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Board Knowledge Diversity and Radical Innovation
Abstract
This study examines how diverse knowledge of the corporate board affects firm radical innovation.
We find that board knowledge diversity gleaned from heterogeneous educational, industrial, and
organizational experiences can increase the quantity, technological impact, and market impact of pathbreaking and novel patents of the firm. These findings are robust to a variety of approaches that address
the endogeneity of board composition. When examining potential mechanisms, we find that corporate
boards with diverse knowledge may provide strategic advice to mitigate technological exploration
risks—namely, by facilitating inventor knowledge recombination, strategic alliances, and the
appointment of upper echelon managers with general skills at the firm. These findings suggest that
board knowledge diversity spurs firm radical innovation through the directors’ advisory function.
Keywords: board knowledge diversity; radical innovation; inventor knowledge recombination;
strategic alliances; general managerial skills
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1. Introduction
How does knowledge diversity of the corporate board affect radical innovation at the firm? Modern
corporations often emphasize the development of new technologies to gain a competitive advantage,
especially by exploration of unchartered technological areas that leads to radical innovation (Porter,
1992, Fleming, 2007; Manso, 2011). Radical innovation deviates from the prior technological
foundation and shifts future researchers’ attention away from prior technologies. This type of
innovation often provides significant long-term scientific and economic value, which can “transform
the fortunes of organizations and industries” (Funk and Owen-Smith, 2017: p.791). A prominent
example is the COVID-19 vaccines recently developed by multiple companies (e.g., Moderna,
CureVac, BioNTech, and Pfizer). These vaccines rely on sequencing messenger ribonucleic acid
(mRNA) and deoxyribonucleic acid (DNA)—an approach that fundamentally deviates from the
established vaccine technology (e.g., collecting, culturing, and attenuating virus strains) and provides
a new technological foundation for future vaccine development (Gardner, 2021).
However, radical innovation entails high risks because the firm is more likely to encounter
early failures when conducting exploration in unknown technological domains than exploitation of
familiar paths (March, 1991; Singh & Fleming, 2010). Despite high risks in the short run, exploration
often leads to path-breaking inventions that can yield high rewards for the firm in the long run
(Balachandran & Hernandez, 2018; He & Hirshleifer, 2020). The development of radical innovation
hence requires corporate leadership that is open-minded and supportive of technological exploration.
To these ends, the corporate board of directors plays a crucial role. Through its provision of
strategic advice, the board can steer a firm’s top management team to pursue technological exploration
as a key innovation strategy. Balsmeier, Fleming and Manso (2017: p.537) argue that exploration may
be enhanced by directors who “provide greater diversity of opinion and expertise outside the manager’s
competence”. Relatedly, Katila, Thatchenkery, Christensen, and Zenios (2017) report that directors
with work experience in technological products contribute to fostering firm innovation. Managerial
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practitioners have also recognized the value of a board with diverse knowledge gleaned through work
experiences. For example, Blackrock’s annual letter to CEOs in 2018 attests to the importance of
directors with a “diverse and aware mindset” stemming from broad career experiences: “They are less
likely to succumb to groupthink or miss new threats to a company’s business model. And they are
better able to identify opportunities that promote long-term growth” (Fink, 2018). Therefore, we
hypothesize that corporate boards with knowledge diversity gained from heterogeneous experiences
would facilitate corporate development of radical innovation by providing effective strategic advice to
mitigate technological exploration risks.
Collectively, knowledge diversity of the board results from the directors’ educational training
and career experiences across different contexts (Williams & O’Reilly, 1998). To capture the multifaceted aspects of board knowledge diversity, we create a linear combination of factors that reflect the
directors’ heterogeneity in educational institutions, prior industrial exposure, and current
organizational exposure (i.e., affiliation to other boards). This index captures the combined knowledge
diversity of directors as a corporate leadership team and reflects the board’s collective cognitive
heterogeneity that underlies an innovation-enhancing “diverse and aware mindset” (Fink, 2018;
Hewlett, Marshall, & Sherbin, 2013).
To examine the outcomes of a firm’s engagement in radical innovation, we focus on pathbreaking and novel patents rather than all patents filed by a company.1 Radical innovation tends to be
technological inventions that instigate new knowledge trajectories and are highly novel (Fleming, 2007;
Funk & Owen-Smith, 2017; Kelly, Papanikolaou, Seru, & Taddy, 2018). We identify path-breaking
patents using the citation network measure developed by Funk and Owen-Smith (2017), whereas we
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Innovation studies often use all patents filed by a firm to indicate its overall innovation, compared to which, radical
innovation involves more cutting-edge exploration and is thus accompanied with higher early risks and potentially
greater future returns (Balachandran & Hernandez, 2018; Manso, 2011; Singh & Fleming, 2010).
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classify novel patents based on the textual similarity measure developed by Kuhn, Younge and Marco
(2020).
We find a positive relation between board knowledge diversity and radical innovation
outcomes of the firm. On average, firms whose directors have more diverse knowledge tend to achieve
higher quantity (counts), technological impact (forward citations), and market impact (economic
values) of path-breaking and novel patents.2 These positive effects are economically significant: For
example, our baseline specifications reveal that a one-standard-deviation increase in board knowledge
diversity is associated with a 13.5% increase in the count, a 19.4% increase in the forward citation, and
a 25.5% increase in the economic value of a firm’s path-breaking patents.
While this evidence is indicative, we recognize that reverse causality and omitted variable
biases may obfuscate causal identification. Specifically, a firm that is capable of inventing radical
technologies a priori may attract directors who display heterogeneous educational and professional
backgrounds. Moreover, unobserved shareholder traits may drive both board knowledge diversity and
radical innovation at the firm. For instance, a group of shareholders with heterogeneous knowledge
backgrounds may prefer to invest in firms with the focus on radical innovation development, while
assembling boards to represent the shareholders’ knowledge heterogeneity.
To address these concerns, we conduct an instrumental variable analysis following Bernile,
Bhagwat and Yonker (2018) and Bernstein, Giroud and Townsend (2016). Specifically, our instrument
is based on the supply of nonlocal director knowledge diversity potentially available to the firm, as
measured by the degree of diverse knowledge of nonlocal potential directors who reside at least 150
miles but within one non-stop flight away from the firm’s headquarter location. To construct this
instrument, we exploit the residential locations of potential directors and the existence of non-stop

To show consistency with the innovation literature, we also examine the firm’s overall innovation outcomes (i.e.,
using all patents) and find these positive effects to hold, thus buttressing our main results pertaining radical innovation
outcomes using path-breaking and novel patents only.
2

4

flights between those locations and firm headquarters. The premise of this instrument is that a decrease
in the travel time between a firm’s headquarters and director residence will—on the margin—increase
the available supply of potential directors. 3 Due to spatial separation, knowledge diversity of the
nonlocal director supply should only affect a firm’s innovation outcomes by altering the knowledge
composition of this firm’s board. This measure of nonlocal director knowledge diversity thus satisfies
the relevance and exclusion criteria for a valid instrument. Using this instrument, we continue to find
strong and positive relations between board knowledge diversity and radical innovation outcomes at
the firm, including the quantities, technological impacts, and market impacts of path-breaking and
novel patents. Moreover, these results are robust to a battery of additional tests that address endogeneity
concerns.
Next, we explore the potential mechanisms to explain why board knowledge diversity
promotes radical innovation at the firm. Leveraging different directors’ unique perspectives, the board
can advise on firm innovation strategies that mitigate managerial concerns over exploration risks, thus
fostering corporate development of path-breaking and novel technologies. Worded differently, a board
with diverse knowledge may spur radical innovation through its advisory function at the firm. To shed
light on this proposed mechanism, we examine the effects of board knowledge diversity on inventor
knowledge recombination, firm engagement in strategic alliances, and the general abilities and R&D
risk tolerance of top managers.
First, extant research illustrates that collaboration among inventors across different
technological domains facilitates knowledge recombination and can thus lower exploration risks for
the development of unconventional inventions, such as patents that deviate from the extant
technological trajectories and rely on novel breakthroughs (Kneeland, Schilling, & Aharonson, 2020;
Singh & Fleming, 2010). We argue that a board with diverse knowledge would value and promote
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See Table A1 in Bernile, Bhagwat and Yonker (2018), which directly verifies that an increase in non-stop flights
between two counties increases the realized firm-director matches between those given counties.
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inventor knowledge recombination at the firm. Through the provision of “greater diversity of opinion
and expertise” in its strategic advice (Balsmeier et al., 2017: p.537), the board may influence the firm’s
innovation culture by emphasizing the importance of collaboration among inventors with expertise in
diverse technological domains. Hence, we expect boards with diverse knowledge to facilitate inventor
knowledge recombination at the firm.
Second, strategic alliances allow the provision of complementary inter-organizational
resources that mitigate R&D risks borne by individual firms, especially for technological exploration
aiming to create breakthroughs (Li, Qiu, & Wang, 2019; Mowery, Oxley, & Silverman, 1996; Schilling
& Phelps, 2007). A board with heterogeneous educational and professional backgrounds provides
diverse perspectives and connections, which facilitate the firm’s engagement in strategic alliances that
accrue inter-organizational resources (Beckman, Haunschild, & Phillips, 2004; Howard et al., 2016;
Pfeffer, 1972). Hence, we propose that board knowledge diversity would spur radical innovation at the
firm by facilitating strategic alliances. We therefore expect greater board knowledge diversity to
increase the likelihood that the firm enters into strategic alliances, including innovation partnerships
such as R&D alliances, technology transfer, and licensing agreements.
Third, we argue that a board with diverse knowledge tends to recognize the importance of
managerial skills that are transferrable across different industries and organizations. Custódio, Ferreira
and Matos (2019) show that CEOs with transferrable skills enjoy elevated outside employment options;
these CEOs are thus more willing to take on R&D risks in the pursuit of technological exploration.
Hence, we posit that board knowledge diversity spurs radical innovation at the firm by leading to the
appointment of CEO’s and other upper-echelon managers with more general managerial abilities.
Relatedly, we expect firms with greater board knowledge diversity to invest more heavily in R&D—a
pattern consistent with high managerial tolerance for innovation risk (Custódio et al., 2019).
Our empirical results support the above three predictions. We find that board knowledge
diversity may foster inventor knowledge recombination, promote firm entries into strategic alliances,
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and elevate general abilities of managerial upper echelon and R&D investment at the firm. These
results suggest that the innovation enhancing effects of board knowledge diversity stem from the
board’s advisory function to reduce managerial concerns over exploration risks.
Another plausible mechanism is that board knowledge diversity facilitates radical innovation
by reducing managerial entrenchment through the directors’ governance function. (Kosnik, 1987).
Prior studies show that managers tend to be complacent and unmotivated to explore or innovate when
market competition is low (Hart, 1983; Bertrand & Mullainathan, 2003). Therefore, if the “governance
function” mechanism were salient for radical innovation, the positive effects of board knowledge
diversity would be larger in less competitive environments.
On the contrary, we find that the positive effects of board knowledge diversity on radical
innovation are larger for firms facing higher competition. This pattern indicates that board knowledge
diversity may complement the Schumpeterian pressure from competition on innovation. Firms facing
high competition strive to differentiate via innovation (Schumpeter, 1942), but managers’ risk aversion
toward technological exploration may dampen the “Schumpeterian force” that motivates firm
innovation. Our finding suggests that boards with diverse knowledge may alleviate managerial
concerns over exploration risks—thus prioritizing resource allocation for radical innovation—in highcompetition industries. This finding is more in line with the “advisory function” mechanism than the
alternative “governance function” mechanism.
To explore further if directors’ governance function may explain our results, we examine
whether ex ante corporate governance affects the impact of board knowledge diversity on innovation.
Consistent with the literature, we use the share of independent directors on the board in the prior year
to proxy for ex ante corporate governance quality (Balsmeier et al., 2017). If a board with diverse
knowledge fostered radical innovation by improving corporate governance, the innovation enhancing
effects would be stronger in firms with low ex ante governance quality. The evidence, however, does
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not support this prediction, suggesting that the board’s governance function is unlikely to explain the
innovation enhancing effects of board knowledge diversity.
Another potential mechanism is that board directors with diverse knowledge may foster radical
innovation by relaxing financial constraints at the firm. Due to high uncertainty of R&D investment
returns, radical innovation may encounter elevated capital market frictions (e.g., relatively few
investors are willing to fund radical innovation) (Akcigit & Kerr, 2018; Krieger, Li & Papanikolaou,
2018). It is plausible that our baseline effects are driven by the directors’ broad connections with capital
providers and potential investors (Beckman et al., 2014). That is, boards with high knowledge diversity
would promote firm radical innovation by relaxing financial constraints, thus allowing the firm to
allocate more resources to technological exploration. If this mechanism were a driver of our results,
the positive relationship between board knowledge diversity and radical innovation would be stronger
for firms facing tighter financial constraints. However, we find no empirical support for this prediction,
indicating that relaxation of financial constraints is unlikely to explain why board knowledge diversity
spurs radical innovation in our firm sample.
This study contributes to the literature in several key respects. First, our analysis sheds light on
board knowledge diversity as a critical antecedent of firm radical innovation—that is, the development
of path-breaking and novel technologies. Motivated by foundational theories that distinguish
exploration from exploitation (March, 1991), we investigate the role that a board with diverse
knowledge plays on behalf of the principal (e.g., shareholders) to encourage the agent (e.g., managers)
to pursue technological exploration (Balsmeier et al., 2017; Manso, 2011). Our analysis reveals that
the presence of a board of directors with diverse educational, industrial, and organizational experiences
leads to an increase in the quantity and quality of path-breaking and novel patents by the firm. This
evidence underscores the importance of the board’s acquired diversity in promoting radical innovation
at the firm and complements recent studies that focus on the effects of the board’s inherent diversity,
such as gender and racial compositions, on innovation (Cao et al., 2019; Griffin et al., 2021; Giannetti

