistics. Section 3 lays out my identifi-

cation strategy. Then, Section 4 shows the baseline results. After that, Section 5 discusses

and shows results related to the mechanisms that may explain the results I document.

Section 6 discusses the robustness of these results to alternative specifications. Finally,

Section 7 concludes.

2 Institutional Context and Data

2.1 Section 8 of the Clayton Act and Recent Ramp-Up in Enforcement

Because of collusion concerns, Section 8 of the Clayton Antitrust Act deemed interlocking

directorates illegal in 1914, and they have remained so ever since. Not all forms of inter-

locking directorates are unlawful: only those between competing companies (i.e., in the
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same line of industry) that exceed size-based thresholds.5 Nevertheless, antitrust enforce-

ment against interlocking directorates has been notoriously lax since the establishment of

this law. Between 1899 and 2022, the U.S. Department of Justice (DoJ) was involved in

just eleven cases involving interlocking directorates (Poberejsky, 2024). Several reasons

may explain this lenient antitrust stance, including for example ambiguity over the rele-

vant notion of competition and the FTC’s broad discretion in exercising its enforcement

powers (Nili, 2022).

That said, under the Biden administration in particular, enforcement of Section 8 of

the Clayton Act ramped up. In 2021, the DoJ started renewing its scrutiny of interlocking

directorates. In June of that year, they broke an interlock between Endeavor and Live Na-

tion, two sports and entertainment companies that closely competed in several markets.

Scrutiny of interlocking directorates only grew stronger after that, and in October 2022,

seven more directors from five different companies also resigned in response to DOJ con-

cerns about potentially illegal interlocks.6 In 2023, the FTC followed suit and announced

an order that would prohibit Quantum from obtaining a seat on EQT’s Board of Direc-

tors following EQT’s acquisition of certain natural gas assets from private equity firm

Quantum. Behind this decision was the FTC’s explicit worry that this board appointment

would create a potentially illegal interlock.7

2.2 Data on Boards and Interlocking Directorates

The main source of information on boards in this paper is BoardEx, which assembles

board rosters for U.S. public companies from disclosures filed with the Securities and Ex-

change Commission (SEC). For each appointment to a board, BoardEx records the names

and the titles of the board members along with their demographic attributes, compensa-

5This revenue threshold is set at $54,402,000 (for Section 8(a)(1) of the Clayton Act) as of the time of
this writing. Interlocking directorates are still permissible for competing firms if and only if the sales of
either corporation are less than $5,440,200 (Section 8(a)(2)(A) of the Clayton Act), the competitive sales of
either corporation constitute less than 2% of that corporation’s total sales, or the competitive sales of both
corporations constitute less than 4% of each corporation’s total sales. These thresholds are reviewed each
year–usually in January–by the Federal Trade Commission (FTC).

6Directors Resign from the Boards of Five Companies in Response to Justice Department Concerns about
Potentially Illegal Interlocking Directorates (justice.gov)

7FTC Approves Final Order to Prevent Interlocking Directorate Arrangement, Anticompetitive Infor-
mation Exchange in EQT, Quantum Energy Deal (ftc.gov)
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tion components, and employment histories. From these microdata, I reconstruct board

composition over time and identify interlocking directorates by identifying the firms that

share at least one board member. To then classify horizontal ties, I implement a rule-based

Section 8 screen. I first restrict attention to firm pairs that are competitors at the chosen

industry cut8 and that share at least one board member (either an independent director or

an executive) in a given year. I then merge the FTC’s annual Section 8 thresholds with this

information and use Compustat to determine whether each firm is covered by the statute

in a given year and is not exempt under absolute de minimis sales cutoff. Finally, I classify

an observed horizontal interlock as Section 8–violating when both firms are eligible and

neither belongs to an excluded entity type, such as banks or trust entities. Appendix A.1

provides the full algorithm and implementation details.

Figure 1 summarizes the prevalence of Section 8–violating horizontal interlocks in the

sample. Panel 1a shows that illegal interlocks are far from rare: in recent years, roughly

30% of public firms in the U.S. engaged in the practice with a competitor, while the aver-

age number of interlocks per firm was 0.67 in 2024. Panel 1b shows the cross section from

2024 which highlights that, conditional on interlocking, most firms only had one horizon-

tal interlock. Only a handful collects three or more at the same time. In Appendix A.5.4, I

relax the NAICS-2 assumption and focus on all interlocks, including those between firms

with different NAICS-2 codes. Although the regression results do not change under this

more relaxed definition, I do find that the estimated prevalence of interlocks would rise

substantially.9 Finally, in Appendix A.2, I report three empirical facts about interlocking

directorates that, to the best of my knowledge, are novel.

2.3 Measures of Innovation

In my analysis, I distinguish between firm-level innovation inputs, outputs, and values.

Inputs reflect the resources that firms devote to the innovation process, outputs capture

the technological products of that process, and value measures the market-based eco-

nomic importance of the innovations that are ultimately produced. First, to measure in-

8I use NAICS-2 codes as a baseline but later relax this restriction to test for robustness.
9See Figure A.5.1 for the counts of industry-unrestricted interlocking directorates.
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Figure 1: Firm-Level Statistics About Horizontal Interlocking Directorates, 2000-2024
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Notes: Panel (a) shows the average number of horizontal interlocking directorates (blue line, left axis) across
all firms in the sample by year, and the percentage of firms that have at least one interlocking directorate
by year (red line, right axis). Panel (b) shows the cross sectional distribution of the number of horizontal
interlocking directorates by firm in 2024, along with the percentage of firms for each category.

novation inputs, I use the R&D expenditure data from Compustat in U.S. Dollars10 To

measure innovation outputs, I use two patent-based outcomes. The first is the raw count

of new patents issued to a firm in a certain year. The second one is a citation-weighted

count, defined as

CW Patentsjt =
∑
p∈Pjt

1 +
Cp

C̄p

 ,
where Pjt is the set of patents granted to firm j in year t, Cp is the number of forward cita-

tions received by patent p, and C̄p is the average number of citations received by patents

granted in the same year as patent p. Both the firm-level patent counts and the number of

citations come from the dataset built by Kogan et al. (2017), which has now been extended

to the end of 2024, and builds on the patent data from Hall, Jaffe and Trajtenberg (2001).

10In Compustat, R&D spending is missing for many firms. Therefore, I follow the standard in the litera-
ture and replace missing R&D values with zeros and then use a dummy variable equal to one if the reported
R&D is zero as a control variable (Antón et al., 2025).

10



Table 1: Mean Firm-Level Summary Statistics for All Firms and All Available Years

(1)
All Firms, 2000–2024

Panel A: Firm-Level Statistics
Assets 14,173.82
Revenue 6,302.94
COGS 4,159.07
Employees (k) 17.16
Patenting Dummy 0.38

Panel B: Outcome Variables
R&D 169.43
Patents 26.24
Citation-Weighted Patents 50.93
Average Patent Value 8.39

N (firm-years) 10,034
N (firms) 1,949

Notes: Columns report means across firm-years. Assets, Rev-
enue, COGS, and R&D are in U.S. dollars (millions). Employees
are in thousands. R&D Intensity is the ratio of R&D to assets. At
Least One Patent Indicator is a dummy variable equal to 1 if a
firm patented at least once during the year.

Finally, to measure the value of innovation, I again follow Kogan et al. (2017) and use

stock market reactions around patent grants as a proxy for the private economic value

of innovation (Hall, Jaffe and Trajtenberg, 2005). In particular, for each patent p, Kogan

et al. (2017) estimate the firm’s abnormal stock-market reaction, denoted by ξp, over the

three-day event window around the grant date. I then aggregate these patent-level values

to the firm-year level by summing across all patents granted to firm j in year t:

Total Valuejt =
∑
p∈Pjt

ξp,

where Pjt again refers to the number of patents granted to firm j in year t. This variable

captures the total private economic value that the stock market attributes to the firm’s
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newly granted patents in that year. I also construct an average-value measure,

Average Valuejt =
Total Valuejt

Pjt
,

which captures the mean private economic value of the patents granted to firm j in year t.
Table 1 summarizes the variables introduced above.

3 Empirical Strategy

Let j index firms and t years. Use Yjt to denote an outcome of interest (e.g., patent counts,

citation-weighted patents, log R&D, or patent-value measures). Let Interlockjt denote

the interlock treatment, measured as an indicator for whether firm j holds at least one

relevant interlocking directorate in year t. The baseline estimating equation is

Yjt = β Interlockjt + Xjtφ + Ajtπ + ψj + λs(j)t + ηr(j)t + εjt, (1)

where ψj are company fixed effects, λs(j)t are industry×year fixed effects (with s(j) denot-

ing the firm’s industry), and ηr(j)t are state×year fixed effects (with r(j) denoting the firm’s

headquarters U.S. state). The vector Xjt collects a rich set of time-varying firm and gov-

ernance controls, chosen using double LASSO. These controls come from Compustat and

BoardEx. The coefficient of interest, β, captures the association between interlocks and

the outcome. In an alternative specification,

Yjt = β Interlockjt + Xjtφ + Ajtπ + ψj + τt + εjt, (2)

one may use company fixed effects ψj and year fixed effects, τt. Each table will report

estimates from both Equation 1 and 2.

These equations also include Ajt, which denotes board ability, which means that the

neglect ofAjt from the estimated regression would lead to omitted variable bias. Ability is

something we usually cannot explicitly control for, as it is unobserved in most empirical

settings. This is why, in this paper, I introduce a novel identification strategy that hinges

on the AKM model to partial out the effect of Ajt on Yjt. In particular, I first estimate
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board member ability in an intermediate step using the AKM model. This is a framework

that originates from Abowd, Kramarz and Margolis (1999), which they used to decompose

wage variation between worker and firm effects. In its canonical form, the AKM is a two-

way fixed effect model:

Wijt = γi +ψj +Xjt θ +Zit ξ + ϵijt, (3)

where Wijt is the wage earned by worker i in firm j at time t. This wage is then regressed

on both worker fixed effects and firm fixed effects, along with a vector of control variables

(Xjt,Zit) collecting firm- and director-level observables. In the presence of the standard

assumptions of this model, namely, mean independence of the error term and no match

effects, the worker and firm fixed effects are unbiased. In my application on board mem-

bers, I use the total compensation package (which includes bonuses and options on top of

the baseline salary) as my measure of Wijt. I collect this compensation data from Execu-

Comp.

There is a large and rich literature that deals with bias in the measurement of sorting

and variance decomposition in this model (Andrews et al., 2008, 2012, Bonhomme et al.,

2023, Card et al., 2018, Card, Heining and Kline, 2013, Eeckhout and Kircher, 2011, Kline,

Saggio and Sølvsten, 2020). However, in my empirical framework, I do not compute plug-

in variance decompositions. My exclusive purpose is to use the AKM model as illustrated

in Equation 3 to recover γ̂i as a proxy for director ability. After estimating the model, I col-

lect the γ̂i and use them to construct board-level ability aggregates at the firm-year level

and obtain Ajt. These firm-level AKM aggregates enter downstream regressions as con-

trols for the ability channel that simultaneously drives interlock formation and outcomes.

I restrict these further analyses to firm–years in which the full board is observed. The

individual fixed effects are known to always be unbiased and consistent in the presence

of complete information about the workers’ wages (Kline, 2024).