8

& Zhao, 2019).4 Hence, our analysis extends current innovation studies by scrutinizing the impact of
board knowledge diversity on radical innovation, which involves greater exploration risks and higher
long-term value than general innovation does (Funk & Owen-Smith, 2017; Kneeland et al., 2020;
Singh & Fleming, 2010).
Second, our analysis contributes to the debate about the role of the board—specifically, about
the value of its advisory versus governance functions—for firm innovation. Our findings support the
board’s advisory function as the primary mechanism through which board knowledge diversity spurs
firm radical innovation. This study thus connects seminal insights on board composition, managerial
attitudes towards exploration risk, and radical innovation (e.g., Balsmeier et al., 2017; Custódio et al.,
2019; Manso, 2011). We show that board knowledge diversity is positively associated with knowledge
recombination through inventor collaboration, firm engagement in strategic alliances, and general
managerial skills of the upper echelon. This suggests that boards with diverse professional backgrounds
provide strategic advice on resource allocation that lessens managerial concerns over exploration risks.
Our findings on the heterogeneous effects of board knowledge diversity corroborate this explanation
and help rule out alternative mechanisms (i.e., board governance function, relaxing financial
constraint).
Third, we contribute to the overarching literature on board diversity and value creation—an
issue that has garnered growing attention in academic research and news media. Although practitioners
and policymakers have come to consider board diversity an important factor for firm value, empirical
evidence remains mixed. For example, while Anderson, Reeb, Upadhyay and Zhao (2011) report a
positive relationship between board diversity and firm value, Hwang, Shivdasani and Simintzi (2019)
find that the number of female board directors is linked to a decline in shareholder value. Kim and

As pointed out by Hewlett, Marshall, and Sherbin (2013: p.30): “Inherent diversity involves traits you are born with,
such as gender, ethnicity, and sexual orientation. Acquired diversity involves traits you gain from experience…
[regarding innovation] Inherent diversity, however, is only half of the equation. Leaders also need acquired diversity
to establish a culture in which all employees feel free to contribute ideas.”
4
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Starks (2016) suggest that a corporate board with diverse gender composition and heterogeneous
domain expertise can elevate firm value. Overall, extant studies predominantly focus on “inherent
diversity”, such as gender, racial, and age compositions of the board, whereas few have examined
“acquired diversity” that stems from the directors’ education and career experiences (Hewlett et al.,
2013). Our study investigates how diverse knowledge (i.e., acquired diversity) of the board fosters
radical innovation, which can yield higher long-term value but also increase short-term risks for the
firm.5 In doing so, we offer insights that add a novel perspective to the debate on whether board
diversity creates or destroys firm value. A board with diverse knowledge may encourage the firm to
pursue long-term value creation (e.g., targeting the development of radical innovation), while
sacrificing short-term success—observed as a decline in the firm’s market performance and valuation
in the immediate time horizon.
The remainder of this paper is structured as follows. Section 2 describes the data and the
variables. Section 3 presents the methodology and baseline results on the relation between board
knowledge diversity and firm radical innovation as well as the instrumental variable results that address
causality issues. Section 4 investigates potential mechanisms that explain our baseline results. Section
5 concludes the study.
2. Data
Our sample consists of a panel of firm-year observations of publicly traded US corporations filing at
least one patent application in a given year between 1996 and 2014. The sample starts in 1996 to ensure
we can obtain reliable records of professional and educational backgrounds (i.e., educational trainings
and career experiences) of corporate directors, which are essential to construct our measure of board
knowledge diversity. The sample ends in 2014 to ensure we can garner at least five years of patent
forward citations.

5

The innovation enhancing effects of board knowledge diversity hold when controlling for board demographic
diversity (i.e., director gender, race, and age). Results are available upon request.
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We combine data from several sources to construct our sample. We first collect the
characteristics of corporate directors, CEOs, and other upper-echelon managerial executives from
BoardEx, RiskMetrics, and Execucomp. We then match firms to organizational patent assignees in the
United States Patent and Trademark Office (USPTO) to identify the patents developed and owned by
each firm. USPTO provides firm innovation outcome measures, including patent counts and total
forward citations. Due to a lack of standardization in the naming of organizational assignees at the
USPTO, we rely on corporate name-matching results for US patents by Bena, Ferreira, Matos and Pires
(2017) and Kogan and Papanikolaou (2019). We crosscheck these two sources to ensure an accurate
matching on the patenting firm identities that can be linked to BoardEx and Compustat/CRSP. 6 We
also include the patent economic value calculated by Kogan and Papanikolaou (2019) in our analysis.
We obtain firm-year accounting data from Compustat, stock market data from the Center for Research
in Security Prices (CRSP), and corporate headquarters’ county level data from the United States
Bureau of Economic Analysis (BEA) and Census Bureau.
Given our focus on corporate development of radical innovation, we leverage two additional
data sources to identify path-breaking and novel patents in our sample. For the classification of pathbreaking patents, we employ the CD index developed by Funk and Owen-Smith (2017), which reflects
whether a patent consolidates or destabilizes extant trajectories of technology development based on
the changes in each patent’s backward and forward citation networks. Recent studies have adopted the
CD index and its variants to identify radical innovations (e.g., Azoulay, Fons-Rosen, & Graff Zivin,
2019; Balachandran & Hernandez, 2018; Feng & Jaravel, 2020). For the classification of novel patents,
we rely on the patent textual similarity score developed by Kuhn, Younge and Marco (2020), which is
a cosine similarity measure calculated from the vector space model (VSM) of the technological
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Bena, Ferreira, Matos and Pires (2017) match the USPTO organizational assignee names to publicly traded firms
using GVKEY as the firm identifier; Kogan, Papanikolaou and Stoffman (2017) perform patenting firm matching
using PERMCO as the firm identifier. We retain the consistent name-matching results from both sources, and we use
GVKEY for linking to the Compustat/CRSP database.
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keywords in the textual corpus of the entire patent documents. Other studies have relied on similar text
mining techniques to develop measures of patent novelty and significance (Balsmeier et al., 2018;
Kelly et al., 2018). We provide further details on these two measures in the next section.
Lastly, we rely on three additional databases to construct the variables needed to test the
relevance of our proposed mechanisms. First, we obtain data on strategic alliances from the SDC
Platinum database by Refinitiv (formerly Thomson Reuters) data services. We include all strategic
alliances, joint R&D, technology transfer, and technology licensing agreements identified in SDC for
each firm-year in our sample.7 Second, we collect inventor data (e.g., invention experiences in different
technological domains) from the USPTO PatentView database to construct the measures of inventor
knowledge recombination. Third, we use BoardEx data to measure the skillset generality of upperechelon mangers (e.g., CEO and other managerial executives) based on principal component analysis
following Custódio et al. (2019).
After combining data from the sources described above, we restrict our sample to firm-year
observations with at least one granted patent application.8 Following Kogan, Papanikolaou, Seru and
Stoffman (2017), we drop firms in financial industries (SIC 6000 – 6799), utilities (SIC 4900 – 4949),
public administration and non-classifiable business (SIC > 9000), and firms with missing book asset
value. Overall, our sample comprises 11,118 firm-year observations covering 971 unique firms in 1996
– 2014.
2.1. Measuring Firm Radical Innovation

7

Prior studies have distinguished technological exploration—or exploitation-driven partnerships—when examining
the impact of strategic alliances on innovation (Lavie & Rosenkopf, 2006; Li, Qiu, & Wang, 2019). Therefore, we
investigate these partnership types in addition to overall alliances: R&D alliances are generally deemed explorationdriven, whereas technology transfer and licensing are exploitation-driven.
8
The requirement that a sample firm-year be associated with at least one granted patent application is necessary, given
the focus of our analysis on radical innovation and the measures we use to identify path-breaking and/or novel patents,
as described in the main text.
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We calculate patent counts, forward citations, and economic values for two types of patents for which
a firm may apply in a year to indicate the outcomes of radical innovation: path-breaking patents and
novel patents. Path-breaking patents are identified based on the CD index developed by Funk and
Owen-Smith (2017). Specifically, a focal patent’s CD index at time 𝑡 is defined in the following
equation:
𝐶𝐷𝑡 =

1
∑ (−2𝑓𝑘𝑡 𝑏𝑘𝑡 + 𝑓𝑘𝑡 ) ,
𝑛𝑡
𝑘

(1)

where 𝑘 = (𝑘1 , 𝑘2 , … , 𝑘𝑛 ) is the vector of all the subsequent patents citing the focal patent and/or the
prior patents cited by the focal patent at time 𝑡, 𝑛𝑡 is the number of citations to the focal patent and to
the prior patents cited by the focal patent, 𝑓𝑘𝑡 will equal one if 𝑘 cites the focal patent and zero
otherwise, and 𝑏𝑘𝑡 will equal one if 𝑘 cites any of the focal patent’s prior patent(s) and zero otherwise.
The CD index thus captures the degree to which a focal patent increases or decreases the use
of prior technological knowledge by subsequent patents—that is, whether a focal patent consolidates
or destabilizes the existing technological foundation. The CD index ranges from -1 (most consolidating)
to 1 (most destabilizing). 9 Funk and Owen-Smith (2017) suggest that patents with positive values of
the CD index destabilize the trajectories of technology development based on prior knowledge. We
thus identify path-breaking patents in each firm’s portfolio of patent applications in a year as those
with a positive CD index (i.e., based on forward citations within five years after patent issuance and
all backward citations of the focal patent). 10

9

For example, both focal patents A and B cited two patents (i.e. predecessors) and have four patent citations after
issuance. Suppose that the four patents that cited patent A also cite the two predecessors of patent A and these two
1
predecessors do not have any other citations, then the CD score for patent A is -1 ( = [(−2 ∗ 1 ∗ 1 + 1) +
4
(−2 ∗ 1 ∗ 1 + 1) + (−2 ∗ 1 ∗ 1 + 1) + (−2 ∗ 1 ∗ 1 + 1)]). Suppose that the four patents that cited patent B do not
cite any of the two predecessors of patent B and these two predecessors do not have any other citations beyond patent
1
B, then the CD score for patent B is 1 ( = [(−2 ∗ 1 ∗ 0 + 1) + (−2 ∗ 1 ∗ 0 + 1) + (−2 ∗ 1 ∗ 0 + 1) +
4
(−2 ∗ 1 ∗ 0 + 1)]). In this example, patent A is maximally consolidating, and patent B is maximally destabilizing.
10
Table A3 in the Appendix I provides examples of path-breaking patents in our sample by industry divisions,
including the USPTO patent ID number, patent title, and the assignee name (i.e., firm) of each patent.
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Another distinguishing feature of radical innovation is high novelty (Fleming, 2007; Kelly,
Papanikolaou, Seru and Taddy, 2018). We examine how board knowledge diversity affects the quantity
and quality of a firm’s novel patents to corroborate our analysis of path-breaking patents. We measure
patent novelty using the similarity score of patent citation pairs developed by Kuhn, Younge and Marco
(2020). To compute the textual similarity score, each patent application is positioned as a vector in a
space of over 700,000 dimensions, where each dimension is associated to a technologically meaningful
word appearing in the textual corpus of all patents granted by the USPTO from 1976 to 2014. Each
patent vector is generated using a term-frequency inverse-document-frequency (TFIDF) method,
which up-weighs rare words and down-weighs common words.
The cosine measure (i.e., angular distance, ranging from 0 to 1) between two patent vectors
thus reflects the degree of similarity between the technical texts of these patents. For each patent, we
define novelty as one minus similarity, where similarity is the textual similarity score of the focal patent
when compared to one of this patent’s cited prior patents. We classify a patent as novel if its score
novelty is at or above the top ten percentile across all patents applied by all firms in the same industry
(defined as three-digit SIC code) in a year.11
We aggregate three patent-level measures for each patent type at the firm-year level to capture
various aspects of firm radical innovation outcomes. First, we use the total patent counts as a proxy for
the quantity of a firm’s annual radical innovation output (Lerner & Seru, 2017). Second, we use the
total patent citations (i.e., forward citations) in a given firm-year to capture the technological impact
of the firm’s radical innovation (Hall, Jaffe, & Trajtenberg, 2001). Third, we use the aggregate patent
economic values in a given firm-year to operationalize the market impact of firm radical innovation
(Kogan et al., 2017; Kogan & Papanikolaou, 2019). Specifically, a patent’s economic value is

11

We conducted sensitivity tests by identifying novel patents as those with top-one-percentile or top-five-percentile
novelty scores, which returned qualitatively similar results as those reported here (results are shown in Table A12 of
Appendix IV).

14

calculated as the product of the firm’s market capitalization prior to each patent publication
announcement multiplied by this firm’s market-adjusted stock return over a 3-day window around the
patent publication event. Patent citations and patent values reflect different aspects of a patent’s
quality—namely, its technological impact and market impact, respectively. Indeed, according to
Kogan et al. (2017), a patent’s economic value reflects additional information (compared to forward
citations) about how technological innovation contributes to the firm’s future growth. For example, a
patent with a small technological impact (indicated by forward citations) may generate high private
(economic) value for the firm if this patent restricts competition.
2.2. Measuring Board Knowledge Diversity
We construct a multi-dimensional index of board knowledge diversity to capture the heterogeneous
educational, industrial, and organizational experiences of the board directors. Specifically, we include
components that reflect the directors’ professional backgrounds using the records of individual board
members from BoardEx, ExecuComp, and RiskMetrics. For organizational experience diversity, we
count the number of other boards on which the directors concurrently place (Beckman et al., 2004;
2014). For industrial experience diversity, we calculate the additive inverse of the Herfindahl
concentration index of the directors’ cumulative professional expertise across different industries (3digit SIC) (Neal, 1995; Tate and Yang, 2015). For educational experience diversity, we calculate the
additive inverse of the Herfindahl concentration index of the alma maters conferring Bachelor’s
degrees to the directors of the firm. Specifically, we calculate board knowledge diversity as follow:
𝐵𝑜𝑎𝑟𝑑 𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦
= 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑂𝑡ℎ𝑒𝑟 𝐵𝑜𝑎𝑟𝑑𝑠 − 𝐻𝐻𝐼𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑖𝑎𝑙 𝐸𝑥𝑝𝑒𝑟𝑡𝑖𝑠𝑒
− 𝐻𝐻𝐼𝐵𝑎𝑐ℎ𝑒𝑙𝑜𝑟 𝐼𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛𝑠 , (2)
where Number of Other Boards is the average number of other boards in the Standard and Poor’s (S&P)
1500 on which current members serve, HHIIndustrial Expertise is the Herfindahl concentration index for
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work experiences across different industries (3-digit SIC), and HHIBachelor

Institutions

represents the

Herfindahl concentration index for the institutions that granted the Bachelor’s degrees to the board
members.12 Each of these components is normalized by its mean and standard deviation before entering
the linear combination to compute board knowledge diversity, the higher value of which indicates more
diverse combined knowledge of a firm’s board of directors.
2.3. Other Explanatory Variables
Following extant studies, we include in our analysis a battery of firm-year control variables that
potentially affect both the knowledge composition of the board and firm innovation outcomes (Bernile
et al., 2018; Kogan et al., 2017; Lerner & Seru, 2017). Asset tangibility is the sum of net property,
plant, and equipment (PP&E) and investments divided by book assets. Cash-to-asset equals cash and
short-term equivalents divided by book assets. CEO chair is a binary indicator that equals one if the
CEO is also the chair and president of the board, and zero otherwise. Ln(1+CEO tenure) is the
logarithm of one plus number of years since the current CEO’s starting date at a given firm. Ln(Board
size) and Ln(Board age) are the logarithm of one plus the number and average age of directors,
respectively. Dividend is a binary indicator that equals one if the firm pays dividends in a given year,
and zero otherwise. Firm employment is the square root of the number of employees. Ln(1+Firm age)
is the logarithm of one plus the number of years since the firm is first observed in Compustat. Marketto-book equals market equity divided by book equity. Leverage ratio equals the sum of current
liabilities and long-term debt divided by the sum of book debt and market equity. ROA equals net
income divided by book equity. Lastly, we control for the logged annualized monthly idiosyncratic

12

For example, a company has two directors: A and B. A worked in industries 523 and 202 prior to the current year,
and obtained a bachelor degree from Harvard; B worked in industry 523 and 545 prior to the current year, and obtained
a bachelor degree from Harvard. Then, HHIIndustrial Expertise = (2/4)2 +(1/4)2 +(1/4)2 =0.375, and HHIBachelor Institutions =
(2/2)2 =1. Since an increase in the Herfindahl concentration index is associated with a decrease in diversity, HHIIndustrial
Expertise and HHIBachelor Institutions have negative signs in Equation (2).
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volatility, Ln(IdioRisk), because it may have a mechanical effect on the patent economic value (Kogan
& Papanikolaou, 2019). 13
We also control for county-year factors that may confound the impact of board expertise on
firm innovation. Local director knowledge diversity is the degree of diverse combined knowledge of
all the individuals who serve as directors at any firm in the current year and reside within 150 miles of
its headquarters. Ln(GDP/capita) is the logged per-capita income at the firm’s headquarter county in
a given year. Change in GDP/capita is the percent change in the firm’s headquarter county’s per capita
income from the prior to the current year.14
2.4. Summary Statistics
Table 1 presents the summary statistics. Panel A shows firm innovation outcomes, including the counts,
5-year citations, and economic values of path-breaking and novel patents applied by a firm in a year.
As mentioned earlier, our sample consists of firm-years with at least one granted patent application.
Nonetheless, the patterns of firm patenting in our sample are consistent with those reported in other
studies—in particular, skewness of firm patenting indicated by patent count means that exceed the
medians.
Panel B shows the board characteristics, including the multi-dimensional index of board
knowledge diversity and its three underlying components, and the logged director age and board size.
Board knowledge diversity is standardized to have a mean of 0 and a standard deviation of 1. While
our sample is limited to innovative firm-years (i.e., firm-years with at least one patent), the underlying
components of our board knowledge diversity have similar statistics as the ones in Bernile, Bhagwat
and Yonker (2018) except that the mean of the average number of other boards served upon by firm
directors is higher in our sample. This difference indicates a potential correlation between directors

13

Monthly idiosyncratic volatility is computed as the square root of 12 multiplied by the standard deviation of monthly
excess stock returns, where excess return is defined using a Capital Asset Pricing Model (CAMP) estimated over the
prior year.
14
Table A1 in Appendix I provides the definitions of all variables included in our analysis.
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that serve on multiple boards (i.e., board interlock) and the innovativeness of the firm. Panel C and
Panel D show the summary statistics of other firm and county control variables, respectively.15
Insert Table 1 Here
3. Board Knowledge Diversity and Firm Radical Innovation
3.1. Effects of Board Knowledge Diversity on Path-Breaking and Novel Patents
To examine the effects of board knowledge diversity on firm innovation outcomes, we estimate the
following regression at the firm-year level:
𝑦𝑖,𝑡 = 𝛼𝑡 + 𝛼𝑗 + 𝛼𝑧 + 𝛾 ∗ 𝐵𝑜𝑎𝑟𝑑 𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦𝑖,𝑡 + 𝛽 ∗ 𝑋𝑖,𝑡 + 𝜖𝑖,𝑡 ,

(3)

where 𝑖 , 𝑡 , 𝑗 and 𝑧 denote firms, years, industries, and firm headquarter counties, respectively;
𝐵𝑜𝑎𝑟𝑑 𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦𝑖,𝑡 is the standardized index from equation (2) for firm 𝑖 in year 𝑡; and
𝑋𝑖,𝑡 is a vector of firm-year controls, including firm characteristics, CEO characteristics, and
headquarter county-year characteristics. 𝛼𝑡 is the year fixed effect that absorbs aggregate shocks
affecting all firms, and 𝛼𝑗 is the industry fixed effect that absorbs time-invariant industry
characteristics. Including both year- and industry-fixed effects can also alleviate the truncation biases
in innovation outcomes (Hall, Jaffe, & Trajtenberg, 2001). We further control for the county-fixed
effect, 𝛼𝑧 , to absorb the time-invariant local factors that bias the estimated effects in our analysis. We
cluster the standard errors at the firm level.
Table 2 reports the OLS regression coefficient estimates for the relation between board
knowledge diversity and characteristics of the firm’s the path-breaking innovation activities. Columns
1 – 2 report the estimated effects on the quantity of path-breaking patents, where the dependent variable
is the logarithm of one plus the count of path-breaking patents. Columns 3 – 6 report the estimated
effects on the quality of path-breaking patents, with Columns 3 – 4 showing results on their
technological impact (i.e., the logarithm of one plus five-year forward citations) and Columns 5 – 6

15

Table A2 in Appendix I provides the industry distribution of our sample.
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showing results on their total private economic value (i.e., the logarithm of one plus the aggregate
economic value) of path-breaking patents. In Columns 1, 3, and 5, the key independent variable, board
knowledge diversity, as well as year, industry, and firm headquarter county fixed effects are included.
Considering that board knowledge diversity may not be randomly distributed with respect to the factors
that may alter a firm’s development of path-breaking patents, we add other time-varying firm and
county controls in Columns 2, 4, and 6.
Insert Table 2 Here
We find that the estimated coefficients of board knowledge diversity are positive and
statistically significant above the 99% confidence level in all six columns. These results indicate that
the degree of combined diverse knowledge of a firm’s board directors is associated with superior pathbreaking innovation, both in terms of the quantity and quality of the path-breaking patents invented by
the firm. Specifically, an increase in board knowledge diversity by one standard deviation is associated
with a 38.0% increase in path-breaking patent count (p = 0.000), a 49.4% increase in path-breaking
patent forward citations (p = 0.000), and a 57.4% increase in path-breaking patent value (p = 0.000),
controlling for year, industry, and firm HQ county fixed effects (Columns 1, 3, 5).
We caution that the high correlations between board knowledge diversity and path-breaking
innovation outcomes may be driven by time-varying factors, such as board size, firm performance, and
local demographic characteristics. Indeed, when time-varying firm and county control variables are
included, the impact magnitudes of board knowledge diversity decrease but remain economically
significant. Specifically, an increase in board knowledge diversity by one standard deviation is
associated with a 13.5% increase in path-breaking patent count (p = 0.000), a 19.4% increase in pathbreaking patent forward citations (p = 0.000), and a 25.5% increase in path-breaking patent economic
value (p = 0.000) (Columns 2, 4, 6). The observed decline in the coefficients of board knowledge
diversity indicates that the degree of diverse knowledge in the corporate boards varies systematically
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across firm-years by other factors, such as local director knowledge diversity, firm size, leverage ratio,
and ROA, which also influence innovation outcomes.
To reinforce the findings in Table 2, we repeat the same tests but replace path-breaking patents
with novel patents because radical innovation tends to display high novelty (Funk & Owen-Smith,
2017; Kelly et al., 2018). Table 3 report these results. We identify novel patents as those with the
novelty scores at or above the top ten percentile among the patents applied by all firms in the same
industry-year. The novelty score of each patent is one minus the textual similarity score of the focal
patent when compared to its cited prior patents (Kuhn et al., 2020).
Insert Table 3 Here
Overall, the results in Tables 2 and 3 are consistent. The estimated effects of board knowledge
diversity are positive and statistically significant above the 99% confidence level in all but Column 2,
where this positive effect is statistically significant above the 98% confidence level. These results show
that an increase in the diversity of board knowledge is associated with an increase in both the quantity
and quality of novel innovation. When controlling only for the year, industry, and firm HQ county
fixed effects, an increase in board knowledge diversity by one standard deviation is associated with a
29.4% increase in novel patent count (p = 0.000), a 36.9% increase in novel patent forward citations
(p = 0.000), and a 61.5% increase in novel patent economic value (p = 0.000) (Columns 1, 3, 5).
Although the addition of time-variant control variables lowers the magnitudes of the positive effects
of board knowledge diversity on firm novel innovation, the estimated effects remain economically
significant. Specifically, an increase in board knowledge diversity by one standard deviation is
associated with a 5.7% increase in novel patent count (p = 0.013), a 10.2% increase in novel patent
forward citations (p = 0.001), and a 12.8% increase in novel patent economic value (p = 0.004)
(Column 2, 4, 6).16
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Table A15 in Appendix IV reports the OLS regression results on the effects of diverse knowledge of the corporate
board on the counts, citations, and economic values of overall patents at the firm. The columns in Table A15 are
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In summary, the results from our baseline OLS analysis suggest that diverse knowledge of the
corporate board—indicated by a linear combination of the directors’ educational, industrial, and
organizational backgrounds—can promote firm development of radical innovation (i.e., path-breaking
and novel patents) in terms of patent quantities, technological impacts, and economic values. In the
following section, we discuss the potential endogeneity issues in the correlation between board
knowledge diversity and firm radical innovation, and we describe an instrumental approach to
overcome these issues for causality identification.
3.2. Instrumental Variable Analyses
We recognize two potential challenges for the identification of a causal relation between board
knowledge diversity and firm radical innovation outcomes. First, reverse causality is possible.
Specifically, firms that are a priori more apt to developing radical innovation (e.g., path-breaking and
novel patents) may seat their boards with directors that have diverse professional backgrounds. For
example, highly innovative firms often occupy the limelight across different news media. Thus, these
firms may establish a reputable corporate image that appeals to different individuals in the director
supply pool, leading to a corporate board assembly that represents a diverse mix of experiences and
skillsets. Second, omitted variable bias may stem from unobserved shareholders characteristics and
their investment preferences with respect to firms that are differently prone to innovating. It is possible
that shareholders who invest in innovative firms concurrently prioritize corporate leadership that may
offer diverse perspectives. For example, shareholder groups that value radical innovation often
represent diverse professional backgrounds. These shareholders may elect directors on the board who
represent their perspectives at the firms in which they invest.

organized similarly as in Tables 2 and 3. The estimated coefficients of board knowledge diversity are statistically
significant above the 99% confidence level in all six columns, suggesting that a board with diverse knowledge tends
to promote the firm’s overall innovation performances. Although our theory focuses on firm radical innovation, we
find that board knowledge diversity may also elevate general innovation at the firm, which echoes the practitioner
insights regarding knowledge diversity of leadership and firm innovativeness (Hewlett et al., 2013).
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To address these challenges, we follow Bernile, Bhagwat and Yonker (2018) and Bernstein,
Giroud and Townsend (2016) to construct an instrumental variable for our board knowledge diversity
measure and repeat our analysis based on two-stage least square (2SLS) estimation. Specifically, we
adopt an instrument defined as the mean degree of diverse combined knowledge of nonlocal potential
board directors who reside at least 150 miles away but within a non-stop flight of the firm headquarters,
weighted by non-stop flights’ frequency connecting firm headquarters and director residence locations
(nonlocal director knowledge diversity). We construct nonlocal director knowledge diversity using
director residential address data from Nexi Uni and domestic non-stop flight data from the Bureau of
Transportation and Services.17
This instrument satisfies the relevance and exclusion criteria for instrument validity. First,
since a firm’s board often consists of both local and nonlocal directors, the board’s knowledge
composition in a given firm is influenced by the expertise of the supply pool of nonlocal directors. For
a given firm, the nonlocal director supply tends to consist of viable candidates residing in locations
that are connected to the firm’s corporate headquarter via non-stop flights.18 Second, since the variation
in this instrumental variable comes from either the historical residential location choices of the
potential directors or the current airline companies’ decisions on air routes, diverse knowledge of
nonlocal potential board directors is unlikely to affect the focal firm’s innovation strategy and
outcomes directly. That is, nonlocal director knowledge diversity may only influence a given firm’s
innovation through altering the knowledge composition of this firm’s board (i.e., board knowledge
diversity).
Insert Table 4 Here
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We thank Scott Yonker for generously providing the data on director residences.
We also note that Table A1 of Bernile, Bhagwat and Yonker (2018) provides support for the direct effect of our
instrument on director selection. Specifically, an increase in the number of non-stop flights between two given counties
is associated with a larger number of directors residing in one of the counties serving on the boards of firms
headquartered in the other county.
18
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Table 4 reports the 2SLS regression analysis results. Column 1 of Panel A reports the selected
coefficient estimates of the first-stage model, in which the dependent variable is board knowledge
diversity, and the independent variables are nonlocal director knowledge diversity (i.e., the
instrumental variable), the time-invariant industry, year, and firm HQ fixed effects, as well as the timevariant controls of firm and county characteristics (coefficients suppressed for brevity). The estimated
coefficient of nonlocal director knowledge diversity in the first stage model is positive and statistically
significant at the 1% level. Since the standard errors of the estimated coefficients are clustered at the
firm level, we report the Kleibergen-Paap rk Wald F-statistic, which is 21.315 and above the threshold
of 10, which indicates that our instrument is not weak (Staiger & Stock, 1997).
In the second stage, the independent variables are the instrumented board knowledge diversity,
industry, year, firm HQ fixed effects, and firm and county control variables; the dependent variables
are the logarithms of one plus the counts, five-year forward citations, and total economic values of
path-breaking patents (Panel A, Columns 2 – 4) and novel patents (Panel B, Columns 1 – 3). Columns
2, 3, and 4 in Panel A show that the instrumented board knowledge diversity is positively associated
with the quantity (β = 1.511, p = 0.000), the technological impact (β = 2.172, p = 0.000), and the
economic value of a firm’s path-breaking patents (β = 2.444, p = 0.000). The results in Panel B suggest
that the instrumented board knowledge diversity has a positive effect on the count (β = 0.538, p =
0.008), technological impact (β = 1.051, p = 0.001), and economic value of a firm’s novel patents (β =
1.365, p = 0.002) (Columns 1 – 3). 19
Overall, the results from the 2SLS analysis align with those from the OLS regression. To
strengthen our causal inferences, we conduct a battery of robustness tests aimed at corroborating the
findings from our main 2SLS analysis. We focus on the quantities and qualities of path-breaking