Even after controlling for Ajt and all other channels, one cannot rule out remaining

selection on unobservables using OLS. We can, however, determine how large unobserv-

ables would have to be to nullify the estimates on β from Equations 1 and 2. Hence why, in

the second part of my identification strategy, I complement the AKM and baseline regres-

sions with a range of modern sensitivity analyses (Altonji, Elder and Taber, 2005, Cinelli

and Hazlett, 2020, Diegert, Masten and Poirier, 2025, Masten and Poirier, 2026, Oster,

2019). Every regression that I estimate in this paper is complemented by several tests: in
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the main part of the text, I report the sensitivity analyses from Cinelli and Hazlett (2020).

In Appendix A.4, I report the complementary Oster-β and Oster-δ estimates from Oster

(2019), as well as the sign-change breakdown point from Masten and Poirier (2026). The

same appendix section contains an in-depth mathematical illustration of each of these

tests.

4 Results

4.1 AKM Model

The director fixed effects from the AKM model reflect the time-invariant ability of each

board member. They are, effectively, the residuals of their compensation after partialling

out time trends, company fixed effects, individual and firm characteristics, and other rele-

vant covariates that may affect how much they get compensated. If better board members

enjoy better careers and sort into more successful firms, as indeed several papers show

(Baltrunaite and Karmaziene, 2024, Ferris, Jagannathan and Pritchard, 2003, Masulis and

Mobbs, 2014, Yermack, 2004), then simple regressions should show that directors with

higher estimated AKM fixed effects should, for example, work for larger, productive firms

and have more seats throughout their career.

Table 2 tests precisely this hypothesis. For easier interpretation, in this set of regres-

sions, I standardize the director fixed effects first. This way, each coefficient reflects a

change in one standard deviation of the director’s ability on the outcome. In short, the es-

timated director ability is a strong predictor of career success. An increase in one standard

deviation of the director’s ability is associated with, on average, 2.3% more simultaneous

board seats. Better directors are also much more likely to work for larger firms, companies

with bigger revenue, and firms that are in the S&P 500 and/or the Fortune 500. Finally,

they enjoy slightly longer careers, too.11

Throughout the years, several methods have been developed to test whether the as-

sumptions of the canonical AKM model hold. I discuss these tests in Appendix A.3.1.

There I show, for example, that the additively separable and exogenous mobility assump-

11In Appendix A.3.2, I report correlations between the firm-level AKM controls and innovation mea-
sures.
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Table 2: Director Career Outcomes and the AKM Director Fixed Effect

(1) (2) (3) (4) (5) (6)
Log(Seats) Log(Firm Size) Log(Revenue) Log(1+S&P 500) Log(1+Fortune 500) Log(Career Length)

AKM Director FE (SD) 0.023∗∗∗ 0.230∗∗∗ 0.201∗∗∗ 0.057∗∗∗ 0.044∗∗∗ 0.016∗∗∗

(0.004) (0.015) (0.014) (0.003) (0.003) (0.002)

N 16,389 16,318 16,318 16,389 16,389 16,389
R-squared 0.222 0.052 0.049 0.046 0.070 0.399

Notes: ∗, ∗∗, and ∗∗∗ denote p < 0.10, p < 0.05, and p < 0.01, respectively. Robust standard errors are reported
in parentheses. The table reports OLS estimates from six separate cross-sectional regressions. The unit of
observation is a director. The sample is US directors for whom a director fixed effect is estimated from the
AKM model, standardised to mean zero and unit variance over the estimation sample. Coefficients reflect
the change in the outcome associated with a one standard deviation increase in the estimated director fixed
effect. All specifications control for gender, decade of birth indicators, indicators for first-active decade, and
years active. Years active is omitted from the career-length regression, where it is mechanically collinear
with the outcome. Seats is the number of simultaneously held US board seats averaged over active years.
Firm Size and Revenue are Compustat total assets and revenue, averaged over director–firm–year service
years. S&P 500 and Fortune 500 are counts of appointments at firms holding that status in the appointment
year. Career Length is the span in years from a director’s first to last recorded role.

tions are satisfied in my data.

4.2 Baseline Regressions

Table 3 reports baseline firm-year estimates of Equation 1 and 2 for horizontal interlocks.

The treatment variable, Interlockjt, is an indicator equal to one if a firm j has at least

one horizontal interlocking directorate in year t, and zero otherwise. All specifications

condition on a rich set of firm controls chosen by double LASSO to control for observed

channels on top of the above-mentioned vector of fixed effects.12 Further, all these specifi-

cations always include the aggregated firm-level AKM estimates discussed in the previous

subsection to partial out board member ability, and covariates that control for technolog-

ical and product market spillovers.13

In this set of results, I find that the point estimates for R&D spending are close to zero

and non-statistically significant. However, when we turn to innovation outputs, we can

see that horizontal interlocks are positively associated with patenting, both in raw counts

12In Appendix A.8, I report an additional outcome variable which is outside of the scope of this paper
but may nevertheless be of interest to the reader, which is firm-level markups. These markup measures
are constructed using the De Loecker and Warzynski (2012) method. In short, I do not find statistically
significant results for this outcome.

13In Appendix A.9, I report heterogeneity results by industry.
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and when weighted by citations. The estimated coefficients range from 0.116 to 0.134

log points for the raw patent count and from 0.121 to 0.143 log points for the citation-

weighted equivalent, implying roughly a 12–13% increase in raw patent output and a

12–14% increase in citation-weighted output, depending on the specification. Relative to

the R&D spending results, the patent count estimates are both larger and more precisely

estimated. Finally, in the last two columns of the same table, I look at the average value

of those patents. The point estimates for those are very close to zero and non-statistically

significant at conventional levels. Therefore, while interlocked firms patent more, the

value of those patents does not increase on average.

Table 3: Effects of Horizontal Interlocks on Innovation Inputs, Outputs and Values

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

(R&D) (R&D) (Patents) (Patents) (CW Patents) (CW Patents) (Avg. Value) (Avg. Value)

Interlock 0.015 0.005 0.116∗∗∗ 0.134∗∗∗ 0.121∗∗ 0.143∗∗∗ 0.005 0.007
(0.027) (0.024) (0.042) (0.043) (0.049) (0.051) (0.051) (0.045)

N 4,283 4,528 4,575 4,810 4,575 4,810 4,246 4,461
R-squared 0.990 0.986 0.933 0.918 0.927 0.909 0.840 0.787

Firm FE YES YES YES YES YES YES YES YES
Year FE NO YES NO YES NO YES NO YES
Industry-Year FE YES NO YES NO YES NO YES NO
State-Year FE YES NO YES NO YES NO YES NO

Notes: ∗, ∗∗, and ∗ ∗ ∗ denote p < 0.10, p < 0.05, and p < 0.01, respectively. Standard errors (clustered by
firm) are reported in parentheses. The unit of observation is the firm-year. Interlock is an indicator equal
to one if the firm has at least one Section 8–violating horizontal interlock in year t and zero otherwise. All
specifications include a set of firm-level controls chosen by double LASSO, the technology and product-
market spillover covariates entered on top of that selection, and the corresponding sets of fixed effects as
reported in the table.

4.3 Sensitivity Analyses

Even after controlling for director ability and all observable channels, one may still be

worried about remaining selection on unobservables using OLS as an empirical frame-

work. Nevertheless, we can use sensitivity analysis tests (Altonji, Elder and Taber, 2005,

Cinelli and Hazlett, 2020, Diegert, Masten and Poirier, 2025, Masten and Poirier, 2026,

Oster, 2019) to quantify how strong the remaining selection on unobservables would have

to be to nullify our coefficients of interest. In this Section, I report the sensitivity analyses

for the innovation outputs, since these are the outcomes that are statistically significant.
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Finally, for brevity, in the main text I will explain these analyses mostly in words. For an

in-depth review of the mathematics behind these tests, I refer the reader to Appendix A.4.

Table 4 shows the statistics from the state-of-the-art sensitivity analysis test from

Cinelli and Hazlett (2020) for the innovation output coefficients. Column (1) reports

the same point estimate from Table 3, while columns (2) and (3) report its associated

homoskedastic standard errors and t-statistics. Column (4) is the share of the residual

variance of the outcome, after the controls and fixed effects are partialled out, that in-

terlocks explain. The small values are consistent with the saturated design, as the fixed

effects absorb the majority of the variance. Column (5) is the robustness value, or the

minimum strength a confounder would need to have with both the treatment and the

outcome, in equal measure, to drive the corresponding estimate to zero. For example, the

first row tells us that an unobservable would have to explain 6.25% of the residual vari-

ance of the interlock status and also 6.25% of the residual variance of log patents–after

partialling out all the covariates and fixed effects–to drive the coefficient to zero.

Is this a small or large number? Cinelli and Hazlett (2020) give no universal thresh-

old, and the number is meaningless without a benchmark. Their advice is to benchmark

this estimate against strong observed confounders. This is where the comparison with

columns (7), (8), (9), and (10) is useful. Column (7) reports the share of the residual vari-

ance of the outcome that would be explained by an unobserved confounder assumed to be

exactly as strong as firm size, measured by total assets, and column (8) reports the share of

the residual variance of the treatment that the same confounder would explain. Columns

(9) and (10) report the corresponding estimates for a confounder as strong as R&D. These

results tell us that driving the estimate to zero requires an unobservable covariate ex-

plaining at least 6.25% of the residual variance of both the outcome and the treatment

status. But a confounder as influential as total assets would explain 2.79% of the residual

variance in patenting and 0.17% of that in interlock status, which is roughly 44.64% or

2.72% of what is required on each margin. These imply a Cinelli–Hazlett bias factor equal

to about 10.7% of that required to eliminate the estimated coefficient. In other words, one

would require an unobservable some 9.2 times stronger than firm size to overturn the

results for patent counts. Similarly, a confounder as influential as R&D spending would

explain 2.17% of the residual variance in patenting and very little of that in interlock sta-

tus. Because bias requires association with both, such a confounder accounts for roughly
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1.6% of the estimated coefficient according to the Cinelli and Hazlett (2020) bias expres-

sion, and confounding some 46 times stronger than R&D spending would be needed to

overturn the result. Confounding on that scale, operating within firm, industry-by-year

and state-by-year variation, is not something the observed covariates give any reason to

expect. Very similar observations apply to the other three rows. In Appendix A.4, I also

report the results using the sensitivity analysis tests from Oster (2019) and Masten and

Poirier (2026), which confirm that these estimates are robust to omitted variable bias.

4.4 Event Studies

As a further robustness check, we can also inspect patent outcomes around the time when

two firms interlock with each other for the first time. If interlocking directorates do in-

deed spark an increase in innovation, we should be able to see a larger increase in the

number of total patents issued by the two interlocking firms compared to a control group

formed by non-interlocking dyads. In particular, I estimate a dyad-level event study using

the staggered adoption difference-in-differences estimator from Callaway and Sant’Anna

(2021). Let Gf j denote the first year in which dyad (f , j) becomes interlocked. For each

treatment cohort g and calendar year t, the estimator estimates a group-time average

treatment effect, AT T (g, t), comparing dyads first treated in g with never-treated dyads. I

then aggregate these AT T (g, t)’s by event time k = t − g:

θk =
∑

g:g+k≤T
wg,k AT T (g,g + k), (4)

with k = −1 normalized to zero. wg,k = Pr(G = g | G + k ≤ T ) is the relative share of

treatment cohort g among cohorts observed at event time k.