The positive effects of the instrumented board knowledge diversity hold for a firm’s overall innovation, indicated
by the count, forward citations, and economic values of all patents applied by a firm in a year (i.e., results reported in
Table A16 of Appendix IV).
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patents, which are the primary indicators for firm radical innovation (e.g., Balachandran & Hernandez,
2018; Funk & Owen-Smith, 2017). Tables A3 – A7 in Appendix II report these robustness results.
4. Mechanisms
We hypothesize that a board with diverse knowledge enhances firm radical innovation through its
advisory role—namely, by providing strategic advice that alleviates managerial concerns over
exploration risks. First, a board with diverse knowledge is likely to value collaboration among
inventors across diverse technological domains, thus enabling inventor knowledge recombination at
the firm (Kneeland et al., 2020; Singh & Fleming, 2010). Second, a board with diverse knowledge may
facilitate firm engagement in inter-organizational collaborations, such as strategic alliances with
technological development aims (e.g., joint R&D, technology transfer, and technology licensing), to
foster technological exploration (Li et al., 2019; Schilling & Phelps, 2007). Third, boards with diverse
knowledge may appoint upper-echelon managers—including the CEO—with greater general abilities
(i.e., skills that are transferrable across different industries), which often facilitate technological
exploration (Custódio et al., 2019). These managers often demonstrate high tolerance toward
exploration risks and thus direct the firms to invest intensively in R&D.
4.1. Inventor Knowledge Recombination
Prior studies have shown that knowledge recombination through inventor collaboration can lower the
risks of technological exploration (Arts & Fleming, 2018; Kneeland et al., 2020; Singh & Fleming,
2010). When the board reflects diverse backgrounds, directors are likely to provide strategic advice
that emphasizes the importance of combining insights from across diverse fields and disciplines. For
instance, directors with diverse knowledge may recognize the significance of inventor knowledge
recombination for the development of technological breakthroughs. Therefore, we expect that the
patents of firms with high board knowledge diversity would result from greater inventor knowledge
recombination.
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To test this conjecture, we collect patenting records of inventors from the USPTO PatentView
database and construct three measures that capture inventor knowledge recombination at a given firm.
First, inventor tech-domain HHI is calculated by summing up the squared share of patent-weighted
cumulative inventor tech-domain expertise across all six NBER patent technology categories in a given
firm-year. For each NBER technology category, patent-weighted cumulative inventor tech-domain
expertise equals the total number of patents in this domain that the focal firm’s inventors have invented
prior to each observation year. Second, sd. of tech-domains (patent-weighted) is the standard deviation
of patent-weighted cumulative inventor tech-domain expertise across six NBER technology categories
in each firm-year. Third, sd. of tech-domains is the standard deviation of unweighted cumulative
inventor tech-domain expertise across six NBER technology categories in each firm-year, where
unweighted cumulative inventor tech-domain expertise equals one if the focal firm’s inventors have
invented at least one patent in each domain prior to each observation year and zero otherwise. These
measures capture inventor knowledge recombination not only through each inventor’s interdisciplinary experiences (i.e., vertical knowledge diversity) but also from combining the domain
expertise of different inventors (i.e., horizontal knowledge diversity) at the firm.
We regress each measure of inventor knowledge recombination on the instrumented board
knowledge diversity (estimated using nonlocal director knowledge diversity in the first stage). Table 5
reports the results. In all models, we control for year, county and industry fixed effects, as well as the
same set of time-varying firm, CEO, board, and county characteristics described in section 3. In
Columns 2, 4, and 6, we include additional inventor controls – namely, the logarithm of one plus total
inventor experience in years and that of one plus total patent counts invented by the inventors up to the
year of observation.
Insert Table 5 Here
In all six columns, the estimated effects of board knowledge diversity are statistically
significant above the 94% confidence level. The instrumented board knowledge diversity is negatively
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correlated with the Herfindahl concentration of inventor technological domains (Column 1: β = -0.110,
p = 0.045; Column 2: β = -0.093, p = 0.024). Board knowledge diversity is positively correlated with
the unweighted standard deviation of inventor technological domains (Column 3: β = 0.054, p = 0.013;
Column 4: β = 0.050, p = 0.011) and the patent-weighted version of this dependent variable (Column
5: β = 1.558, p = 0.000; Column 6: β = 1.298, p = 0.000). These results support our proposition that
diverse board knowledge fosters corporate radical innovation by enabling inventor knowledge
recombination.
4.2. Strategic Alliances
We propose that diverse board knowledge improves access to inter-organizational resources for
innovation, namely by establishing strategic alliances, including joint R&D and technological
exploitation collaborations (e.g., technology transfer and technology licensing). Prior studies show that
firms leverage crucial complementary resources from their strategic alliance partners to achieve
superior innovation performance (Li et al., 2019; Mowery et al., 1996; Sampson, 2007; Schilling &
Phelps, 2007). In particular, a focal firm may discover untapped innovation opportunities and gain
proficiency in knowledge recombination through collaboration with different external organizations,
which enables the development of radical innovation (Schilling & Phelps, 2007). Consistent with
extant theories, we argue that diverse board knowledge would enhance radical innovation by fostering
strategic alliances for two main reasons.
First, a board with diverse knowledge may offer unique, cross-domain perspectives and
strategic recommendations that increase the openness of a firm’s decision makers (e.g., top managers)
toward collaborating with other innovative organizations. For instance, a board with diverse knowledge
may advise the focal firm to collaborate with universities at the cutting-edge of relevant research areas,
new ventures developing emerging technologies, and other firms with R&D capabilities in different
technological domains (Beckman et al., 2014; Garg & Furr, 2017). Second, a corporate board with
heterogeneous backgrounds may broaden and enrich the focal firm’s social network. Corporate boards
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that have accumulated diverse educational trainings and career experiences tend to connect with a
larger number of other organizations across different industries, for example, through the directors’
educational and professional networks (Beckman et al., 2014; Chang & Wu, 2020). The exploitation
of these directors’ networks may facilitate the formation of strategic alliances by the focal firm.
Therefore, we expect that firms with higher board knowledge diversity would be more likely
to establish strategic alliances, including R&D alliances and technological exploitation alliances (e.g.,
technology transfer and technology licensing) with other firms. Table 6 reports the second-stage IV
regression results for this prediction based on whether a firm engages in different types of strategic
alliances within three years. Specifically, the dependent variables are the binary indicators for firm
engagement in all strategic alliances (Column 1), R&D alliances (Column 2), technological
exploitation alliances (Column 3), technology transfer alliances (Column 4), or technology licensing
alliances (Column 5) within three years.20 We regress the dependent variables on the instrumented
board knowledge diversity while controlling for all fixed effects and time-varying controls described
in previous sections.
Insert Table 6 Here
In all five columns of Table 6, the estimated effects of instrumented board knowledge diversity
on the likelihood that a firm engages in different types of alliances are positive and statistically
significant above the 94% confidence level. In particular, the instrumented board knowledge diversity
increases the firm’s odds of engaging in overall strategic alliances (Column 1: β = 0.378, p = 0.001),
R&D alliances (Column 2: β = 0.117, p = 0.054), technological exploitation alliances (Column 3: β =
0.291, p = 0.001), technology transfer alliances (Column 4: β = 0.201, p = 0.005), and technology

20

We collect data on strategic alliances from the SDC Platinum database by Refinitiv (formerly Thomson Reuters)
data services. Prior studies have distinguished technological exploration – or exploitation-driven partnerships – when
examining the impact of strategic alliances on innovation (Lavie & Rosenkopf, 2006; Li, Qiu, & Wang, 2019).
Therefore, we investigate these partnership types in addition to overall alliances: R&D alliances are generally deemed
exploration-driven, whereas technology transfer and licensing are exploitation-driven.

27

licensing alliances (Column 5: β = 0.229, p = 0.003). These results support our proposition that board
knowledge diversity promotes firm development of radical innovation by facilitating strategic alliances.
4.3. General Managerial Skills and R&D Intensity
Managers with high general managerial skills, measured by the General Ability Index (GAI), tend to
display high tolerance for exploration risk and can foster innovation beyond the firm’s current
technological domain(s) (Custódio et al., 2019). General managerial skills refer to those that are
transferrable across different firms or industries, which increase the outside options of firm managers,
reduce their career concerns, and thus encourage them to pursue technological exploration.
We argue that corporate directors with diverse professional backgrounds are likely to value
potential managerial leaders’ general skills and thus appoint CEOs and other top executives with high
GAI, which would spur radical innovation at the firm. Relatedly, we also expect that firms with high
board knowledge diversity would invest more in R&D (a proxy for exploration risk tolerance), because
high-GAI managerial teams are likely to have greater tolerance for risky exploration (Custódio et al.,
2019).
Table 7 reports the second-stage IV regression results for our tests of these predictions.
Specifically, we report the effects of the instrumented board knowledge diversity on CEO GAI
(Column 1), supervisory director GAI (Column 2), executive director GAI (Column 3), firm R&D
investment intensity (i.e., R&D-to-asset ratio) (Column 4), and firm R&D investment level (i.e., the
logarithm of one plus R&D expense) (Column 5).21 The other independent variables include all fixed
effects and time-varying controls described in previous sections.
Insert Table 7 Here
As shown in Columns 1 – 3 of Table 7, the instrumented board knowledge diversity is
positively associated with the GAI of upper-echelon managers above the 99% confidence level. These
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Supervisory directors refer to board members that do not engage in internal operations at the firm; executive
directors refer to corporate-level managers (e.g., C-suite managers) who also sit on the board.
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findings support the notion that boards with diverse knowledge promote corporate radical innovation
by assembling top managerial teams that tend to be more tolerant toward risky exploration due to their
more general skillsets (Custódio et al., 2019). Consistent with this interpretation, we find positive
effects of the instrumented board knowledge diversity on the intensity (Column 4: β = 0.251, p = 0.001)
and level (Column 5: β = 2.013, p = 0.000) of firm R&D investment, which proxy managerial tolerance
for exploration risk.22
Overall, the results in Tables 5 – 7 support our conjecture that boards with diverse knowledge
would foster corporate radical innovation through the provision of strategic advice that mitigates
managerial concerns over exploration risks – in particular, by enabling inventor knowledge
recombination, facilitating strategic alliances, and appointing top managers with general skills. To
corroborate our mechanistic explanation, we also explore plausible alternative mechanisms.
Specifically, board knowledge diversity may potentially promote innovation through improved
governance and/or by relaxing financial constraints. The heterogeneity patterns of the effects of board
knowledge diversity on firm radical innovation rule out these alternative mechanisms in our sample.
We report these results in Tables A9 – A11 in Appendix III.
5. Conclusion
Radical innovation (e.g., the development of path-breaking and novel technologies) is the linchpin for
economic growth and firm competitiveness. However, the pursuit of radical innovation entails
technological exploration, which is risky and requires high managerial tolerance for short-term failure
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These results might suggest a mechanistic explanation for our overall results, whereby board knowledge diversity
enhances corporate innovation solely via increased R&D spending at the firm. To assess this possibility, we repeat
our baseline instrumental variable analysis on path-breaking patents (i.e., corresponding to Table 4, Panel A:
Columns 2 – 4) with the additional control of the logarithm of one plus R&D expenses and report the results of these
supplemental tests in Table A13 of Appendix IV. We find that R&D spending has a positive and significant effect
on the quantity and quality of path-breaking patents. While conditioning on R&D spending, however, the
coefficients of the instrumented board knowledge diversity remain positive and statistically significant above the
99% confidence level, albeit somewhat smaller in magnitude. Therefore, while some of the effects of board
knowledge diversity on path-breaking patent development partly stem from the board’s impact on R&D spending,
the evidence implies that other strategic processes are concurrently at play behind our baseline results.
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in the pursuit of long-term success at the firm. A board with diverse knowledge may provide strategic
advice to encourage technological exploration and thus spur radical innovation at the firm. Our analysis
provides empirical support for this hypothesis.
Specifically, we find evidence that board knowledge diversity (accounting for the directors’
educational, organizational, and industrial backgrounds) leads to higher quantities and qualities of
path-breaking and novel patents. To address endogeneity issues, we rely on an instrumental variable
approach by exploiting the degree of diverse knowledge of the nonlocal director supply available to
the firm, of which the variation stems from the frequencies of non-stop flights connecting the counties
of firm headquarters and the counties of nonlocal director residences. We find that board knowledge
diversity increases inventor knowledge recombination, firm entries into strategic alliances, and general
managerial abilities of the upper echelon. Firms with diverse board knowledge also tend to invest more
in R&D, consistent with a greater tolerance for risks associated with innovation activities. These results
indicate that a board with diverse knowledge can foster radical innovation through its advisory
function—namely, by lessoning the concerns over technological exploration risks.
Our findings open fruitful avenues for future research on the implications of board knowledge
diversity on radical innovation. Among others, future studies may examine how board knowledge
diversity may affect the commercial and social impacts of path-breaking and novel technologies—for
example, changes to industrial competition structure and demands on new labor skills. Scholars may
also examine how diverse board knowledge may alter the impacts of emerging technologies developed
by external organizations—such as a focal firm’s competitors—on the focal firm.
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Table 1. Summary Statistics
This table reports the descriptive statistics of key variables in the baseline sample, which includes 11,118 non-financial
and non-utility firm-year observations in the intersection of the following databases: RiskMetrics, ExecuComp,
Compustat/CRSP, BoardEx, and USPTO PatentView. We also collect data on innovation outcomes from Kogan et al.
(2017) and Funk and Owen-Smith (2017). The sample spans from 1996 to 2014 and is limited to the firms with at
least one patent application each year. Panels A, B, C, and D report summary statistics for firm-year-level radical
innovation outcomes, corporate board time-varying characteristics, other firm-level time-varying characteristics, and
time-varying characteristics of firm headquarter counties, respectively. All variable definitions are provided in Table
A1 in Appendix I.
Panel A. Radical Innovation Outcome
Standard
25th
75th
Mean
Median
Deviation
Percentile
Percentile
Path-breaking patent counts
22.37
115.0
Path-breaking patent citations (5-year)
151.9
837.5
Path-breaking patent value ($ million)
746.7
4,862
Novel patent counts
6.133
27.04
Novel patent citations (5-year)
22.22
122.5
Novel patent value ($million)
315.3
1,678
Panel B. Corporate Board Characteristics
Bachelor institution HHI
Industrial expertise HHI
Mean no. of other boards
Board knowledge diversity
Average director age
Board size

0
0
0
0
0
0

0.211
0.152
0.125
0.482
0.241
0.306
1.750
1.040
1
0
1.000
-0.557
59.62
4.661
57.13
9
3
7
Panel C. Other Firm Characteristics
Standard
25th
Mean
Deviation
Percentile

2
9
200.6
0
0
0
0.167
0.406
1.619
0.125
60.20
9

9
52
537.9
1
0
25.18
0.250
0.556
2.286
0.660
62.71
11

Median

75th
Percentile

Nonlocal director knowledge diversity
Asset tangibility
Cash-to-asset
CEO Chair (Y/N)
Dividend (Y/N)
CEO tenure

0
0.287
0.216
0.942
0.483
5.195

1.000
0.177
0.208
0.234
0.500
5.463

-0.303
0.154
0.0495
1
0
2

0.0520
0.251
0.145
1
0
4

0.463
0.381
0.328
1
1
7

Firm employment (thousand)

17.39

36.55

1.128

4.457

14.70

12
0.245
1.691
0.0964
0.020

21
0.349
2.693
0.202
0.110

43
0.349
4.545
0.341
0.186

-0.398
34,868
1.025
717,926
0

0.163
43,332
3.847
717,926
11.67

0.608
53,433
6.046
1,061,709
11.67

Firm age
Annualized idiosyncratic volatility
Market-to-book
Leverage ratio
ROA
Local director knowledge diversity
GDP per capita ($)
Change in GDP/capita (%)
Population
Change in population (%)

27.01
17.97
0.339
0.148
5.945
63.34
0.239
0.179
-0.015
7.850
Panel D. County Characteristics
0
44,508
3.492
737,394
6.247
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1.000
12,077
4.284
280,252
51.58

Table 2. Board Knowledge Diversity and Path-Breaking Innovation
This table presents the OLS regression estimates of the models where the dependent variables are the logarithm of one plus the number of path-breaking patent
counts (Columns 1 - 2), the logarithm of one plus the five-year forward citations received by path-breaking patents (Columns 3 - 4), and the logarithm of one plus
the summation of path-breaking patent values (Columns 5 - 6). All regressions include year, industry, and headquarter county fixed effects. Columns 2, 4 and 6
also control for time-varying firm and county characteristics, and the coefficient estimates of the additional controls are suppressed for brevity. The sample
description is in the legend in Table 1. All variables are defined in Table A1. Robust standard errors are clustered at the firm level. The corresponding p values are
reported in parentheses.
(1)
Ln(1+Pathbreaking patent
counts
Board knowledge diversity

(2)
Ln(1+Pathbreaking patent
counts)

(3)
Ln(1+Pathbreaking patent
citation ) (5-year)

(4)
Ln(1+Pathbreaking patent
citation ) (5-year)

(5)
Ln(1+Pathbreaking patent
value)

(6)
Ln(1+Path-breaking
patent value)

0.379

0.135

0.494

0.194

0.574

0.255

(0.000)

(0.000)

(0.000)

(0.000)

(0.000)

(0.000)

Observations

11,118

11,118

11,118

11,118

11,118

11,118

R-squared

0.429

0.590

0.482

0.598

0.372

0.439

Firm, CEO, board and county
controls
Industry (3-digit SIC) FE

No

Yes

No

Yes

No

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Year FE

Yes

Yes

Yes

Yes

Yes

Yes

Industry (3-digit SIC) FE

Yes

Yes

Yes

Yes

Yes

Yes

HQ county FE

Yes

Yes

Yes

Yes

Yes

Yes
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Table 3. Board Knowledge Diversity and Novel Innovation
This table presents the OLS regression estimates of the models where the dependent variables are the logarithm of one plus the number of novel patent counts
(Columns 1 - 2), the logarithm of one plus the five-year forward citations received by novel patents applied by a firm in a year (Columns 3 - 4), and the logarithm
of one plus the summation of novel patent values (Columns 5 - 6). All regressions include year, industry, and headquarter county fixed effects. Columns 2, 4 and
6 also control for time-varying firm and county characteristics, and the coefficient estimates of the additional controls are suppressed for brevity. The sample
description is in the legend in Table 1. All variables are defined in Table A1. Robust standard errors are clustered at the firm level. The corresponding p values are
reported in parentheses.
(1)
Ln(1+Novel
patent counts)

(2)
Ln(1+Novel
patent counts)

(3)
Ln(1+Novel
patent citation )
(5-year)

(4)
Ln(1+Novel
patent citation )
(5-year)

(5)
Ln(1+Novel
patent value)

(6)
Ln(1+Novel patent
value)

0.294

0.057

0.369

0.102

0.615

0.128

(0.000)

(0.013)

(0.000)

(0.001)

(0.000)

(0.004)

Observations

11,118

11,118

11,118

11,118

11,118

11,118

R-squared

0.274

0.515

0.253

0.423

0.285

0.489

Board knowledge diversity

Firm, CEO, board and county
controls
Year FE

No

Yes

No

Yes

No

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Industry (3-digit SIC) FE

Yes

Yes

Yes

Yes

Yes

Yes

HQ county FE

Yes

Yes

Yes

Yes

Yes

Yes
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Table 4. Instrumented Board Knowledge Diversity and Firm Innovation Outcomes
This table presents the two-stage least square (2SLS) regression estimates of the models where dependent variables
are firm-level radical innovation outcomes. The key independent variable, board knowledge diversity, is instrumented
with the weighted mean knowledge diversity of nonlocal potential directors residing one non-stop flight away from
the firm headquarters. The weight is the frequency of non-stop flights connecting director residence and firm
headquarters locations (i.e., nonlocal director knowledge diversity). The control variables (i.e., time-varying firm
characteristics, board characteristics and county characteristics) are included in all models, and their coefficient
estimates are suppressed for brevity. Panel A reports the first stage estimates in which the dependent variable is the
board knowledge diversity (Column 1), and the second stage IV regression estimates in which the dependent variables
are the logarithm of one plus the number of the counts (Column 2), five-year forward citations (Column 3), and
summation of economic value (Column 4) of the path-breaking patents. Panel B report the second stage IV estimates
in which the dependent variables are the logarithm of one plus the number of the counts (Column 1), 5-year forward
citations (Column 2), and summation of economic value (Column 3) of novel patents. The sample description is in
the legend in Table 1. All variables are defined in Table A1. Robust standard errors are clustered at the firm level. The
corresponding p values are reported in parentheses.
Panel A. Path-Breaking Innovation and First-Stage Results
1st Stage
(1)
Board
knowledge
diversity

(2)
Ln(1+Pathbreaking patent
counts)

2nd Stage
(3)
Ln(1+Pathbreaking patent
citation ) (5-year)

(4)
L(1+Pathbreaking patent
value)

1.511
(0.000)

2.172
(0.000)

2.444
(0.000)

11,118

11,118

11,118

Instrumented board knowledge
diversity
Nonlocal director knowledge
diversity
Observations
Kleibergen-Paap Wald rk F
statistic
R-squared

0.133
(0.000)
11,118
21.315

0.568

0.629

0.693

Firm, CEO, board and county
controls
Year FE

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Industry (3-digit SIC) FE

Yes

Yes

Yes

Yes

HQ county FE

Yes
Yes
Panel B. Novel Innovation

Yes

Yes

(1)
Ln(1+Novel
patent counts)

2nd Stage
(2)
Ln(1+Novel
patent citation )
(5-year)

(3)
L(1+Novel
patent value)

0.538

1.051

1.365

(0.008)

(0.001)

(0.002)

Observations

11,118

11,118

11,118

R-squared
Firm, CEO, board and county controls

0.563
Yes

0.371
Yes

0.545
Yes

Year FE
Industry (3-digit SIC) FE

Yes
Yes

Yes
Yes

Yes
Yes

HQ county FE

Yes

Yes

Yes

Instrumented board knowledge
diversity
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Table 5. Board Knowledge Diversity and Inventor Knowledge Recombination
This table presents the second stage IV regression estimates of models where the dependent variables capture the degree of inventor knowledge recombination (i.e.,
collaboration among inventors with experiences across different technological domains). The key independent variable, board knowledge diversity, is instrumented
with the weighted mean knowledge diversity of nonlocal potential directors residing one non-stop flight away from the firm headquarters. The weight is the
frequency of non-stop flights connecting director residence and firm headquarters locations. All regressions include year, industry, headquarter county fixed effects,
and time-varying control variables. Additional controls, Ln(Inventor experience) and Ln(Inventor patent counts), are included in Columns 2, 4 and 6. All variables
are defined in Table A1. Robust standard errors are clustered at the firm level. The corresponding p values are reported in parentheses.

Instrumented board
knowledge diversity

(1)
Inventor techdomain HHI

(2)
Inventor techdomain HHI

(3)
Ln(Sd. Of techdomains)

(4)
Ln(Sd. Of techdomains)

(5)
Ln(Sd. Of techdomains)(patent
weighted)

（6）
Ln(Sd. Of techdomains)(patent
weighted)

-0.110

-0.093

0.054

0.050

1.558

1.298

(0.045)

(0.024)

(0.013)

(0.011)

(0.000)

(0.000)

Ln (Inventor experience)
Ln (Inventor patent counts)

-0.154

0.039

-0.636

(0.000)

(0.000)

(0.000)

-0.106

0.029

1.653

(0.000)

(0.000)

(0.000)

Observations

9,265

9,265

9,265

9,265

9,265

9,265

R-squared

0.541

0.668

0.949

0.956

0.810

0.879

Firm, CEO, board and county
controls
Year FE

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Industry (3-digit SIC) FE

Yes

Yes

Yes

Yes

Yes

Yes

HQ county FE

Yes

Yes

Yes

Yes

Yes

Yes
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Table 6. Board Knowledge Diversity and Strategic Alliances
This table presents the second stage IV regression estimates of models where the dependent variables indicate whether
the firm entered strategic alliances with other firms within three years. The key independent variable, board knowledge
diversity, is instrumented with the weighted mean knowledge diversity of nonlocal potential directors residing one
non-stop flight away from the firm headquarters, where the weight is the frequency of non-stop flights connecting
director residence and firm headquarters locations. All regressions include time-varying control variables, and their
coefficient estimates are suppressed for brevity. The sample description is in the legend in Table 1. All variables are
defined in Table A1. Robust standard errors are clustered at the firm level. The corresponding p values are reported
in parentheses.
(1)
Strategic
alliances
(Y/N)

(2)
R&D
alliances
(Y/N)

(3)
Tech.
exploitation
alliances (Y/N)

(4)
Tech. transfer
alliances
(Y/N)

(5)
Tech. licensing
alliances
(Y/N)

Instrumented board knowledge
diversity

0.378
(0.001)

0.117
(0.054)

0.291
(0.001)

0.201
(0.005)

0.229
(0.003)

Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

11,118
0.531
Yes
Yes
Yes
Yes

11,118
0.380
Yes
Yes
Yes
Yes

11,118
0.269
Yes
Yes
Yes
Yes

11,118
0.281
Yes
Yes
Yes
Yes

11,118
0.236
Yes
Yes
Yes
Yes

Table 7. Board Knowledge Diversity and Managerial General Ability and Risk-Tolerance
This table presents the second stage IV regression estimates of models where the dependent variables are proxies of
firm-level general ability of different managerial groups and risk tolerance. Specifically, the dependent variables in
columns 1-3 are the general ability of the CEO, supervisory directors, and executive directors. The dependent variables
in columns 4 and 5 are the ratio of Research and Development (R&D) expenses to book assets and the logarithm of
R&D expenses. The key independent variable, board knowledge diversity, is instrumented with the weighted mean
knowledge diversity of nonlocal potential directors residing one non-stop flight away from the firm headquarters. The
weight is the frequency of non-stop flights connecting director residence and firm headquarters locations. All
regressions include time-varying control variables, and their coefficient estimates are suppressed for brevity. The
sample description is in the legend in Table 1. All variables are defined in Table A1. Robust standard errors are
clustered at the firm level. The corresponding p values are reported in parentheses.
(1)
CEO GAI
Instrumented board knowledge
diversity

0.639
(0.000)

(2)
Supervisory
director GAI
0.532
(0.000)

Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

11,118
0.625
Yes
Yes
Yes
Yes

11,118
0.801
Yes
Yes
Yes
Yes
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(3)
Executive
director GAI
0.631
(0.000)

(4)
R&D/
Asset
0.251
(0.001)

(5)
Ln(R&D
Expense)
2.013
(0.000)

11,118
0.659
Yes
Yes
Yes
Yes

11,118
0.237
Yes
Yes
Yes
Yes

11,118
0.863
Yes
Yes
Yes
Yes

Appendix I. Variable Definitions, Industry Distribution, and Examples
Table A1. Variable Definition
Variable name

Definition

All Patent counts/ citations (5-year) /value ($
million)

Board size

Total number/sum of 5-year forward citations/sum of
economic value of all patent applications filed by each firm
in a given year. A patent's economic value is measured
following Kogan et al. (2017) as the product of the stock
return due to the issuance of the patent times the market
capitalization of the firm on the day prior to the
announcement of the patent issuance.
Sum of net Property, Plant, and Equipment (PP&E) and
investments divided by book assets.
Sum of the squares of the shares of the institutions that
granted the Bachelor's degrees to each director within the
board of a given firm-year.
For a given firm-year, this index is calculated as -Bachelor
Institution HHI-Industrial expertise HHI+Mean no. of other
boards, where each factor is normalized to have zero mean
and standard deviation of one. This index is normalized to
have a mean of zero and a standard deviation of one
throughout our analysis.
Number of directors on each firm's board in a given year.

Cash-to-asset

Cash and short-term equivalents divided by book assets.