The results are shown in Figure 2 for the patent counts, both raw and weighted by

citations. In particular, 2a shows the total number of patents issued by the dyads and

2b shows the total number of citation-weighted patents, again at the dyad level. In both

cases, patent counts increase in the medium-to-long run following the establishment of

a new interlock between two firms. Specifically, there is a non-statistically significant

effect in the two years after the interlocking event, but then the count of patents starts

increasing from the third year and becomes statistically significant, which signals a slow,
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Figure 2: Event Studies - Patent Counts

(a) Patents
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(b) Citation-Weighted Patents
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Notes: Each panel reports staggered-adoption event study estimates of the effect of first adopting an inter-
lock on the stated outcome. The reported estimates are from the Callaway and Sant’Anna (2021) frame-
work, which maps cohort- and time-specific ATT(g, t) to event time k = t − g, with k = −1 normalized to
zero. Event time is defined relative to the first interlock (k = 0) between any two firms. The dots are the
estimates from such regressions. The darker red band shows the 90% confidence intervals, whereas the
lighter red band shows the 95% confidence intervals. The standard errors are clustered at the firm-pair
level. Logged outcomes use log(1+x). All specifications include calendar-year fixed effects and the baseline
dyad-level controls as described in the text. Patents and Citation-Weighted Patents are defined at the dyad
level.
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steady increase in innovation following a new interlock rather than a rapid jolt imme-

diately following the event. This is also consistent with the view that innovation and

production take some time to adjust following an event that may impact them. Further,

note that the magnitudes of the coefficients in these event studies match those from the

OLS regressions: Figure 2 shows that, a few years after the formation of a new interlock-

ing directorate, interlocked firms issue on average seven to thirteen percent more patents

that non-interlocked firms, which is similar to the range reported in Table 3. Despite these

analyses being fundamentally quite different, they lead to the estimation of the same sign

and similar range of magnitudes.

5 Mechanisms

5.1 Patent Citations

Why does innovation increase after the formation of an interlock? The question may

not only be interesting per se, but may also carry policy implications. For example, an

increase in patents may be consistent with a parallel increase in the transmission of know-

how between the two competitors (Stein, 2008). This may lead either side of the dyad to

innovate and formulate new patents that may otherwise never see the light of day. If that

is the case, the lax approach on the part of U.S. authorities may have been beneficial to

American innovation over the years. On the other hand, the same increase in patents

could also be explained by a more strategic or defensive approach. According to this

alternative theory, firms use their board links to learn about the interlocked partners’

innovation portfolios and use that to issue patents that may guard their own innovation.

In this section, I probe these mechanisms. In Subsection 5.1.1, I explore whether the

increase in patents after an interlocking event is mirrored by an increase in cross-citations

between the two firms. This will give us a sense of whether the new interlocked firms

show greater attention to the partner’s patents to begin with. In Appendix A.6.1, I explore

whether these dynamics differ between origin and destination firms. Finally, in Subsec-

tion 5.2, I study which patents get issued after the formation of an interlock, including

a look at continuing patents. If this business practice is consistent with a theory of pos-

itive know-how use, we should see interlocking firms making more innovative patents.

21



For example, we should expect that a newly interlocked firm starts innovating in areas or

patent classes that the interlocked partner is already familiar with. On the other hand,

if a more strategic channel dominates, firms should be less likely to enter the partner’s

technological space and more likely to cite the partner’s prior patents in ways that are

more consistent with protecting their existing product market positions.

5.1.1 Cross Citations

All the event studies in this and subsequent subsections follow the same dyad-level de-

sign illustrated in Equation 4. Figure 3 reports the event-study dynamics for total cross

citations between two firms. We can see that, after the first interlock, cross citations rise

steadily and become statistically different from zero, reaching roughly 2 percentage points

in magnitude by the end of the timeframe.14

5.2 Innovation or Strategic Patenting?

At the beginning of this paper, I argued that connections between competing firms could

either promote or dampen innovation. In the last few pages, we showed that the net effect

is positive, at least for corporate connections at the board level. However, it is difficult

to judge from patents and citation counts alone whether these results are consistent with

technological learning or not. As a matter of fact, firms could use the same informa-

tion obtained from newly formed interlock links in two contrasting ways. They could

either use this knowledge to start developing a more innovative patent portfolio, or use

it to defend their existing products without producing innovation. The former would be

related to the IP leakage mechanism in Cabezon and Hoberg (2026), which shows that

dense overlapping-director networks among competitors accelerate the propagation of

technologies across rivals. The latter would, for example, involve the use of strategic

patenting (?). To understand which of these two mechanisms dominates, I first run a se-

ries of event studies that look at whether the patents and citations of newly interlocked

dyads differ from the control group formed by never-interlocked dyads. Then, I analyze

14In Figure A.6.1 of Appendix A.6, I show the same cross-citation event study split by origin (firms that
appoint the interlocked director first) and destination firms (firms that appoint the interlocked director at
a later time). The effect is symmetric for origin and destination firms.
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Figure 3: Event Studies - Intensive Margin of Patent Citations
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Notes: This figure reports staggered-adoption event study estimates of
the effect of first adopting an interlock on the stated outcome. The re-
ported estimates are from the Callaway and Sant’Anna (2021) frame-
work, which maps cohort- and time-specific ATT(g, t) to event time
k = t − g, with k = −1 normalized to zero. Event time is defined rel-
ative to the first interlock (k = 0) between any two firms. The dots
are the estimates from such regressions. The darker red band shows
the 90% confidence intervals, whereas the lighter red band shows the
95% confidence intervals. The standard errors are clustered at the
firm-pair level. Logged outcomes use log(1 + x). All specifications in-
clude calendar-year fixed effects and the baseline dyad-level controls
as described in the text. Cross-Citations is the share of a firm-year’s
patent citations that go to (or come from) firms with which the focal
firm shares at least one director in year t.
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whether there are differences in how interlocked firms develop continuing patents.

5.2.1 Event Studies

I start with new technological classes. CPC classes provide a classification of the tech-

nological content of patents, which allows me to examine whether interlocking direc-

torates broaden the range of partner technologies they draw from for their own inven-

tions. If board connections do indeed decrease informational barriers to accessing a part-

ner’s knowledge, as Cohen and Levinthal (1989) and Stein (2008) may for example sug-

gest, then one possible consequence is greater exploration of that partner’s technological

portfolio. Examining CPC classes therefore complements citation counts by revealing the

technological breadth of the knowledge being cited. This captures one potential margin of

learning, while recognizing that firms may also learn within familiar technological areas

or innovate by recombining existing ideas, as emphasized by Weitzman (1998).

Therefore, for each unordered dyad {f , j}, I track the history of partner patents and

partner technology classes cited by the pair up to year t − 1. I say that a citation in year t

is classified as a new partner class citation if the cited patent belongs to at least one Co-

operative Patent Classification (CPC) technology group that had not previously appeared

among the dyad’s cross-citations. One may be interested in analyzing these measures to

understand whether interlocks facilitate exploration of previously unvisited parts of the

partner’s knowledge base. Figure 4 shows the results using this outcome measure. The

results are flat: after two firms become interlocked for the first time, their patent citations

do not start moving into new parts of the partner’s technological space. The additional

citation activity appears to remain within technology areas that were already familiar to

the pair.

Next, I separate technologically proximate citations from non-technologically prox-

imate ones. A citation is defined as technologically close when the citing patent and

the cited patent share at least one technology group from the CPC classification sys-

tem. This gives me a dyad-year share of citations to technologically close partner patents.

I then compute the share of dyad-year citations directed to technologically and non-

technologically close partner patents. Technological proximity allows me to analyze how

closely the partner knowledge being cited relates to the technology embodied in the citing
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invention, which may be useful for several reasons. For instance, citations to technologi-

cally proximate partner patents may reflect firms building on knowledge closely related to

their own inventions and drawing from it, while citations to more distant patents capture

connections across technological domains, which may possibly indicate a different use of

the partner’s portfolio. It is important to highlight again that technological learning does

not occur exclusively between similar technologies, since combining domains may itself

generate innovation (Weitzman, 1998), but this exercise is still useful in helping to char-

acterize the technological relevance of increased cross citations between two interlocked

partners.

Figure 4: Event Study - Citations of New CPC Classes in Partner Patents
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Notes: This figure reports staggered-adoption event study esti-
mates of the effect of first adopting an interlock on the stated
outcome. The reported estimates are from the Callaway and
Sant’Anna (2021) framework, which maps cohort- and time-
specific ATT(g, t) to event time k = t − g, with k = −1 normalized
to zero. Event time is defined relative to the first interlock (k = 0)
between any two firms. The dots are the estimates from such re-
gressions. The darker red band shows the 90% confidence inter-
vals, whereas the lighter red band shows the 95% confidence in-
tervals. The standard errors are clustered at the firm-pair level.

Figure 5 shows the results using these outcomes. In particular, Figure 5a tells us that,

after first interlock formation, the two firms do not start citing each other more within

overlapping technological areas. Instead, as Figure 5b points out, they start citing each
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other more outside their overlapping technology space.15 Finally, I look at the age of the

cited partner patents as a way to distinguish attention to the partner’s recent inventions

from attention to its established stock of patented knowledge. Caballero and Jaffe (1993)

explicitly model these competing forces of diffusion and technological obsolescence, and

Mehta, Rysman and Simcoe (2010) examine how they are reflected in patent citation age

profiles. If board connections accelerate access to a partner’s recent technological develop-

ments, one possible consequence is greater attention to newer partner patents. Increased

citations to older patents would instead indicate greater use or scrutiny of knowledge that

has been publicly available for longer. Here, I define older partner patents as those issued

at least ten years before the recorded citation, and newer patents as those cited in the ten

prior years. Figure 6 shows again that board interlocks are associated with an increase in

citations to older partner patents.

5.2.2 Continuing Patents

Inventors may file continuing applications, that is, patent child applications that extend

the examination of the parent application. Continuations (CONs) pursue claims based on

the same disclosure as the parent, continuations-in-part (CIPs) add new claims, and divi-

sionals (DIVs) separate inventions that were jointly disclosed in the original application.

By allowing applicants to postpone or revise claims, continuing applications help appli-

cants deal with legal, technological, and commercial uncertainty. Nevertheless, this flexi-

bility may also promote strategic patenting behavior and has been associated with greater

litigation and overlapping patent rights that can impede competitor firms (Berger, Blind

and Thumm, 2012, Hegde, Mowery and Graham, 2009, Righi and Simcoe, 2023, Righi,

Cannito and Vladasel, 2023).

CIPs are the continuation type most closely associated with additional inventive ac-

15It is important to distinguish this exercise from the one reported in Figure 4, as the two sets of outcomes
capture different margins. For instance, a citation can fall outside the dyad’s overlapping technology space
while still pointing to a partner technology class that the dyad had cited previously. Suppose that, before
year t, the dyad had already cited partner patents in CPC class H01, which covers electric elements. If, in
year t, one firm cites an H01 partner patent from one of its own patents classified in G06, which covers
computing and calculating technologies, the citation would not be technologically close, even though H01
is not a newly cited partner class. The patterns in Figures 4 and 5 are therefore consistent, as interlocks
may increase citations across technologically distant areas without necessarily expanding the set of partner
technology classes that firms cite.
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Figure 5: Event Studies - Technological Proximity

(a) Citations to Technologically-Proximate Part-
ner Patents
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(b) Citations to Non-Technologically Proximate
Partner Patents
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Notes: Each panel reports staggered-adoption event study estimates of the effect of first adopting an inter-
lock on the stated outcome. The reported estimates are from the Callaway and Sant’Anna (2021) frame-
work, which maps cohort- and time-specific ATT(g, t) to event time k = t − g, with k = −1 normalized to
zero. Event time is defined relative to the first interlock (k = 0) between any two firms. The dots are the
estimates from such regressions. The darker red band shows the 90% confidence intervals, whereas the
lighter red band shows the 95% confidence intervals. The standard errors are clustered at the firm-pair
level. Logged outcomes use log(1+x). All specifications include calendar-year fixed effects and the baseline
dyad-level controls as described in the text.
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Figure 6: Event Studies - Patent Age

(a) Citations to Older Partner Patents
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(b) Citations to Newer Partner Patents
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Notes: Each panel reports staggered-adoption event study estimates of the effect of first adopting an in-
terlock on the stated outcome. I use the Callaway and Sant’Anna (2021) estimator, mapping cohort- and
time-specific ATT(g, t) to event time k = t − g, with k = −1 normalized to zero. The dots are the estimates
from such regressions. The darker red band shows the 90% confidence intervals, whereas the lighter red
band shows the 95% confidence intervals. The standard errors are clustered at the firm-pair level. Logged
outcomes use log(1 + x). A patent is “old” if it is at least ten years old at the time of citation, and “new”
otherwise. All specifications include calendar-year fixed effects and the baseline dyad-level controls de-
scribed in the text.

tivity, as patents in this category necessarily must contain additional technical disclosure

relative to their parent application (see USPTO (2024) §§ 201.06–201.08). For instance,

Hegde, Mowery and Graham (2009) show that CIPs are disproportionately used by R&D-

intensive firms, particularly in chemical and biotechnological technologies. Of course,

one should be careful in stating that CIPs represent innovations. A CIP establishes that

the applicant has added new matter to the parent application, but that does not indicate

that such new matter represents a major technological advance. Nevertheless, among the

continuation types, CIPs offer the strongest signal of incremental innovation with respect

to the parent application.

On the other hand, in a CON application, the applicant is legally prohibited from

adding new matter (USPTO, 2024). In fact, the USPTO defines it as another application

for inventions already disclosed in the parent. What can change through a continuation

application is the set of claims, and therefore the legal scope of protection sought over that

pre-existing disclosure. This is the reason why recent empirical work in Economics views

CONs through the lens of strategic patenting behavior (Righi and Simcoe, 2023, Righi,
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Cannito and Vladasel, 2023). Recent work also documents that continuation applications

are followed by a 37%-47% increase in the probability of litigation, with stronger effects

when the continuation’s claims differ substantially from those of its parents (Righi, 2026).

Finally, DIV applications are somewhat ambiguous for several reasons. To begin, DIVs

cannot add new matter, and they only carve an independent or distinct invention out of

subject matter that was already disclosed in the parent. But, unlike CONs, DIVs are often

generated by the USPTO examination process itself. This happens when the examiner

tells the applicant that the application contains multiple independent or distinct inven-

tions and that they must be prosecuted separately. DIVs cannot, therefore, be interpreted

as evidence of active strategic patenting behavior. Nevertheless, Hegde, Mowery and Gra-

ham (2009) report that both CON and DIV applications tend to be associated with less

important patents and interpret their use as consistent with strategic patenting behavior.

Both because of this reason and because of transparency, I also report the results concern-

ing DIVs alongside CONs and CIPs in the regressions below.16

Therefore, one may want to look at whether the composition of these patents changes.

For example, does the number of CONs, CIPs, and DIVs as a share of continuing patents

change differently for interlocked firms? Table 5 illustrates the answers to this question.

First, Columns (1) and (2) show that interlocked firms file more continuing patents ap-

plications. Then, columns (3) and (5) show that, after absorbing firm, industry-year, and

state-year effects, the share of CONs is 6.3 percentage points higher for interlocked firms,

while the share of CIPs is 4.5 percentage points lower. With only firm and year fixed

effects, the CON share remains positive and statistically significant at the 10% level in

column (4), while the CIP estimate is close to zero in column (6). The DIV estimates are

negative in columns (7) and (8), but only the latter is statistically significant at the 10%

level. According to the commonly held views about these types of continuing patents

in the literature, therefore, it seems that the patenting behaviour of interlocked compa-

nies is a little more consistent with strategic patenting compared to their non-interlocked

counterparts.

16Note that these categories are not mutually exclusive: while the vast majority of continuing appli-
cations are associated with only one type, some continuing applications may be linked to more than one
continuing application type.
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Table 5: Composition of Continuing Applications and Section 8 Interlock Exposure

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

(Continuing)
Log

(Continuing)
CON /

Continuing
CON /

Continuing
CIP /

Continuing
CIP /

Continuing
DIV /

Continuing
DIV /

Continuing

Interlock 0.072∗ 0.095∗∗ 0.063∗∗∗ 0.036∗ -0.045∗ -0.000 -0.035 -0.039∗

(0.038) (0.039) (0.023) (0.021) (0.025) (0.021) (0.023) (0.021)

N 4,300 4,542 1,896 2,171 1,943 2,220 1,941 2,217
R-squared 0.901 0.880 0.635 0.510 0.570 0.436 0.622 0.480

Firm FE YES YES YES YES YES YES YES YES
Year FE NO YES NO YES NO YES NO YES
Industry-Year FE YES NO YES NO YES NO YES NO
State-Year FE YES NO YES NO YES NO YES NO

Notes: ∗, ∗∗, and ∗ ∗ ∗ denote p < 0.10, p < 0.05, and p < 0.01, respectively. Standard errors (clustered by
firm) are reported in parentheses. The unit of observation is the firm-year. Interlock is an indicator equal
to one if the firm has at least one Section 8–violating horizontal interlock in year t and zero otherwise. All
specifications include a set of firm-level controls chosen by double LASSO, the firm’s total director fixed
effects, and the corresponding sets of fixed effects as reported in the table. The two Jaccard technology and
product-market spillover covariates are forced into every specification on top of the LASSO selection.

6 Robustness to Alternative Specifications

I assess the robustness of my findings with a battery of robustness exercises reported in

Appendix A.5. To begin, I report the results that I obtain if, instead of running OLS, I

use a Poisson specification. This would be my preferred baseline specification if it were

not for the fact that sensitivity analyses for Poisson regressions are not available, and thus

cannot assess robustness to omitted variable bias the same way I do with OLS. In any case,

Table A.5.1 shows that the Poisson specification fully agrees with OLS.

In Appendix A.5.2, I report the results I obtain when I use the average AKM-estimated

ability in a certain firm as a control for board member ability as opposed to using the total

firm-level sum of the estimated fixed effects, as I do in my baseline. In other words, in this

alternative specification, I take the firm-level sum of the estimated AKM fixed effects, I

divide them by the number of board members at the firm, and I use this figure as a control

variable. Table A.5.2 reports these results, which confirm the estimates we obtain in the

baseline table of results.

One may also be interested in seeing how these results change if I were to add common

ownership as a control variable in my regressions. Indeed, if a firm shares common own-

ers with its competitors on top of shared board members, one may for example presume

that these results are actually driven by common owners rather than shared directors. I
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test this hypothesis in Appendix A.5.3 by adding average levels of common ownership at

the firm level. I report the results in Table A.5.3 and find that the results are unchanged.

Next, I try broadening the treatment definition from Section 8–violating horizontal in-

terlocks to all interlocks, including vertical and other non-horizontal board links, which

assesses whether the results are tied exclusively to the legal screen emphasized in the main

analysis or instead reflect a broader relationship between board connectedness and inno-

vation. These analyses can be found in Table A.5.4. The results for the raw patent counts

are confirmed, although statistical significance grows thinner since, in this alternative

specification, the vast majority of firms in the sample become interlocked and there is less

variation provided by the control group. Finally, in Appendix A.5.5 I show the results I

obtain when I broaden my definition of competitors using the Hoberg–Phillips text-based

network industry classification (Hoberg and Phillips, 2010, 2016) and find similar results.

In Appendix A.7, I assess the robustness of my event studies by reporting their placebo

versions. In each event study, I assign each treated pair a fake treatment date and then

re-estimate the same staggered adoption design. I find that these placebo event studies do

not reproduce the post-treatment dynamic effects illustrated in the main text. Thus, this

strengthens the interpretation that the observed increases in cross citations and patents is

tied to actual interlock formation, and that the event study results are not generated by

generic pre-existing trends around eventually treated firms.

7 Conclusion

This paper studies whether shared board members between competitors reshape firm-

level innovation and, if so, through which channels. I find that firms engaged in this

practice produce more patents, including citation-weighted patent counts, but do not dis-

play corresponding increases in R&D expenditure or market-based patent values. There-

fore, interlocks do not primarily operate by inducing firms to spend more on formal re-

search, but they appear to alter how firms convert existing innovative effort into observ-

able patent output. The sensitivity analyses indicate that these results are very robust

to residual omitted variable bias and that overturning the baseline patenting estimates

would require unobservables to be implausibly strong relative to the rich set of observ-
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ables already included in the specifications.

Event studies show that when two firms interlock for the first time, they begin citing

each other more often in their patents. Nevertheless, the composition of those citations

is not consistent with a story of technological learning or exploratory knowledge recom-

bination: post-interlock cross citations are not disproportionately directed toward newer

partner patents or technologically proximate inventions, as one would probably expect

under technological learning. Instead, the stronger responses are concentrated in cita-

tions to partner patents that are older and not technologically close to the citing patent.

In other words, interlocks do seem to transmit information across connected competitors,

but the evidence presented in this paper suggests that this information is used primar-

ily to sharpen firms’ awareness of each other’s patent boundaries and to support more

strategic or defensive patenting behavior rather than to facilitate transmission of frontier

technical knowledge.

The results concerning continuing patent applications reinforce this interpretation.

On average, conditional on applying for a continuing patent, I find that interlocked firms

shift the composition of these continuing patents more toward continuation patents –

which are commonly associated with strategic patenting behavior–, while continuation-

in-part patents –which usually reflect true innovation, as they add new technological

specifications to the original claims– decrease as a share.

These results may carry some welfare and policy implications. If interlocks promoted

knowledge diffusion and transmission of know-how between firms, then an increase in

patenting could be interpreted as at least partly innovation-enhancing. On the other

hand, the results presented here provide evidence that the increase in post-interlock

patent activity mainly reflects strategic patenting, which may for instance raise legal con-

gestion in overlapping technology space. From an antitrust perspective, this may imply

that the costs of interlocking directorates extend beyond the standard concerns about soft-

ened product-market competition or explicit coordination (Herrera-Caicedo, Jeffers and

Prager, 2026): shared board members may also alter how firms defend incumbent posi-

tions, monitor rivals’ intellectual-property portfolios, and shape the legal environment in

which innovation happens in the first place. With that being said, to calculate the net

welfare effects of this practice we would also need to take into account the effects on the

consumers, which is beyond the scope of this paper.
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The findings presented here reinforce the traditional view that interlocking direc-

torates are organizational channels through which firms can reallocate effort and ad-

just strategic behavior (Allen, 1974, Bunting, 1976, Burt, 1983, Pfeffer, 1972, Pfeffer and

Salancik, 1978, Stearns and Mizruchi, 1993) and offer a new mechanism through which

this practice can alter innovation outcomes. This perspective also opens several avenues

for future work. One of them, as I mentioned above, would be to undertake an assessment

of the net welfare effect of this practice, which would need to take the effects on consumers

into account in a structural model. Another would be to embed interlock formation in a

structural network framework that permits counterfactual policy analysis of alternative

enforcement regimes. Finally, future research could analyze whether interlocked firms

experience lower litigation risks as a result of their new patenting behavior.