CEO Chair (Y/N)

An indicator equal to one if the CEO is also the chair and
president of the board, and zero otherwise.
CEO's general managerial ability at a given firm-year.
Following Custodio et al. (2013), it is computed as the first
factor of applying principal components analysis to the
following factors related to each CEO's working
experience: past number of positions(X1), past number of
firms(X2), past number of industries(X3), whether worked
as CEO before the current appointment(X4), and whether
worked for conglomerate firms in the past(X5).
Specifically, CEO
GAI=0.544*X1+0.502*X2+0.532*X3+0.061*X4+0.407*X
5.
Number of years since the current CEO's starting date at a
given firm.
Percentage change in per capita income of the firm's
headquarter county from the prior to the current year.
Percentage change in the population of the firm's
headquarter county from the prior to the current year.
An indicator equal to one if a firm operates in a three-digit
SIC industry with a Herfindahl-Hirschman Index (HHI)
below 1500, and zero otherwise. HHI is measured by
squaring the sales share of each firm competing in a given
three-digit SIC and then summing the resulting numbers.
The U.S. Department of Justice and the Federal Trade
Commission generally classify markets with HHI below
1500 as unconcentrated (or competitive) markets. See more
details at: https://www.justice.gov/atr/horizontal-mergerguidelines-08192010#5c

Asset tangibility
Bachelor institution HHI
Board knowledge diversity

CEO GAI

CEO tenure
Change in GDP/capita (%)
Change in population (%)
Competitive_high

Director age

The mean of board directors' ages at a given firm-year.

Path-breaking patent counts/ citations (5-year) /
value

Total number /sum of 5-year forward citations/sum of
economic value of path-breaking patents applied by each
firm in a given year. A patent is path-breaking if it has a
positive CD index, where the CD index is defined
following Funk and Owen-Smith (2018) by equation (1).
An indicator equal to one if the firm pays dividends in a
given year, and zero otherwise.
Number of years since the firm is first observed in
Compustat.
Number of employees at each firm-year.

Dividend (Y/N)
Firm age
Firm employment
GDP/capita
Firm employment
GDP/capita
Governance_low

IdioRisk

Industrial expertise HHI
Instrumented board knowledge diversity
Inventor experience
Inventor tech-domain HHI

Inventor patent count

Per capita income of the firm's headquarter county in a
given year.
Number of employees at each firm-year.
Per capita income of the firm's headquarter county in a
given year.
An indicator equal to one if the share of independent board
directors at a given firm in the previous year is below the
sample median (i.e. poor corporate governance), and zero
otherwise.
Annualized monthly idiosyncratic volatility. Monthly
idiosyncratic volatility is computed as the square root of 12
multiplied by the standard deviation of monthly excess
stock returns, where the excess return is defined using a
Capital Asset Pricing Model (CAMP) estimated over the
prior year.
Sum of the square of the director shares within the board of
a given firm-year that worked in each SIC division.
Board knowledge diversity instrumented with Nonlocal
director knowledge diversity.
The average number of years a firm’s inventors have been
patenting in a year.
Herfindahl-Hirschman Index (HHI) of patent-weighted
cumulative inventor tech-domain expertise. Technological
domains are categorized by NBER (i.e., NBER patent
technology categories). For each of the six NBER patent
technology categories, patent-weighted cumulative inventor
tech-domain expertise equals the total number of patents in
this domain that the focal firm’s inventors have invented
prior to each observation year. Inventor tech-domain HHI
is calculated using the patent-weighted cumulative inventor
tech-domain expertise across the six NBER patent
technology categories in each firm-year.
Total cumulative number of patents averaged across
inventors within a given firm-year.

KZ_constrained

Leverage ratio
Local director knowledge diversity
Market-to-book
Mean no. of other boards

KZ_constrained is equal to one if a firm was financially
constrained in the previous year, and zero otherwise.
Following Farre-Mensa and Ljungqvist (2016), a firm is
defined as financially constrained if its Kaplan-Zingales
(KZ) Index is in the top tercile of the sample distribution.
KZ Index is constructed following Lamont, Polk, and SaaRequejo (2001) as:
–1.001909[ (ib + dp)/lagged ppent] + 0.2826389[ (at +
prcc_f×csho - ceq - txdb)/at] + 3.139193[(dltt + dlc)/(dltt +
dlc + seq)] – 39.3678[(dvc +
dvp)/lagged ppent] – 1.314759[che/lagged ppent], where
all variables in italics are Compustat data items.
Sum of current liabilities and long-term debt divided by the
sum of book debt and market equity.
Board knowledge diversity of all the individuals that serve
as directors at any firm in the current year and reside within
150 miles of the firm's headquarters.
Market equity divided by book equity.

R&D-to-asset

The average number of other boards on which a firm's
directors currently serve in a given year.
The weighted mean knowledge diversity of nonlocal
potential directors residing more than 150 miles away but
within one non-stop flight away from the firm
headquarters, where the weight is the frequency of non-stop
flights connecting director residence and firm headquarters
locations.
Total number /sum of 5-year forward citations/sum of
economic value of novel patents applied by each firm in a
given year. A patent is novel if (1-similarity) is at or above
the top ten percentile across the patents applied by all firms
in the same three-digit SIC industry in a given year, where
similarity is the textual similarity score of the focal patent
when compared to one of this patent's cited prior patents.
Total number/sum of 5-year forward citations/sum of
economic value of all patent applications filed by each firm
in a given year. A patent's economic value is measured
following Kogan et al. (2017) as the product of the stock
return due to the issuance of the patent times the market
capitalization of the firm on the day prior to the
announcement of the patent issuance.
Population of the firm's headquarters county in the currenty
year.
An indicator equal to one if the firm entered into at least
one Research and Development (R&D) alliance in three
years, and zero otherwise.
R&D spending_t + (1-0.15)*R&D spending_(t-1)
following Aghion, Van Reenen and Zingales (2013 AER)
and Hall, Jaffe and Trajtenberg(2005)
R&D expense divided by book assets.

ROA

Net income divided by book equity.

Sd. Of Tech-domains

Standard deviation of technological domains in which
inventors at a given firm have created at least one patent
prior to each observation year (i.e., unweighted cumulative

Nonlocal director knowledge diversity

Novel patent counts/ citations (5-year) /value ($
million)

All Patent counts/ citations (5-year) /value ($
million)

Population
R&D alliance (Y/N)
R&D expense

Sd. Of Tech-domains (patent weighted)

Strategic alliance (Y/N)
Supervisory director/executive director GAI

Tech. exploitation alliance (Y/N)

Tech. licensing alliance (Y/N)
Tech. transfer alliance (Y/N)

inventor tech domain expertise). Technological domains
are categorized by NBER (i.e., NBER patent technology
categories). For each of the six NBER patent technology
categories, unweighted cumulative inventor tech-domain
expertise equals one if the focal firm’s inventors have
invented at least one patent in this domain prior to each
observation year and zero otherwise. Sd. Of Tech-domains
is the standard deviation of unweighted cumulative
inventor tech-domain expertise across all six NBER patent
technology categories of a firm in a year.
Standard deviation of technological domains that inventors
at a given firm have worked in weighted by number of
patents in each domain (i.e., patent-weighted cumulative
inventor tech-domain expertise). Technological domains
are categorized by NBER (i.e., NBER patent technology
categories). For each of the six NBER patent technology
categories, patent-weighted cumulative inventor tech
domain expertise equals the total number of patents in this
domain that the focal firm’s inventors have invented prior
to each observation year. Sd. Of Tech-domains (patentweighted) is the standard deviation of patent-weighted
cumulative inventor tech-domain expertise across all six
NBER patent technology categories of a firm in a year.
An indicator equal to one if the firm entered into at least
one strategic alliance in three years, and zero otherwise.
The general managerial ability of supervisory directors (or
executive directors) at a given firm year. It is computed as
the first factor of applying principal components analysis to
the following factors related to the working experience of
supervisory directors (or executive directors): mean of past
number of positions(Z1), mean of past number of
firms(Z2), past number of industries(Z3), share of senior
managers (or executive directors) worked as CEO before
the current appointment(Z4), and share of senior managers
(or executive directors) worked for conglomerate firms in
the past(Z5). Specifically, supervisory directors (or
executive directors) GAI=0.534 *Z1+ 0.494 *Z2+ 0.535
*Z3+ 0.127 *Z4+ 0.411 *Z5, and executive directors GAI=
0.543 *Z1+ 0.507 *Z2+ 0.524 *Z3+ 0.130 *Z4+ 0.396
*Z5.
An indicator equal to one if the firm entered into at least
one alliance for technology exploitation, including
technology transfer and licensing, in a given year, and zero
otherwise.
An indicator equal to one if the firm entered into at least
one alliance for technology licensing, in a given year, and
zero otherwise.
An indicator equal to one if the firm entered into at least
one alliance for technology transfer in a given year, and
zero otherwise.

Table A2. Industry Distribution
This table presents the number of firm-year observations, path-breaking and novel patents by the SIC
divisions patented from 1996 to 2014. SIC divisions are defined following the codes provided by the
U.S. Department of Labor (https://www.osha.gov/data/sic-manual). Following Kogan et al. (2017),
Divisions H. Finance, Insurance, and Real Estate and J. Public Administration are excluded from the
sample. The sample description is in the legend of Table 1 in the main text. The industry distribution
of the firm-year average patent counts shows that firms in the agriculture and services sectors engage
in the most exploratory and intensive innovation (i.e., highest average counts of path-breaking, and
novel patents per firm-year).

SIC division
A. Agriculture, Forestry and Fishing
B. Mining
C. Construction
D. Manufacturing
E. Transportation, Communications,
Electric, Gas and Sanitary Services
F. Wholesale Trade
G. Retail Trade
I. Services

Number of firmyear

Number of
path-breaking
patents per
firm-year

Number of
novel patents
per firm-year

17
240
15
8766

28
6
0
19

26
3
1
5

346
124
119
1491

27
2
9
46

10
1
6
11

Table A3. Examples of Path-breaking Patents by Industry Divisions
This table presents examples of path-breaking patents and their assignees by industry divisions defined
by Standard Industry Classification codes (SIC).
Industry (SIC
Division)

Agriculture,
Forestry and
Fishing (SIC
0100-0999)

Mining (SIC
1000-1499)

Construction (SIC
1500-1799)

Manufacturing
(2000-3999)

Transportation
and
Communications
(SIC 4000-4899)

Patent ID

Patent Title

Assignee Name

8207092

Methods and compositions for improving
plant health

Monsanto Technology LLC

8053184

Soybean event MON89788 and methods
for detection thereof

Monsanto Technology LLC

7632985

Soybean event MON89788 and methods
for detection thereof

Monsanto Technology LLC

6896058

Methods of introducing treating fluids into
subterranean producing zones

Halliburton Energy Services
Inc

7900699

Method and apparatus for logging a well
using a fiber optic line and sensors

Schlumberger Technology
Corp

5119475

Object-oriented framework for menu
definition

4168745

Heat exchanger

Schlumberger Technology
Corp
American Equipment Systems
Corp

4409196

Synthesis gas for ammonia production

Foster Wheeler Energy Corp

4184455

Fluidized bed heat exchanger utilizing
angularly extending heat exchange tubes

Foster Wheeler Energy Corp

7385224

Thin film transistor having an etching
protection film and manufacturing method
thereof

Casio Computer Co Ltd

7453087

Thin-film transistor and thin-film diode
having amorphous-oxide semiconductor
layer

Canon Inc

7411209

Field-effect transistor and method for
manufacturing the same

Canon Inc

8155155

Computer readable medium with
embedded instructions for providing
communication services between a
broadband network and an enterprise
wireless communication platform within a
residential or business environment

AT&T Intellectual Property II
LP

8208919

Route optimization using network
enforced, mobile implemented policy

Cellco Partnership

8194549

Femto cell access point passthrough model

AT&T Mobility II LLC

Table A3 (Continued)

Wholesale Trade
(SIC 5000-5199)

Retail Trade
(5200-5999)

Services (70008999)

7956613

Method for imaging acoustically induced
rotary saturation with a magnetic resonance
imaging system

General Hospital Corp

5661086

Process for manufacturing a plurality of strip
lead frame semiconductor devices

Mitsui High Tech Inc

6664343

Phenolic resin composition

Gun Ei Chemical Industry Co
Ltd

8577827

Network page latency reduction using
gamma distribution

Amazon Technologies Inc

8204794

Processing orders for wireless service

Amazon Technologies Inc

8194680

Managing communications for modified
computer networks

Amazon Technologies Inc

7480880

Method, system, and program product for
computing a yield gradient from statistical
timing

GlobalFoundries Inc

7356679
8131118

Computer image capture, customization and
deployment
Inferring locations from an image

VMware Inc
Google LLC

Appendix II. Robustness Analyses and Alternative Identification
To strengthen our causal inferences, we conduct a battery of robustness tests aimed at corroborating
the findings from our main 2SLS analysis.
First, in Table A4, we replace the baseline index of board knowledge diversity with the first
principal component from a principal component analysis (PCA) of the three factors in the index, board
knowledge diversity_PCA. The weights of the PCA index components are designed to maximize the
components’ common variation. We use weights from the first principal component because it captures
about 47% of the common variation across the three diversity measures and has an eigenvalue of 1.4
(i.e., substantially higher than one). We note that all three components of board knowledge diversity
correlate with board knowledge diversity_PCA positively (shown in Table A13 in Appendix IV:
Supplemental Analyses), supporting the notion that the PCA measure captures the degree of diverse
knowledge of the board adequately. 1
Insert Table A4 Here
Second, in Table A5, we conduct the 2SLS analysis with the instrumented board knowledge
diversity and other regressors lagged by three years (e.g., board knowledge diversityt-3) because the
temporal lags between the predictors and innovation outcomes helps mitigating reverse causality
concerns. 2 Results in Tables A4 and A5 show that diverse knowledge in corporate boards is positively
associated with the outcomes of firms’ radical innovation activities (i.e., consistent with our main 2SLS
results).
Insert Table A5 Here
Third, in Table A6, we repeat the 2SLS analysis while replacing the board knowledge diversity
described in Eq. 2 with restricted indices of a corporate board’s diverse knowledge, each of which
excludes one type of professional background measure (i.e., industrial experience HHI, Bachelor
institution HHI, or average number of other boards).
Insert Table A6 Here
Fourth, in Table A7, we repeat the 2SLS analysis for the individual factors used to construct
board knowledge diversity, each of which is instrumented with its corresponding measure for nonlocal
potential directors. The evidence in Tables A5 and A6 shows that the baseline effects of board
knowledge diversity on radical innovation outcomes do not stem from a single dominant factor among
those we consider. Rather, the positive effects appear to result from the combination of all three facets
of the directors’ knowledge diversity. 3
Insert Table A7 Here

1
Board knowledge diversity is the preferred measure in our analysis because it offers greater transparency for
interpretability. We note that, in board knowledge diversity_PCA, the coefficients of 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑂𝑂𝑂𝑂ℎ𝑒𝑒𝑒𝑒 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵,
𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝐻𝐻𝐻𝐻𝐻𝐻𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 , and 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝐻𝐻𝐻𝐻𝐻𝐻𝐵𝐵𝐵𝐵𝐵𝐵ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 are 0.56, 0.61 and 0.56, respectively. Since
the weights of these factors are nearly equal, board knowledge diversity_PCA is mathematically similar to board
knowledge diversity.
2
Board knowledge diversityt-3 is instrumented by the lagged weighted mean expertise of nonlocal director supply (i.e.,
nonlocal director knowledge diversityt-3).
3
The positive effects of board knowledge diversity on firm innovation remain statistically significant when controlling
for board diversity in demographics—namely, gender, race, and age (results available upon request).