Understanding the effects of interlocking directorates requires looking not only at

prices, output, and market structure, but also at how board connections reshape the legal

and strategic margins of innovation. There is still a lot we do not understand about inter-

locking directorates, but the possibilities for future research seem ripe and promising.
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Appendix

A.1 Section 8 (Clayton Act) Classification of Horizontal

Interlocks

This appendix describes, step by step, how I estimate Section 8 illegality for horizontal

interlocking directorates. I aim to construct (i) a pair-year indicator for whether an ob-

served competitor interlock is Section 8–violating and (ii) firm-year aggregates that count

the number of such violations.

First, the Section 8 screen from the Clayton Act is applied only to interlocks between

firms that are classified as competitors in a given year, operationalized as belonging to the

same industry. Vertical interlocks are not illegal by construction. Further, I implement

the absolute de minimis exemption on competitive sales using the FTC’s annual dollar

threshold. Section 8 contains exclusions that are specific to certain entities in some set-

tings, and in practice financial institutions are treated differently. In my implementation,

I therefore exclude banks and trust entities by setting Excludedf = 1.

Then, for each year t, I use the FTC’s annual Section 8 threshold table containing (i)

the CSUP (capital, surplus, and undivided profits) coverage threshold, denoted CSUPt,

and (ii) the absolute de minimis dollar threshold on competitive sales, denoted St. Figure

A.1.1 plots these two threshold series over time (in millions of US dollars) for the years I

use in my regressions.

I construct a firm-year proxy for CSUP using Compustat data. Let �CSUPit denote this

proxy for firm i in year t. This is defined using a priority rule: (i) use stockholders’ equity

if available, else (ii) common equity plus preferred stock when available, else (iii) total

assets minus total liabilities. Then, let Sit denote firm-year net sales. I define the two

threshold indicators:

Coveredit = 1{�CSUPit ≥ CSUPt}, ExemptAbsit = 1{Sit < St}.

A firm-year is eligible for the interlocking directorate restrictions according to Section 8
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of the Clayton Act if it is covered and not exempt under the absolute sales cutoff, that is,

Eligibleit = 1{Coveredit = 1 ∧ ExemptAbsit = 0}.

This is defined only for the firms’ observations for which the underlying accounting in-

puts and thresholds are observed.

Let Interlockf jt ∈ {0,1} now indicate whether firms f and j share at least one board

member in year t. Consider a horizontal competitor pair-year. The interlock is classified

as Section 8–violating if an interlock exists, both firms are eligible, and neither firm is

excluded:

Sec8Violatef jt = 1{Interlockf jt = 1} ·1{Eligiblef t = 1} ·1{Eligiblejt = 1} (A.1.1)

·1{Excludedf = 0} ·1{Excludedj = 0}, (A.1.2)

where Sec8Violatef jt is only defined on the restricted sample of horizontal pairs.

To obtain firm-year counts, I first sum pair-year violations across all competitor pairs

before collapsing to a unique firm-year:

Sec8Violatejt =
∑
j,f

Sec8Violatef jt.

This gives me a firm-year panel of Section 8–violating horizontal interlocks. Then, in my

baseline regressions, I use an indicator variable Interlockjt that is equal to one if firm j

has at least one horizontal interlock at time t, that is, Sec8Violatejt ≥ 1.
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Figure A.1.1: FTC Annual Section 8 Coverage Thresholds Used in the Section 8 Screen

(a) CSUP Coverage Threshold
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(b) Absolute De-Minimis Competitive-Sales
Threshold
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Notes: Panel (a) plots the FTC’s annual threshold for “capital, surplus, and undivided profits” (CSUP),
and Panel (b) plots the FTC’s annual absolute de-minimis “competitive sales” threshold. Both are
shown in millions of dollars for the years used in the implementation window (2000–2024).
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A.2 Empirical Facts About Interlocking Directorates

In this section, I report three empirical facts about interlocked directors, firms’ likelihood

to interlock, and the average persistence of interlocks.

Fact #1: Interlocked directors are more likely to be CEOs or Presidents. Figure

A.2.1 summarizes how interlocked directors differ from non-interlocked directors along a

range of observable characteristics. Each point in the graph is an estimate that comes from

a separate regression from the others, and it reflects both direct selection into interlocks

and sorting across firms with different baseline propensities to interlock. I document

that interlock status at the director-level is positively correlated with corporate authority.

For instance, CEOs and Presidents are more likely to hold at least one concurrent board

seat at another firm. The same graph also shows that interlocked directors have slightly

higher compensation and larger professional networks. This is consistent with the idea

that interlocked individuals are more productive, more in demand across firms, more

influential, and therefore more likely to sit on the boards of multiple firms.

Fact #2: Firms prefer to interlock with similar firms. Table A.2.2 reports coefficients

from logit regressions and characterizes interlock formation at the firm-pair level. The

propensity to form an interlock between any two firms can be strongly predicted by prox-

imity and similarity. For instance, geographic distance is negative and statistically sig-

nificant across specifications, which implies that more distant dyads have lower odds of

interlock formation (Azar, 2022). I find that being in the same industry also matters, be-

cause the results illustrate that interlocks form disproportionately within sectors: being

close in the product market space predicts interlock formation, as a high Hoberg–Phillips

(Hoberg and Phillips, 2010, 2016) similarity indicator enters positively and is statistically

significant. In the more restrictive specifications, several differences in board composi-

tion enter with negative point estimates, including a statistically significant negative co-

efficient on differences in gender composition, which suggests that interlocks form more

often between firms whose boards resemble each other from a gender perspective. This is

again consistent with a view of interlock formation as a non-random matching process in

which firms connect to geographically proximate and compositionally similar companies.

Fact #3: Horizontal interlocks are typically persistent. Finally, in Figure A.2.2, I

take a look at the average length of a horizontal interlock. In particular, I report the
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Table A.2.1: Director-Level Summary Statistics, 2000-2024

(1) (2) (3)
All Independent Executive

Panel A: Director-Level Statistics
Tenure (years) 5.98 6.01 5.56
Age at Appointment 60.27 60.42 58.41
Age at Exit 65.25 65.43 62.97
Female (%) 17.23 18.19 5.05

Panel B: Board Connectivity and Committees
Concurrent Seats (avg.) 1.80 1.82 1.44
Committee Roles (% any of A/C/N) 91.92 95.76 43.17

N (director–firm spells) 154,871 143,555 11,316
N (unique directors) 94,461 86,184 8,277

Notes: Columns in Panel A report means across director–firm spells (a unique director–
board appointment), while columns in Panel B report means across the panel. “Indepen-
dent” denotes non–executive directors, while “Executive” denotes inside directors. Tenure
(years) is the length of the employment spell (last minus first appointment year +1). Age
at Appointment and Age at Exit are computed at the first and last year of the appointment
spell, respectively. Female (%) is the share of spells held by female directors. Concurrent
Seats (avg.) is the mean number of simultaneous board seats the director holds in a given
year within a spell. Committee Roles (% any of A/C/N) illustrates the share of spells in
which the director served on at least one Audit, Compensation/Remuneration, or Nomi-
nation/Governance committee at any point during a spell. N (director–firm spells) counts
unique spells; N (unique directors) counts distinct directors. All the variables are con-
structed from BoardEx.
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observed spell length in years of this practice. I document that around 30% of horizontal

interlocks are observed for only one year, although 68.3% of those end in the dyad’s last

observed year, so it is unclear how many actually dissolved. Around 52% last three or

more years. Roughly 1 in 10 lasts at least eight years. Therefore, when two boards connect

through an interlock, they usually do so for an extended period of time, either with just

one interlocked director or several interlocked board members.

Figure A.2.1: Director-Level Correlates of Being Interlocked

CEO

President

Chairman

Audit Committee

Compensation Committee

Nomination Committee

Age 60+

Female

Log Awards

Log Compensation

Log Network Size

-0.5% 0.0% 0.5% 1.0% 1.5% 2.0%

Change in Probability of Being an Interlocked Director

Notes: Each point is the OLS coefficient from a separate regression. Each re-
gression uses an indicator for whether a director is interlocked as the outcome
variable, and a single director-level characteristic as the explanatory variable.
I use the total concurrent number of boards a director works for and year
fixed effects as control variables. Formally, for each director d and character-
istic k, the regression I estimate is 1{Interlockedd} = αk + βkXd,k + γt +
ω log(Number of Boards) + εd,k . The plotted βk therefore summarizes the cor-
relation between characteristic Xd,k and interlocked status. The whiskers around
the dots report the corresponding 95% confidence intervals.
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Table A.2.2: Interlock Formation Between Firm Pairs

(1) (2) (3) (4)
Prob(Interlock) Prob(Interlock) Prob(Interlock) Prob(Interlock)

Distance -0.327∗∗∗ -0.308∗∗∗ -0.449∗∗∗ -0.452∗∗∗

(0.017) (0.018) (0.111) (0.112)
Size Difference -0.178∗∗∗ -0.086∗∗∗ -0.206∗∗ -0.029

(0.031) (0.031) (0.104) (0.131)
R&D Difference -0.225∗∗∗ -0.213∗∗∗ -0.064 -0.020

(0.022) (0.022) (0.068) (0.070)
High Product Similarity 1.451∗∗∗ 1.250∗∗∗ 0.522 0.399

(0.197) (0.186) (1.203) (1.107)
Same Industry 0.920∗∗∗ 0.572 0.546

(0.051) (0.556) (0.570)
Nationality Difference -0.437 -0.465

(0.454) (0.452)
Gender Difference -2.012∗∗ -2.012∗∗

(0.978) (0.967)
Busy Directors Difference -0.504 -0.486

(0.592) (0.594)
Network Size Difference -0.000∗∗∗ -0.000∗∗∗

(0.000) (0.000)
Time Spent on Board Difference -0.026 -0.024

(0.029) (0.029)
Revenue Difference -0.016

(0.106)
COGS Difference -0.225∗∗

(0.102)
Constant -17.332∗∗∗ -18.370∗∗∗ -13.874∗∗∗ -13.754∗∗∗

(0.143) (0.139) (2.140) (1.980)

N 2,205,283 2,205,283 151,408 151,401

Year FE YES YES YES YES

Notes: ∗, ∗∗, and ∗ ∗ ∗ denote p < 0.10, p < 0.05, and p < 0.01, respectively. Entries are logit
coefficients, with standard errors in parentheses. All specifications include year fixed effects
and two-way clustered standard errors. High Product Similarity is an indicator equal to one
if the Hoberg–Phillips product-market similarity score for the firm pair falls in the top per-
centile of the corresponding year-specific distribution. All variables labeled Difference are
constructed as absolute differences between the two firms in the dyad. Size Difference is the
absolute difference in the number of employees. Nationality Difference is the absolute dif-
ference in the nationality composition of the two boards, as reported by BoardEx. Gender
Difference is the absolute difference in the share of female directors across the two boards.
Busy Directors Difference is the absolute difference in the share of busy directors across the
two firms. Network Size Difference is the absolute difference in average director network size
across the two boards. Time Spent on Board Difference is the absolute difference in average
board tenure across the two firms, based on BoardEx records.
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Figure A.2.2: Spell Lengths of Horizontal Interlocking Directorates
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Notes: This line graph reports the observed spell length (in years) for each hor-
izontal interlocking directorate in the data, with the exclusion of those formed
before the beginning of the panel. A spell length is defined as the difference
between the year in which two firms first interlock and the year in which they
dissolve that link. For each spell length, I report the percentage of interlocks that
last for at least that period of time.
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A.3 AKM Model

A.3.1 AKM Model Diagnostics

Figure A.3.1: Diagnostics of the AKM Model

(a) Separability Check (b) Mobility Diagnostics
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Notes: Panel A splits the estimated AKM board member and firm fixed effects into deciles and then, for
each of the one hundred cells, reports their mean residuals (in % of log compensation). Panel B presents
an event-study mobility test that categorizes companies by quartiles of their mean log wages and then
classifies each job change by the quartile of the origin and destination workplaces. Both tests are from
Card, Heining and Kline (2013).