Lastly, in Table A8, we deploy an alternative identification strategy by exploiting the new
listing rules issued in 2003 by the NYSE and the NASDAQ, which require a majority of the corporate
board to be independent directors. This regulation led to board composition changes among firms that
were non-compliant prior to 2003, therefore potentially altering the degree of diverse knowledge
available in these firms’ boards. The difference-in-differences results lend further support to our earlier
causal inferences about to the innovation enhancing effects of board knowledge diversity.
Insert Table A8 Here
In summary, the evidence shows that the baseline positive effects of board knowledge diversity
on firm development of radical innovation are robust to potential endogeneity problems. In the
following section, we explore the potential mechanisms that may give rise to the main effects
documented so far.

Table A4. Robustness: Instrumented Board Knowledge Diversity and Path-breaking
Innovation Using Principle Component Analysis
This table presents the two-stage least square (2SLS) regression estimates of the models where
dependent variables are firm-level path-breaking innovation outcomes. Board knowledge diversityPCA,
is constructed using the first principal component from the principal component analysis (PCA). The
key independent variable is board knowledge diversityPCA instrumented with the weighted mean
knowledge diversity (constructed through PCA) of nonlocal potential directors (i.e., nonlocal director
knowledge diversityPCA). Column 1 reports the first stage estimates in which the dependent variable is
the board expertisePCA, and Columns 2-4 report the second stage IV regression estimates in which the
dependent variables are the logarithm of one plus the number of patent counts, five-year forward
citations, and the summation of the economic value of path-breaking patents, respectively. The sample
description is in the legend in Table 1. All models include year, headquarter county, industry fixed
effects and all time-varying controls. Robust standard errors are clustered at the firm level. The
corresponding p values are reported in parentheses.
1st Stage
(1)
Board
knowledge
diversityPCA

(2)
Ln(1+Pathbreaking patent
counts)

2nd Stage
(3)
Ln(1+Pathbreaking patent
citation ) (5-year)

(4)
L(1+Pathbreaking patent
value)

1.505
(0.000)

2.170
(0.000)

2.478
(0.000)

11,118

11,118

11,118

Yes

0.555
Yes

0.617
Yes

0.679
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Instrumented knowledge
diversityPCA
Nonlocal director knowledge
diversity

0.124
(0.000)

Observations
Kleibergen-Paap Wald rk F
statistic
R-squared
Firm, CEO, board and county
controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

11,118
19.668

Table A5. Robustness: Three-year Lagged Board Expertise and Path-breaking Innovation
This table presents the two-stage least square (2SLS) regression estimates of the models where
dependent variables are firm-level path-breaking innovation outcomes. The key independent variable,
board knowledge diversity, is lagged by three years and instrumented with the lagged weighted mean
knowledge diversity of nonlocal potential directors. Column 1 reports the first stage estimates in which
the dependent variable is the three-year lagged board knowledge diversity. Columns 2-4 report the
second stage IV regression estimates in which the dependent variables are the logarithm of one plus
the number of patent counts, five-year forward citations, and the summation of the economic value of
path-breaking patents. The sample description is in the legend in Table 1. All models include year,
headquarter county, industry fixed effects, and all time-varying controls but lagged by three years.
Robust standard errors are clustered at the firm level. The corresponding p values are reported in
parentheses.
1st Stage
(1)
Board expertise
index

1.908

2nd Stage
(3)
Ln(1+Pathbreaking patent
citation ) (5year)
2.791

(0.000)

(0.000)

(0.000)

7,981

7,981

7,981

Yes

0.480
Yes

0.528
Yes

0.679
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Instrumented board
knowledge diversityt-3
Nonlocal director
knowledge diversityt-3
Observations
Kleibergen-Paap Wald rk
F statistic
R-squared
Firm, CEO, board and
county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

(2)
Ln(1+Pathbreaking patent
counts)

(4)
L(1+Pathbreaking patent
value)
2.874

0.124
(0.000)
7,981
14.153

Table A6. Robustness: Restricted Board Knowledge Diversity and Path-breaking Innovation
This table presents the second stage IV estimates obtained by excluding each component of the board
knowledge diversity in turn and instrumenting the restricted board knowledge diversity by the
corresponding knowledge diversity of nonlocal potential directors. The dependent variables are the
logarithm of one plus the number of patent counts (Column 1), five-year forward citations (Column
2), and the summation of economic value (Column 3) of the path-breaking patents. All models include
year, headquarter county, industry fixed effects, and all time-varying controls. The sample description
is in the legend in Table 1. Robust standard errors are clustered at the firm level. The corresponding p
values are reported in parentheses.
Panel A. Excluding Industrial Expertise HHI

Instrumented board knowledge
diversityexcl. industrial expertise HHI
Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

(1)
Ln(1+Pathbreaking patent
counts)
1.762
(0.001)

(2)
Ln(1+Pathbreaking patent
citation ) (5-year)
2.417
(0.001)

(3)
L(1+Pathbreaking patent
value)
2.495
(0.001)

11,118
0.479
Yes
Yes
Yes
Yes

11,118
0.581
Yes
Yes
Yes
Yes

11,118
0.687
Yes
Yes
Yes
Yes

Panel B. Excluding Bachelor Institution HHI

Instrumented board knowledge
diversityexcl. bachelor institution HHI
Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

(1)
Ln(1+Pathbreaking patent
counts)
2.190
(0.001)

(2)
Ln(1+Pathbreaking patent
citation ) (5-year)
3.083
(0.000)

(3)
L(1+Pathbreaking patent
value)
3.612
(0.000)

11,118
0.224
Yes
Yes
Yes
Yes

11,118
0.356
Yes
Yes
Yes
Yes

11,118
0.521
Yes
Yes
Yes
Yes

(Table A6 Continue)
Panel C. Excluding Mean of No. of Other Boards
(1)
Ln(1+Pathbreaking patent
counts)

(2)
Ln(1+Pathbreaking patent
citation ) (5-year)

(3)
L(1+Pathbreaking patent
value)

Instrumented board knowledge
diversityexcl. mean no. of other boards

1.654
(0.006)

2.440
(0.003)

2.922
(0.016)

Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

11,118
0.473
Yes
Yes
Yes
Yes

11,118
0.532
Yes
Yes
Yes
Yes

11,118
0.616
Yes
Yes
Yes
Yes

Table A7. Individual Components of Board Knowledge Diversity and Path-breaking
Innovation
This table presents the two-stage least square (2SLS) regression estimates of the models where
dependent variables are firm-level path-breaking innovation outcomes. The key independent
variables, industrial expertise HHI (Panel A), bachelor institution HHI (Panel B), and mean no. of
other boards (Panel C), are normalized and instrumented with the corresponding factor of nonlocal
potential directors. All models include year, headquarter county, industry fixed effects and all timevarying controls. The sample description is in the legend in Table 1. Robust standard errors are
clustered at the firm level. The corresponding p values are reported in parentheses.
Panel A. Industrial Expertise HHI
(1)
Ln(1+Path-breaking
patent counts)
Instrumented industrial expertise
HHI

3.139
(0.057)

(2)
Ln(1+Path-breaking
patent citation ) (5year)
4.486
(0.052)

(3)
L(1+Pathbreaking patent
value)
5.304
(0.067)

Observations
R-squared
Firm, CEO, board and county
controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

11,118
-0.654
Yes

11,118
-0.403
Yes

11,118
0.047
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Panel B. Bachelor Institution HHI
(1)
Ln(1+Path-breaking
patent counts)
Instrumented bachelor institution
HHI

1.922
(0.018)

(2)
Ln(1+Pathbreaking patent
citation ) (5-year)
2.985
(0.013)

(3)
L(1+Pathbreaking patent
value)
4.023
(0.023)

Observations
R-squared
Firm, CEO, board and county
controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

11,118
0.325

11,118
0.356

11,118
0.414

Yes

Yes

Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Table A7 (Continued)
Panel C. Mean No. of Other Boards
(1)
Ln(1+Pathbreaking patent
counts)

(2)
Ln(1+Pathbreaking patent
citation ) (5-year)

(3)
L(1+Pathbreaking patent
value)

Instrumented mean no. of other boards

2.997
(0.042)

3.737
(0.044)

4.529
(0.045)

Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

11,118
-0.247
Yes
Yes
Yes
Yes

11,118
0.164
Yes
Yes
Yes
Yes

11,118
0.371
Yes
Yes
Yes
Yes

Table A8. Alternative Identification Strategy: New Listing Rules
This table reports regression results by exploiting the new listing rules issued in 2003 by the NYSE and the NASDAQ, requiring that a majority
of the board of directors must be consist of independent directors. The sample is balanced and only includes firms that have two years of data
before and after 2003. The dependent variables are the logarithm of one plus the number of patent counts (Columns 1-2), five-year forward
citations (Columns 3-4), and the summation of economic value (Columns 5-6) of the path-breaking patents. Board knowledge diversity is
constructed by Equation 2. Noncompliance is an indicator variable that equals one if the share of independent directors is below 50 percent
before 2003, and zero otherwise. Post is equal to one for years including and after 2003, and zero otherwise. All models include Independent
director share, year fixed effects, and all time-varying controls. Columns 1, 3 and 5 include headquarter county and industry fixed effects.
Columns 2, 4 and 6 replace headquarter county and industry fixed effects by firm fixed effects. Robust standard errors are clustered at the
firm level. The corresponding p values are reported in parentheses.

Board knowledge diversity
Post × Board knowledge
diversity
Noncompliance × Board
knowledge diversity
Noncompliance × Post ×
Board knowledge diversity
Noncompliance × Post
Noncompliance
Independent director share

(1)
Ln(1+Pathbreaking
patent
counts)
0.102
(0.060)
0.010
(0.765)
-0.507
(0.064)
0.412
(0.017)
0.374
(0.023)
-0.671
(0.097)
-0.064
(0.886)

(2)
Ln(1+Pathbreaking
patent counts)

(3)
Ln(1+Pathbreaking patent
citation ) (5-year)

(4)
Ln(1+Pathbreaking patent
citation ) (5-year)

(5)
L(1+Pathbreaking patent
value)

（6）
L(1+Pathbreaking patent
value)

0.080
(0.063)
-0.022
(0.421)
-0.277
(0.141)
0.349
(0.001)
0.394
(0.002)

0.170
(0.031)
0.009
(0.868)
-0.450
(0.193)
0.527
(0.042)
0.314
(0.245)
-0.493
(0.365)
-0.278
(0.619)

0.128
(0.090)
-0.044
(0.363)
-0.212
(0.443)
0.449
(0.002)
0.352
(0.107)

0.224
(0.016)
0.016
(0.871)
-0.860
(0.139)
1.129
(0.107)
0.804
(0.283)
-0.621
(0.465)
-0.278
(0.691)

-0.040
(0.782)
-0.094
(0.302)
-0.842
(0.263)
1.138
(0.059)
0.926
(0.172)

-0.321
(0.224)

-0.992
(0.031)

-2.296
(0.006)

Table A8 (Continued)

Observations
R-squared
Firm, CEO, board and
county controls
Year FE
Industry (3-digit SIC)
FE
HQ county FE
Firm FE

(1)
Ln(1+Pathbreaking patent
counts)
2,400
0.701
Yes

(2)
Ln(1+Pathbreaking patent
counts)
2,400
0.912
Yes

(3)
Ln(1+Pathbreaking patent
citation ) (5-year)
2,400
0.657
Yes

(4)
Ln(1+Pathbreaking patent
citation ) (5-year)
2,400
0.862
Yes

(5)
L(1+Pathbreaking patent
value)
2,400
0.419
Yes

（6）
L(1+Pathbreaking patent
value)
2,400
0.598
Yes

Yes
Yes

Yes
No

Yes
Yes

Yes
No

Yes
Yes

Yes
No

Yes
No

No
Yes

Yes
No

No
Yes

Yes
No

No
Yes

Appendix III. Heterogeneity of Board Knowledge Diversity Effects and Alternative
Mechanisms: Industry Competition, Corporate Governance, and Financial Constraint
We explore two plausible alternative mechanisms that may explain our results: namely, board
knowledge diversity may potentially promote innovation through improved governance and/or by
relaxing financial constraints. These mechanisms need not be exclusive of our proposed mechanism.
It may indeed be the case that board knowledge diversity improves innovation through a combination
of all three: improved advice, better monitoring, and the relaxation of financial constraints. As shown
in this section, however, we find no evidence supporting the latter two channels. In particular, we test
these alternate mechanisms by examining whether the innovation effects of board knowledge diversity
varies across firms facing different levels of industry competition, corporate governance, or financial
constraints.
Table A9 reports the results of the tests focused on how industry competition affects the
innovation effects of board knowledge diversity.Here, the dummy variable competition_high is equal
to one if a firm operates in a 3-digit SIC industry with a Herfindahl-Hirschman Index (HHI) below
1500, and zero otherwise. 4 As shown in Table A9, the estimated coefficients on the interaction between
the instrumented board knowledge diversity and competition_high are positive and statistically
significant above the 95% confidence level. Hence, our baseline effects are actually stronger for firms
facing greater industry competition.
Insert Table A9 Here
Industry competition yields two countervailing forces on innovation. On the one hand, firms
facing high competition may seek differentiation by inventing novel products and/or methods of
production (Porter, 1992; Schumpeter, 1942). On the other hand, intense competition may exacerbate
managerial concerns over the exploration risks, thus compelling managers to withdraw resources from
R&D, especially the development of radical innovation. The positive interaction effects between board
knowledge diversity and competition_high indicate that diverse board knowledge is complementary to
the “Schumpeterian force” of competition. This evidence is consistent with the notion that in a highly
competitive industry, a board with diverse knowledge enables resource allocation to radical innovation
by lessening managerial concerns over exploration risks.
Conversely, managers of firms in concentrated (i.e., low competition) industries tend to
become entrenched with agency issues (Fama, 1980; Jensen & Meckling, 1976). When facing low
competition, these corporate managers may lack the incentive to invest in technological exploration
and innovation (Blundell, Griffith, & Van Reenen, 1999). Therefore, it is plausible that boards with
diverse knowledge could spur firm innovation by reducing managerial entrenchment – that is, through
the board’s governance function. If this were the case, however, we would expect that the effect of
board knowledge diversity would be stronger among firms facing low competition. In contrast, the
results in Table A10 reject this alternative hypothesis.
To shed further light on whether the board’s governance function underlies the innovation
enhancing effects of diverse board knowledge, we also examine the role of ex ante corporate
governance. In Table A10, the dummy variable governance_low equals one if the share of independent
board directors at the focal firm in the previous year is below the sample mean (i.e., indicating poor
corporate governance, ex ante) and zero otherwise.
HHI is measured by squaring the sales share of each firm competing in a given three-digit SIC and then summing
the resulting numbers. The Horizontal Merger Guidelines (U.S. Department of Justice and the Federal Trade
Commission, 2010) classify industries with HHI below 1500 as “unconcentrated markets” (i.e., high competition).