In this Appendix section, I report common tests that have been developed to test whether

the assumptions of the baseline AKM model are respected. To begin, Figure A.3.1 re-

ports graphical tests from Card, Heining and Kline (2013). In particular, Figure A.3.1a

evaluates the additively separable assumption of the canonical AKM model to exclude

match effects between the workers and the firms. In this test, both the board member and

the firm fixed effects are split into deciles. Then, for each of the one hundred different

cells, I compute the average size of the residuals as a percentage of the logarithm of the

compensation for the board members in that cell. A flat distribution would be evidence

against economically important match effects and is consistent with the additively separa-

ble structure of director and firm fixed effects. The results from Figure A.3.1a show that,

in my estimated board member model, the distribution of these residuals is extremely flat

and does not show evidence of systematic patterns across deciles.

49



Figure A.3.1b presents a mobility diagnostic for the same model. The figure follows

mean log compensation in event time for directors who move between boards, grouping

moves by the quartile of the mean coworker compensation at the origin and destination

boards. The exogenous mobility assumption implies that, absent match-specific or tran-

sitory shocks driving moves across firms, compensation profiles should be stable before

the transition and exhibit a discrete change at the move. The sign and magnitude of this

change should also vary systematically with the direction of mobility. This is what Figure

A.3.1b shows. Directors who move from low-pay to higher-pay companies experience up-

ward shifts in compensation at the time of the move, with larger gains for moves to higher

destination quartiles, whereas directors who move from high-pay boards to lower-pay

boards display corresponding declines. Moves within the same quartile generate modest

changes. These visual results are consistent with the interpretation that the estimated

board component captures persistent differences in pay levels across boards.

A.3.2 Firm-Level Results

First, I investigate whether the firm-level AKM aggregates are systematically related to

innovation outcomes. If the AKM director fixed effects capture a relevant dimension

of board member ability, then firms with boards composed of directors with higher es-

timated fixed effects should also exhibit stronger innovative performance. Or, equiva-

lently, better board members should select into better, more innovative firms. To evaluate

whether this pattern holds in the data, I plot a set of binscatter relationships between the

firm-level AKM ability measures and several innovation outcomes. Figure A.3.2 shows

that the relationship is indeed strongly positive throughout: firms with higher estimated

board ability spend more on R&D, produce more patents, and generate patents that are

both more highly cited and more valuable in market terms.
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Figure A.3.2: Correlations Between Firm-Level AKM Director Estimates and Outcomes

(a) R&D

0

1

2

3

4

0 5 10 15 20 25

Sum of Firm-Level AKM Fixed Effects

L
og

(R
&

D
)

(b) Patent Values

0

1

2

3

4

0 5 10 15 20 25

Sum of Firm-Level AKM Fixed Effects

L
og

(T
ot

al
 P

at
en

t V
al

ue
)

(c) Patents
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(d) Citation-Weighted Patents
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Notes: These binscatter plots show the correlation between firm-year aggregates of estimated board-
member fixed effects and firm-year outcomes. The horizontal axis is partitioned into 100 quantile-spaced
bins, and each blue dot reports the mean of the x-variable and the mean of the y-variable within a bin. The
red line reports the corresponding linear fit.
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A.4 Sensitivity Analyses

The modern literature on sensitivity analyses in Economics begins, to my knowledge, with

Altonji, Elder and Taber (2005). Studying the effect of Catholic high school attendance on

subsequent college outcomes, they develop a framework for assessing the importance of

omitted variable bias in settings where identification does not rest on a clear exogenous

shock or a valid instrument. Their idea is to compare selection on unobservables with

selection on observables after conditioning on a rich set of covariates.

To formalize this idea, let β̂S denote the coefficient on the interlock variable from a

short regression of Yit on the treatment only, and let β̂M denote the coefficient from a

medium regression that adds the observed controls Wit. Let R2
S and R2

M be the corre-

sponding R2 values. In Altonji, Elder and Taber (2005), the relevant statistic is the ratio

AET =
β̂M

β̂S − β̂M
,

which compares the coefficient that remains after controlling for observables to the amount

by which the coefficient shrinks once observables are added. A larger value means that

selection on unobservables would have to be large, relative to selection on observables,

to drive the coefficient of interest to zero. While this approach is useful and intuitive, it

does not scale coefficient movements by the explanatory power of the added controls. Os-

ter (2019) builds on and sharpens this idea by combining the movement in the treatment

coefficient with the movement in R2. Under proportional selection, and given a hypothe-

sized upper bound Rmax for the R2 of the infeasible long regression, Oster’s bias-adjusted

coefficient is

β∗(δ,Rmax) = β̂M − δ (β̂S − β̂M)
Rmax −R2

M

R2
M −R

2
S

,

where δ measures the strength of selection on unobservables relative to selection on ob-

servables. Setting δ = 1 imposes the benchmark assumption that selection on unobserv-

ables is as strong as selection on observables. Solving β∗(δ,Rmax) = 0 yields the Oster

breakdown value

δ0 =
β̂M(R2

M −R
2
S)

(β̂S − β̂M)(Rmax −R2
M)
,

that is, the value of δ required to drive the adjusted coefficient to zero.
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While the Oster δ measures the amount of selection needed to make the coefficient

equal zero, Masten and Poirier (2026) develop a test to quantify the selection required to

overturn its sign. As they explain in their paper, these thresholds can differ because the

coefficient compatible with Oster’ assumptions can admit a coefficient with the opposite

sign while still ruling out a coefficient of exactly zero. Interestingly, in some cases, less

selection may actually needed to reverse the sign than to explain the estimate away.

Let W0 denote the fixed effects, W1 the observed covariates, and W2 the omitted con-

trols. Let βlong denote the coefficient on the treatment in the long regression that includes

both observed controls W1 and omitted controls W2, and let βmed be the coefficient from

the regression that includes only W1. Consistently with Oster’s framework, I set the hy-

pohetical long regression explanatory power to R2
long = min{1.3R2

med,1}. I additionally

restrict the magnitude of the omitted variable bias to |βlong − β̂med| ≤ 2|β̂med|, which is a

bias bound of twice the baseline coefficient and an established choice proposed and ex-

amined by Masten and Poirier (2026).

Let B(δ,R2
long) denote the set of long-regression coefficients compatible with Oster’s

model and the observed regression moments, and define s = sign(β̂med). The reported

sign-change breakdown point is

δ̂
bp
sign = inf

|δ| : there exists b ∈ B(δ,R2
long) such that sb ≤ 0,

|b − β̂med| ≤ 2|β̂med|

 .
This implies that the statistic measures the smallest absolute value of Oster’s selection

parameter consistent with a zero coefficient or a coefficient of the opposite sign, subject

to the specified explanatory power and bias bound. Larger values indicate greater sign

robustness under these assumptions.

This analysis is closely related to the work of Diegert, Masten and Poirier (2025) (DMP

henceforth): both approaches assess how much selection on unobservables is needed to

overturn regression estimates and address different limitations of earlier sensitivity anal-

yses. While Masten and Poirier (2026) distinguish explaining away a coefficient from

reversing its sign within Oster’s model, DMP develop a different sensitivity framework

that allows observed controls to be correlated with omitted variables and uses separate

measures of relative selection in the treatment and outcome equations. The Masten and
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Poirier (2026) statistic I report here retains Oster’s selection parameter and assumptions,

and that is why I prefer it to the type of statistic discussed in DMP.17

Another approach to assess sensitivity to omitted variable bias is provided by Cinelli

and Hazlett (2020). They depart from the proportional selection logic underlying the

approaches discussed above and instead parameterizes the strength of unobserved con-

founding directly through partial R2 measures. To formalize their idea, consider the pop-

ulation regression

Y = τD +X ′β +γU + ε, (A.4.1)

where D is the treatment or regressor of interest, X is the vector of observed controls,

and U is an omitted confounder. Cinelli and Hazlett (2020) show that the magnitude of

omitted variable bias can be illustrated in terms of two quantities: R2
D∼U |X and R2

Y∼U |D,X .

The first term measures the proportion of the residual variation in D, after conditioning

on X, explained by the omitted confounder U . The second one denotes the proportion of

the residual variation in Y , after conditioning on bothD andX, explained byU . These two

partial R2 statistics therefore capture the treatment side and outcome side strength of the

omitted confounding, respectively. The omitted variable bias in the estimated treatment

coefficient can be written as a direct function of these two quantities: let τ̂res denote the

coefficient obtained from the regression omitting U , and let τ̂ denote the coefficient that

would be obtained if U were observed and included. Then, the absolute bias satisfies

|τ̂res − τ̂ | = se(τ̂res)

√√
df
R2
Y∼U |D,XR

2
D∼U |X

1−R2
D∼U |X

.

Thus, any hypothesized pair
(
R2
D∼U |X ,R

2
Y∼U |D,X

)
implies a corresponding degree of omit-

ted variable bias and, consequently, a bias-adjusted estimate of the treatment effect.

For a given proportional reduction q in the estimated coefficient, the robustness value

from Cinelli and Hazlett (2020) is the minimum common partial R2 that an omitted con-

founder would need to have with both the treatment and the outcome to generate such a

reduction. In the commonly considered case with q = 1, the robustness value measures

the minimum strength required from confounding variables to reduce the estimated treat-
17Both approaches are implemented in the Stata package regsensitivity. The calculations reported

here use its oster option, which implements the Masten and Poirier (2026) analysis within Oster’s model,
rather than its dmp option.
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ment effect to zero. Analogously, RVα measures the minimum confounding strength re-

quired to make the estimate statistically insignificant at a specified significance level. It is

important to highlight that the restriction that the two partial R2 values are equal is used

only to construct this scalar summary. In practice, the underlying sensitivity analysis

allows the treatment side and outcome side strength of confounding to differ.

Table A.4.1: Sensitivity Analyses on the Effects of Horizontal Interlocks on Innovation
Inputs, Outputs and Values

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

(Patents) (Patents) (CW Patents) (CW Patents)

Oster-β [0.048] [0.048] [0.032] [0.032]
Oster-δ {1.684} {1.542} {1.364} {1.279}
MP Sign Breakdown <10.886> <9.581> <13.889> <11.386>

N 4,575 4,810 4,575 4,810
R-squared 0.933 0.918 0.927 0.909

Firm FE YES YES YES YES
Year FE NO YES NO YES
Industry-Year FE YES NO YES NO
State-Year FE YES NO YES NO

Notes: Each column reports the sensitivity of the Interlock coefficient of the corre-
sponding OLS specification to unobserved confounding. Oster-β is the Oster (2019)
bias-adjusted coefficient at δ = 1 and a maximum R2 of 1.3 times the observed one,
capped at 1. Oster-δ is the value of δ that would set that coefficient to zero at the same
maximum R2. MP Sign Breakdown is the Masten and Poirier (2026) breakdown point
beyond which the sign of the effect can no longer be determined.

Relative to Oster (2019) and Masten and Poirier (2026), Cinelli and Hazlett (2020)

characterize confounding directly through the explanatory power that an omitted vari-

able would need to have for the residualized treatment and residualized outcome. This

allows the econometrician to express their sensitivity parameters to be benchmarked di-

rectly against the partial R2 values associated with observed covariates, which allows for

easier interpretation. The framework is nevertheless closely connected to the approaches

discussed above. For example, Oster (2019)’s Rmax can be mapped into the outcome side
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of the Cinelli and Hazlett (2020) sensitivity parameter according to

R2
Y∼U |D,X =

Rmax −R2
Y∼D,X

1−R2
Y∼D,X

.

The principal conceptual difference lies in the treatment side. While proportional se-

lection approaches impose structure linking selection on unobservables to selection on

observables, Cinelli and Hazlett (2020) leave R2
D∼U |X as a sensitivity parameter to be cal-

ibrated directly. Hence, their method does not require the researcher to posit a particu-

lar proportional relationship between observed and unobserved selection, like the Oster

(2019) test does.

The Cinelli and Hazlett (2020) analysis should therefore be viewed as complementary

to the Oster (2019) and Masten and Poirier (2026) exercises, and reporting all these types

of sensitivity analysis provides robustness assessments under distinct, but closely related,

ways of formalizing the potential importance of unobserved confounding. Accordingly,

in the main part of the paper, I report the sensitivity analysis test from Cinelli and Ha-

zlett (2020). In this Appendix, Table A.4.1 reports the sensitivity results for innovation

outputs using the Oster (2019) and Masten and Poirier (2026) tests. It indicates that these

estimates are unlikely to be driven by omitted variable bias. The corresponding Oster

β values are 0.048 for the raw patent counts for both specifications, implying that the

coefficients remain positive even under the benchmark assumption that selection on un-

observables is as strong as selection on observables. The Oster-δ values, 1.684 and 1.542,

imply that selection on unobservables would need to be roughly 1.6 times as strong as

selection on observables to drive the corresponding coefficients to zero.18 The MP sign

breakdown values, 10.886 and 9.581, point in the same direction: selection on unobserv-

ables would need to be approximately 10.9 times as strong as selection on observables,

as measured by Oster’s relative selection parameter, to overturn the conclusion that the

effect is positive. The results regarding the citation-weighted counts are similar.

18For reference, Oster (2019) reports that only 45% of the non-randomized papers from the top 5 journals
in Economics have an Oster delta greater than 1.
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A.5 Alternative Specification

In this section of the appendix, I test the robustness of my baseline results to alterna-

tive specifications, from changing the estimator to trying a different definition of market

competition and competing firms.

A.5.1 Poisson Regressions

A Poisson regression is usually the estimator of choice when dealing with patent counts,

which inevitably contain a lot of zeros (Hausman, Hall and Griliches, 1984, Silva and

Tenreyro, 2006). However, as I explain in the main text, I must use OLS because it is the

only estimator that can be paired with common sensitivity analysis to test for omitted

variable bias. Nevertheless, in this subsection, I still report Poisson as a robustness check

and, from Table A.5.1, I find that the results are the same as OLS.

Table A.5.1: Poisson Estimates of the Effects of Horizontal Interlocks on Innovation In-
puts, Outputs and Values

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

R&D R&D Patents Patents
CW CW Avg. Avg.

Patents Patents Value Value

Interlock -0.039 -0.010 0.119∗∗ 0.183∗∗∗ 0.237∗∗∗ 0.207∗∗∗ -0.080 -0.023
(0.032) (0.029) (0.049) (0.062) (0.061) (0.063) (0.065) (0.058)

N 2,827 3,085 3,454 3,779 3,454 3,779 3,172 3,501
Pseudo R-squared 0.990 0.986 0.972 0.959 0.970 0.958 0.899 0.853

Firm FE YES YES YES YES YES YES YES YES
Year FE NO YES NO YES NO YES NO YES
Industry-Year FE YES NO YES NO YES NO YES NO
State-Year FE YES NO YES NO YES NO YES NO

Notes: ∗, ∗∗, and ∗ ∗ ∗ denote p < 0.10, p < 0.05, and p < 0.01, respectively. Estimates are Poisson pseudo-
maximum likelihood (ppmlhdfe), with the dependent variables in levels. Standard errors (clustered by
firm) are reported in parentheses. The unit of observation is the firm-year. Interlock is an indicator equal
to one if the firm has at least one Section 8–violating horizontal interlock in year t and zero otherwise. All
specifications include a set of firm-level controls chosen by double LASSO, the technology and product-
market spillover covariates entered on top of that selection, and the corresponding sets of fixed effects as
reported in the table.
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A.5.2 Results with Average AKM Ability

In my baseline specification, after estimating my AKM model, I use aggregated firm-level

estimated director fixed effects as a control variable. In this subsection, I test whether the

results change if I were to use average estimated AKM effects instead. Table A.5.2 reports

these results.

Table A.5.2: Effects of Horizontal Interlocks on Innovation Inputs, Outputs and Values

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

(R&D) (R&D) (Patents) (Patents) (CW Patents) (CW Patents) (Avg. Value) (Avg. Value)

Interlock 0.017 0.008 0.115∗∗∗ 0.134∗∗∗ 0.119∗∗ 0.143∗∗∗ 0.001 0.005
(0.027) (0.024) (0.042) (0.044) (0.049) (0.052) (0.051) (0.045)

N 4,283 4,528 4,575 4,810 4,575 4,810 4,246 4,461
R-squared 0.990 0.986 0.933 0.918 0.927 0.909 0.840 0.787

Firm FE YES YES YES YES YES YES YES YES
Year FE NO YES NO YES NO YES NO YES
Industry-Year FE YES NO YES NO YES NO YES NO
State-Year FE YES NO YES NO YES NO YES NO

Notes: ∗, ∗∗, and ∗ ∗ ∗ denote p < 0.10, p < 0.05, and p < 0.01, respectively. Standard errors (clustered by
firm) are reported in parentheses. The unit of observation is the firm-year. Interlock is an indicator equal
to one if the firm has at least one Section 8–violating horizontal interlock in year t and zero otherwise. All
specifications include a set of firm-level controls chosen by double LASSO, the technology and product-
market spillover covariates entered on top of that selection, and the corresponding sets of fixed effects as
reported in the table.

A.5.3 Results with Common Ownership as a Control Variable

In this subsection, I try adding common ownership to my vector of control variables and

show the results of this exercise in Table A.5.3. Once again, the results remain unchanged.
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Table A.5.3: Effects of Horizontal Interlocks on Innovation Inputs, Outputs and Values

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

(R&D) (R&D) (Patents) (Patents) (CW Patents) (CW Patents) (Avg. Value) (Avg. Value)

Interlock 0.024 0.016 0.110∗∗ 0.129∗∗∗ 0.206∗∗∗ 0.196∗∗∗ -0.004 -0.012
(0.026) (0.023) (0.043) (0.044) (0.057) (0.055) (0.052) (0.046)

N 4,353 4,602 4,374 4,637 2,615 2,766 4,372 4,635
R-squared 0.990 0.986 0.934 0.919 0.943 0.929 0.840 0.792

Firm FE YES YES YES YES YES YES YES YES
Year FE NO YES NO YES NO YES NO YES
Industry-Year FE YES NO YES NO YES NO YES NO
State-Year FE YES NO YES NO YES NO YES NO

Notes: ∗, ∗∗, and ∗ ∗ ∗ denote p < 0.10, p < 0.05, and p < 0.01, respectively. Standard errors (clustered by
firm) are reported in parentheses. The unit of observation is the firm-year. Interlock is an indicator equal
to one if the firm has at least one Section 8–violating horizontal interlock in year t and zero otherwise. All
specifications include a set of firm-level controls chosen by double LASSO, the technology and product-
market spillover covariates entered on top of that selection, and the corresponding sets of fixed effects as
reported in the table.

A.5.4 All Interlocks

As another robustness exercise, I relax the baseline treatment definition and replace Sec-

tion 8–violating horizontal interlocks with a broader indicator for all interlocks. Under

this alternative specification, a firm is treated in year t if it shares at least one director

with any other firm, regardless of whether the linked firms are horizontal rivals or are

connected through vertical or not. Figure A.5.1 reports the statistics for this type of inter-

lock.
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Figure A.5.1: Firm-Level Statistics About All Interlocking Directorates

(a) Average and Share of Interlocks
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(b) Number of Interlocks by Firm in 2024
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Notes: Panel (a) shows the average number of horizontal and vertical interlocking directorates (blue line,
left axis) across all firms in the sample by year, and the percentage of firms that have at least one interlock-
ing directorate by year (red line, right axis). Panel (b) shows the distribution of the number of interlocking
directorates by firm in 2024, along with the percentage of firms for each bracket.

Table A.5.4: Effects of Section 8 Interlocks on Innovation Inputs, Outputs and Values

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

(R&D) (R&D) (Patents) (Patents) (CW Patents) (CW Patents) (Avg. Value) (Avg. Value)

Interlock 0.030 0.012 0.130∗∗ 0.123∗∗ 0.126∗ 0.131∗∗ 0.087 0.064
(0.044) (0.041) (0.063) (0.060) (0.072) (0.066) (0.058) (0.051)

N 4,283 4,528 4,575 4,810 4,575 4,810 4,246 4,461
R-squared 0.990 0.986 0.932 0.918 0.926 0.909 0.840 0.787

Firm FE YES YES YES YES YES YES YES YES
Year FE NO YES NO YES NO YES NO YES
Industry-Year FE YES NO YES NO YES NO YES NO
State-Year FE YES NO YES NO YES NO YES NO

Notes: ∗, ∗∗, and ∗ ∗ ∗ denote p < 0.10, p < 0.05, and p < 0.01, respectively. Standard errors (clustered by firm)
are reported in parentheses. The unit of observation is the firm-year. Interlock is an indicator equal to one
if the firm has at least one interlock (horizontal or vertical) in year t and zero otherwise. All specifications
include a set of firm-level controls chosen by double LASSO, the technology and product-market spillover
covariates entered on top of that selection, and the corresponding sets of fixed effects as reported in the
table.
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A.5.5 Results with Hoberg–Phillips-based Definition of Competition

Here, I broaden the baseline definition of competitors by combining NAICS-2 classifica-

tions (TNIC-2) with the Hoberg-–Phillips (Hoberg and Phillips, 2016, 2010) text-based

network industry classification (TNIC-2). I now say that two firms are classified as com-

petitors if they share the same two-digit NAICS code or are linked in the official TNIC-2

network in the corresponding year. I then define the interlock indicator as equal to one

when a firm shares at least one director with a competitor under this combined defini-

tion. The results, show in Table A.5.5, illustrate that the coefficients are robust to this

alternative specification.

Table A.5.5: Effects of Product-Market (TNIC-2) Interlocks on Innovation Inputs, Outputs
and Values

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

(R&D) (R&D) (Patents) (Patents) (CW Patents) (CW Patents) (Avg. Value) (Avg. Value)

Interlock -0.012 0.000 0.106∗∗ 0.100∗∗ 0.103∗∗ 0.101∗∗ 0.023 0.011
(0.026) (0.022) (0.041) (0.041) (0.048) (0.047) (0.049) (0.042)

N 4,283 4,528 4,575 4,810 4,575 4,810 4,246 4,461
R-squared 0.990 0.986 0.933 0.918 0.926 0.909 0.840 0.787

Firm FE YES YES YES YES YES YES YES YES
Year FE NO YES NO YES NO YES NO YES
Industry-Year FE YES NO YES NO YES NO YES NO
State-Year FE YES NO YES NO YES NO YES NO

Notes: ∗, ∗∗, and ∗ ∗ ∗ denote p < 0.10, p < 0.05, and p < 0.01, respectively. Standard errors (clustered by
firm) are reported in parentheses. The unit of observation is the firm-year. Interlock is an indicator equal to
one if the firm has at least one interlock in year t with a firm that is either in the same NAICS-2 category
or with a firm that is a Hoberg–Phillips TNIC-2 competitor in year t, where both firms meet the Section 8
size thresholds and zero otherwise. All specifications include a set of firm-level controls chosen by double
LASSO, the technology and product-market spillover covariates entered on top of that selection, and the
corresponding sets of fixed effects as reported in the table.
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A.6 Event Studies

A.6.1 Citations by Origin and Destination

In this Section, I inspect whether the citation outcomes that I report in the main text differ

depending on the direction of director movement within the dyad. In particular, I define

the origin firm as the firm in which the shared director was first appointed chronologi-

cally, and the destination firm as the company in the dyad that the director joins at a later

date. For simplicity, I exclude dyads in which directors were appointed in the same year.

The results illustrate that the dynamic pattern is symmetric across origin and destination

firms. The two panels of Figure A.6.1 show that, after the first interlock, citations increase

on both sides of the dyad. The effect only grows gradually over time, which mirrors the

same dynamic effects illustrated in Figure 3. The magnitude is very slightly larger on the

origin side at longer horizons, but the two profiles are remarkably similar overall. Inter-

locks therefore seem to facilitate knowledge flows in both directions across the connected

pair.
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Figure A.6.1: Event Studies - Citations by Origin and Destination

(a) Origin
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(b) Destination
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Notes: Each panel reports staggered-adoption event study estimates of the effect of first adopting an inter-
lock on the stated outcome. The reported estimates are from the Callaway and Sant’Anna (2021) frame-
work, which maps cohort- and time-specific ATT(g, t) to event time k = t − g, with k = −1 normalized to
zero. Event time is defined relative to the first interlock (k = 0) between any two firms. The dots are the
estimates from such regressions. The darker red band shows the 90% confidence intervals, whereas the
lighter red band shows the 95% confidence intervals. The standard errors are clustered at the firm-pair
level. Logged outcomes use log(1 + x). All specifications include calendar-year fixed effects and the base-
line dyad-level controls as described in the text. The outcome is Cross-Citations, the share of a firm-year’s
patent citations that go to (or come from) firms with which the focal firm shares at least one director in
year t, split between origin and destination firms as defined in the text.
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A.7 Robustness Checks

A.7.1 Placebo Event Studies

To assess whether the patterns in the staggered event studies illustrated in the main paper

could be generated mechanically by generic trends around future interlocks rather than

by interlocks themselves, I estimate placebo versions of these event studies.

For the dyad-level citation outcomes, I begin from the same firm-pair-year panel used

in the main event studies and construct pseudo-treatment dates by shifting each treated

dyad’s true first-interlock year backward by six years. That is, if Gij denotes the first

year in which dyad (i, j) becomes interlocked, I define the placebo cohort as GPij = Gij − 6

for treated dyads, while never-treated dyads remain untreated. This is the same placebo

event study framework discussed in Borusyak, Jaravel and Spiess (2024) and a common

way to generate placebo event studies. I then re-estimate the same staggered-adoption

Callaway and Sant’Anna (2021) design as in the main text, replacing the true treatment

date with GPij and keeping k = −1 as the omitted period.

Figure A.7.1: Placebo Event Studies - Patent Counts

(a) Patents
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(b) Citation-Weighted Patents
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Notes: This figure reports staggered-adoption event study estimates of the effect of the placebo adoption
date on the stated outcome. The reported estimates are from the Callaway and Sant’Anna (2021) estimator,
which maps cohort- and time-specific ATT(g, t) to event time k = t−g, with k = −1 normalized to zero. The
dots are the estimates from such regressions. The darker red band shows the 90% confidence intervals,
whereas the lighter red band shows the 95% confidence intervals. The standard errors are clustered at the
firm-pair level. Event time is defined relative to the placebo treatment date (k = 0); k = −1 is the omitted
baseline.
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Figure A.7.2: Placebo Event Studies - Citations

(a) Cross-Citations

-0.03

-0.02

-0.01

0.00

0.01

0.02

0.03

-5 -4 -3 -2 -1 0 1 2 3 4 5
Years Relative to Placebo Treatment Date

Notes: This figure reports staggered-adoption event study estimates
of the effect of the placebo adoption date on the stated outcome. The
reported estimates are from the Callaway and Sant’Anna (2021) esti-
mator, which maps cohort- and time-specific ATT(g, t) to event time
k = t − g, with k = −1 normalized to zero. The dots are the estimates
from such regressions. The darker red band shows the 90% confidence
intervals, whereas the lighter red band shows the 95% confidence in-
tervals. The standard errors are clustered at the firm-pair level. Event
time is defined relative to the placebo treatment date (k = 0); k = −1 is
the omitted baseline.
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Figure A.7.3: Placebo Event Studies – New Classes
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Notes: This figure reports staggered-adoption event study estimates
of the effect of the placebo adoption date on the stated outcome. The
reported estimates are from the Callaway and Sant’Anna (2021) esti-
mator, which maps cohort- and time-specific ATT(g, t) to event time
k = t − g, with k = −1 normalized to zero. The dots are the estimates
from such regressions. The darker red band shows the 90% confidence
intervals, whereas the lighter red band shows the 95% confidence in-
tervals. The standard errors are clustered at the firm-pair level. Event
time is defined relative to the placebo treatment date (k = 0); k = −1 is
the omitted baseline.
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Figure A.7.4: Placebo Event Studies - Technological Proximity

(a) Citations to Technologically-Proximate
Patents

-0.04
-0.03
-0.02
-0.01
0.00
0.01
0.02
0.03
0.04

-5 -4 -3 -2 -1 0 1 2 3 4 5
Years Relative to Placebo Treatment Date

(b) Citations to Non-Technologically Proximate
Patents
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Notes: This figure reports staggered-adoption event study estimates of the effect of the placebo adoption
date on the stated outcome. The reported estimates are from the Callaway and Sant’Anna (2021) estimator,
which maps cohort- and time-specific ATT(g, t) to event time k = t−g, with k = −1 normalized to zero. The
dots are the estimates from such regressions. The darker red band shows the 90% confidence intervals,
whereas the lighter red band shows the 95% confidence intervals. The standard errors are clustered at the
firm-pair level. Event time is defined relative to the placebo treatment date (k = 0); k = −1 is the omitted
baseline.

Figure A.7.5: Placebo Event Studies - Patent Age

(a) Citations to Older Partner Patents
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(b) Citations to Newer Partner Patents

-0.04
-0.03
-0.02
-0.01
0.00
0.01
0.02
0.03
0.04

-5 -4 -3 -2 -1 0 1 2 3 4 5
Years Relative to Placebo Treatment Date

Notes: This figure reports staggered-adoption event study estimates of the effect of the placebo adoption
date on the stated outcome. The reported estimates are from the Callaway and Sant’Anna (2021) estimator,
which maps cohort- and time-specific ATT(g, t) to event time k = t−g, with k = −1 normalized to zero. The
dots are the estimates from such regressions. The darker red band shows the 90% confidence intervals,
whereas the lighter red band shows the 95% confidence intervals. The standard errors are clustered at the
firm-pair level. Event time is defined relative to the placebo treatment date (k = 0); k = −1 is the omitted
baseline.
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A.8 Markups

A.8.1 Implementation Details for Markup Estimation

I build a firm–year panel and retain observations with non-missing gross revenue, ma-

terials expenditure, and the book value of plant, property, and equipment. Inputs are

constructed as logs of gross output, materials, and capital and log employment as a labor

quantity. I estimate a translog gross-output production function separately within 2-digit

industries:

lnQit = β0 + βM lnMit + βL lnLit + βK lnKit

+ βMM(lnMit)
2 + βML lnMit lnLit + βMK lnMit lnKit + · · ·+ωit + εit.

(A.8.1)

To address simultaneity and selection, I use the Olley and Pakes (1996) investment proxy

estimator with the Ackerberg, Caves and Frazer (2015) correction to estimate translog

coefficients and a firm–year transitory error estimate ε̂it from the first-stage residual. The

mapping from elasticities and expenditure shares to markups follows the De Loecker and

Warzynski (2012) framework.

Given the estimated translog, the materials elasticity varies by firm and year:

θM,it = β̂M + 2β̂MMmit + β̂ML lit + β̂MK kit.

The materials revenue share is

αM,it =
COGSit
R̃it

, R̃it =
Salesit
exp(ε̂it)

,

i.e., I scale revenue by exp(ε̂it) to adjust for the estimated transitory error component.

Firm–year markups are computed as

µit =
θM,it
αM,it

,

as implied by cost minimization with competitive input markets (De Loecker and Warzyn-

ski, 2012). For each firm–year, I retain (µit, αM,it, ε̂it) for subsequent analysis. The depen-

dent variable in the markup regressions is ln(1 +µit).
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A.8.2 Markup Results

Table A.8.1 presents the results of running Equations 1 and 2 on the markup numbers

estimated using the procedure illustrated in this section. In each specification, the coeffi-

cient on firm-level markups is null.

Table A.8.1: Effects of Horizontal Interlocks on Markups

(1) (2)
Log(Markup) Log(Markup)

Interlock 0.011 0.009
(0.008) (0.008)

N 4,636 4,877
R-squared 0.895 0.880
Firm FE YES YES
Year FE NO YES
Industry-Year FE YES NO
State-Year FE YES NO

Notes: ∗, ∗∗, and ∗ ∗ ∗ denote p < 0.10, p < 0.05, and p < 0.01, respectively.
Standard errors (clustered by firm) are reported in parentheses. The unit
of observation is the firm-year. Interlock is an indicator equal to one if the
firm has at least one Section 8–violating horizontal interlock in year t and
zero otherwise. All specifications include a set of firm-level controls chosen
by double LASSO, the technology and product-market spillover covariates
entered on top of that selection, and the corresponding sets of fixed effects
as reported in the table.
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A.9 Results by Industry

Figure A.9.1 reports industry-specific estimates. I estimate industry-specific effects using

a pooled OLS specification that interacts the interlock indicator with industry indicators.

For each industry, the reported marginal effect combines the coefficient on the interlock

indicator with the corresponding interaction coefficient.

Figure A.9.1: Effects of Section 8 Interlocks on Innovation by Industry

(a) R&D
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Average Marginal Effect

(b) Patents
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Admin Support/Waste
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-1.00 0.00 1.00
Average Marginal Effect

(c) Citation-Weighted Patents

Mining/Oil & Gas
Construction
Manufacturing
Wholesale Trade
Retail Trade
Transport/Warehousing
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Finance/Insurance
Real Estate/Rental
Professional/Scientific
Admin Support/Waste
Accommodation/Food

-1.00 -0.50 0.00 0.50 1.00
Average Marginal Effect

Notes: These graphs report the average marginal effect of Interlockjt estimated from Regression 1 aug-
mented with a full set of interactions between Interlockjt and industry indicators. Each dot denotes the
estimated effect for a different industry, defined by NAICS-2 sectors (with codes 31–33, 44–45 and 48–49
collapsed into single sectors). Only industries containing at least one firm whose interlock status changes
over the sample period are shown. The horizontal navy blue bars denote the corresponding 95% confi-
dence intervals, based on standard errors clustered at the firm level.
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