4

Insert Table A10 Here
If diverse board knowledge promotes firm innovation through the board’s governance function,
perhaps by lessening agency issues that hinder technological exploration and innovation at the firm,
we expect that the baseline effects would be stronger among firms that have poor ex ante corporate
governance. That is, the coefficient on the interactions between the instrumented board knowledge
diversity and governance_low should be positive. However, the results in Table 10 show that the
coefficient estimates on the interaction terms are not statistically significant (i.e., p values range from
0.494 to 0.902). In fact, the estimated interaction effects have a negative sign, with the exception of
that on novel patent citation. These patterns suggest that the board’s governance function is unlikely
to be a salient mechanism for the innovation enhancing effects of diverse board knowledge.
Another possibility is that board knowledge diversity may facilitate firm innovation by relaxing
financial constraint. To assess this mechanism, we analyze whether our baseline results vary with the
tightness of the firm’s financial constraints in Table A11. Firms tend to face frictions in soliciting
funding for innovation, especially the development of path-breaking and novel technologies (Akcigit
& Kerr, 2018; Krieger et al., 2021). Boards with diverse backgrounds may help relax financial frictions
in part by broadening investor connections and improving the perception of firm capabilities. If this
mechanism is salient, we expect to observe that the innovation enhancing effects of board knowledge
diversity would be stronger for firms facing high ex ante financial constraints.
Insert Table A11 Here
In Table A11, the dummy variable KZ_constrained is equal to one if a firm was financially
constrained in the previous year, and zero otherwise. Following Farre-Mensa and Ljungqvist (2016), a
firm is classified as financially constrained if its Kaplan-Zingales (KZ) Index is in the top tercile of the
sample distribution. We find that the interaction effects between the instrumented board knowledge
diversity and KZ_constrained are negative, but only those on the count and economic value of novel
patents are statistically significant above the 90% confidence level (Columns 1 and 3 in Panel B).
These results indicate that the relaxation of financial constraint is unlikely to be a salient mechanism
by which board knowledge diversity spurs firm innovation.
In fact, the results in Table A11 suggest that a board with diverse knowledge may encourage
the allocation of slack resources to technological exploration (Nohria & Gulati, 1996). Although a
financially unconstrained firm faces minimal frictions in resource access, its potential investments in
innovation may encounter such frictions. Specifically, if managers at such firms have concerns over
exploration risk, they are likely to direct slack resources to low-risk activities in lieu of innovation.
Considering the opportunity costs of investment, managers’ tendency to prioritize low-risk
development over innovation may persist even if resources are plenty, unless their risk tolerance toward
technological exploration increases. The negative interactions between board knowledge diversity and
KZ_constrained suggest that a board with diverse knowledge mitigates resource allocation frictions
(e.g., lessening managerial concerns over exploration risks) at financially unconstrained firms.
Overall, the heterogeneous patterns in the innovation effects of board knowledge diversity
shown in Tables A9 – A11 help rule out the alternative mechanisms (i.e., board governance function
and relaxing financial constraints), while corroborating our proposed mechanism of board advisory
function to explain why diverse board knowledge fosters firm radical innovation.

Table A9. The Heterogeneity of Board Knowledge Diversity Effects: Industry Competition
This table presents the second stage IV regression estimates of effects of board knowledge diversity on
firm-level innovation outcomes, further interacting board knowledge diversity with an indicator
variable, Competition_high. Competition_high is equal to one if a firm operates in a 3-digit SIC
industry with a Herfindahl-Hirschman Index below 1500, and zero otherwise. Board knowledge
diversity and its interaction with Competition_high are instrumented with the weighted mean
knowledge diversity of nonlocal potential directors residing one non-stop flight away from the firm
headquarters. The weight is the frequency of non-stop flights connecting director residence firm
headquarters locations. Other time-varying firm characteristics, board characteristics and county
characteristics are estimated but not reported for brevity. The sample description is in the legend in
Table 1. All variables are defined in Table A1. Robust standard errors are clustered at the firm level.
The corresponding p values are reported in parentheses.
Panel A: Path-breaking innovation

Instrumented board knowledge diversity
Competition_high
Instrumented board knowledge diversity
× Competition_high

Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

(1)

(2)

(3)

Ln(1+Pathbreaking patent
counts)

Ln(1+Pathbreaking patent
citation ) (5-year)

L(1+Pathbreaking patent
value)

1.126
(0.001)
0.004
(0.969)

1.784
(0.000)
0.022
(0.868)

1.889
(0.003)
0.013
(0.938)

0.779

0.779

1.121

(0.004)

(0.029)

(0.016)

11,118
0.011
Yes
Yes
Yes
Yes

11,118
0.086
Yes
Yes
Yes
Yes

11,118
0.068
Yes
Yes
Yes
Yes

Table A9 (Continued)
Panel B: Novel innovation

Instrumented board knowledge diversity
Competition_high
Instrumented board knowledge diversity
× Competition_high
Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

(1)

(2)

(3)

Ln(1+Novel
patent counts)
0.330
(0.075)
0.046
(0.399)
0.416

Ln(1+Novel patent
citation ) (5-year)
0.741
(0.013)
0.041
(0.639)
0.624

L(1+Novel patent
value)
1.041
(0.011)
0.019
(0.874)
0.649

(0.014)

(0.012)

(0.062)

11,118
0.392
Yes
Yes
Yes
Yes

11,118
0.161
Yes
Yes
Yes
Yes

11,118
0.346
Yes
Yes
Yes
Yes

Table A10. The Heterogeneity of Board Knowledge Diversity Effects: Corporate Governance
This table presents the second stage IV regression estimates of effects of board knowledge diversity on
firm-level innovation outcomes, further interacting board knowledge diversity with an indicator
variable, Governance_low. Governance_low is equal to one if the share of independent board directors
at a given firm in the previous year is below the sample median (i.e., poor corporate governance), and
zero otherwise. Board knowledge diversity and its interaction with Governance_low are instrumented
with the weighted mean knowledge diversity of nonlocal potential directors residing one non-stop
flight away from the firm headquarters. The weight is the frequency of non-stop flights connecting
director residence and firm headquarters locations. Other time-varying firm characteristics, board
characteristics and county characteristics are estimated but not reported for brevity. The sample
description is in the legend in Table 1. All variables are defined in Table A1. Robust standard errors
are clustered at the firm level. The corresponding p values are reported in parentheses.
Panel A: Path-breaking innovation
(1)
Ln(1+Pathbreaking patent
counts)
1.547
(0.000)
0.235
(0.002)
-0.016

(2)
Ln(1+Pathbreaking patent
citation ) (5-year)
2.255
(0.000)
0.323
(0.002)
-0.068

(3)
L(1+Pathbreaking patent
value)
2.606
(0.000)
0.384
(0.002)
-0.167

(0.902)

(0.691)

(0.494)

Observations

11,118

11,118

11,118

R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

0.561
Yes
Yes
Yes
Yes

0.621
Yes
Yes
Yes
Yes

0.687
Yes
Yes
Yes
Yes

Instrumented board knowledge diversity
Governance_low
Instrumented board knowledge diversity
× Governance_low

Table A10 (Continued)
Panel B: Novel innovation

Instrumented board knowledge diversity
Governance_low
Instrumented board knowledge diversity
× Governance_low
Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

(1)

(2)

(3)

Ln(1+Novel
patent counts)
0.578
(0.009)
0.069
(0.103)
-0.046

Ln(1+Novel patent
citation ) (5-year)
0.988
(0.004)
0.195
(0.003)
0.115

L(1+Novel patent
value)
1.505
(0.002)
0.215
(0.019)
-0.161

(0.598)

(0.370)

(0.381)

11,118
0.559
Yes
Yes
Yes
Yes

11,118
0.373
Yes
Yes
Yes
Yes

11,118
0.538
Yes
Yes
Yes
Yes

Table A11. The Heterogeneity of Board Knowledge Diversity Effects: Financial Constraint
This table presents the second stage IV regression estimates of effects of board knowledge diversity on
firm-level innovation outcomes, further interacting board knowledge diversity with an indicator
variable, KZ_constrained. KZ_constrained is equal to one if a firm was financially constrained in the
previous year, and zero otherwise. Following Farre-Mensa and Ljungqvist (2016), a firm is defined as
financially constrained if its Kaplan-Zingales (KZ) Index is in the top tercile of the sample distribution.
Board knowledge diversity and its interaction with KZ_constrained are instrumented with the weighted
mean knowledge diversity of nonlocal potential directors residing one non-stop flight away from the
firm headquarters, where the weight is the frequency of non-stop flights connecting director residence
and firm headquarters locations. Other time-varying firm characteristics, board characteristics and
county characteristics are estimated but not reported for brevity. The sample description is in the legend
in Table 1. All variables are defined in Table A1. Robust standard errors are clustered at the firm level.
The corresponding p values are reported in parentheses.
Panel A: Path-breaking innovation
(1)
Ln(1+Pathbreaking patent
counts)

(3)
L(1+Pathbreaking patent
value)

1.526
(0.000)
0.018
(0.727)
-0.044

(2)
Ln(1+Pathbreaking patent
citation )
(5-year)
2.203
(0.000)
-0.017
(0.807)
-0.121

(0.747)

(0.511)

(0.855)

Observations

11,118

11,118

11,118

R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

0.148
Yes
Yes
Yes
Yes

0.179
Yes
Yes
Yes
Yes

0.147
Yes
Yes
Yes
Yes

Instrumented board knowledge diversity
KZ_constrained
Instrumented board knowledge diversity
× KZ_constrained

2.462
(0.000)
0.046
(0.590)
-0.045

Table A11 (Continued)
Panel B: Novel innovation

Instrumented board knowledge diversity
KZ_constrained
Instrumented board knowledge diversity
× KZ_constrained
Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

(1)

(2)

(3)

Ln(1+Novel
patent counts)
0.588
(0.005)
-0.031
(0.320)
-0.190

Ln(1+Novel patent
citation ) (5-year)
1.105
(0.001)
-0.005
(0.921)
-0.190

L(1+Novel patent
value)
1.491
(0.001)
-0.096
(0.159)
-0.483

(0.055)

(0.181)

(0.016)

11,118
0.445
Yes
Yes
Yes
Yes

11,118
0.245
Yes
Yes
Yes
Yes

11,118
0.393
Yes
Yes
Yes
Yes

Appendix IV. Supplemental Analyses
Table A12. Board Knowledge Diversity and Novel Innovation: Alternative Measures of Novelty
This table presents the second stage IV regression estimates of the models where the dependent
variables are the logarithm of one plus the number of novel patent counts (Column 1), the logarithm
of one plus the five-year forward citations received by the novel patents applied by a firm in a year
(Column 2), and the logarithm of one plus the summation of the novel patent values (Column 3). In
Panel A (Panel B), novel patents are those with novelty score at or above the top one (five) percentile
across the patents applied by all firms in the same industry The sample description is in the legend in
Table 1. All variables are defined in Table A1. Robust standard errors are clustered at the firm level.
The corresponding p values are reported in parentheses.
Panel A: Top one percentile
(1)
(2)
Ln(1+Novel
Ln(1+Novel patent
patent counts)
citation ) (5-year)
Instrumented board knowledge diversity
0.172
0.482

Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

(3)
Ln(1+Novel
patent value)

(0.053)

(0.003)

0.908
(0.003)

11,118
0.578
Yes
Yes
Yes
Yes

11,118
0.275
Yes
Yes
Yes
Yes

11,118
0.556
Yes
Yes
Yes
Yes

(1)
Ln(1+Novel
patent counts)

(2)
Ln(1+Novel patent
citation ) (5-year)

(3)
Ln(1+Novel
patent value)

0.424
(0.010)

0.870
(0.001)

1.256
(0.002)

11,118
0.563
Yes
Yes
Yes
Yes

11,118
0.337
Yes
Yes
Yes
Yes

11,118
0.542
Yes
Yes
Yes
Yes

Panel B: Top five percentile

Instrumented board knowledge diversity

Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

Table A13. Board Knowledge Diversity and Radical Innovation Conditioning on R&D
This table presents the second stage IV regression estimates of effects of board knowledge diversity on
firm-level path-breaking innovation outcomes conditioning on R&D expenditure. The key independent
variable, board knowledge diversity, is instrumented with the weighted mean knowledge diversity of
nonlocal potential directors. All regressions control for Ln(1+R&D Expense), which is the logarithm
of one plus Research and Development expenditure of a given firm-year. The other control variables
(i.e., time-varying firm characteristics, board characteristics and county characteristics) are included
in all models, and their coefficient estimates are suppressed for brevity. The sample description is in
the legend in Table 1. All variables are defined in Table A1. Robust standard errors are clustered at the
firm level. The corresponding p values are reported in parentheses.

Instrumented board knowledge diversity
Ln(1+R&D Expense)

Observations
R-squared
Firm, CEO, board and county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

(1)
Ln(1+Pathbreaking patent
counts)
1.073
(0.001)
0.217

(2)
Ln(1+Pathbreaking patent
citation ) (5-year)
1.578
(0.000)
0.295

(3)
L(1+Pathbreaking patent
value)
1.861
(0.003)
0.290

(0.000)

(0.000)

(0.000)

11,118
0.702

11,118
0.737

11,118
0.747

Yes

Yes

Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Table A14. Regressing PCA Board Expertise on Each Factor
This table report OLS regression results, where dependent variable is the board knowledge diversity
measure constructed by PCA. The independent variables in columns 1 to 3 are negative HHI in
Bachelors' institutions, number of other boards, and negative HHI in industrial expertise, respectively.
These independent variables are normalized such that mean is 0 and standard deviation is 1. The sample
description is in the legend in Table 1. All variables are defined in Table A1. Robust standard errors
are clustered at the firm level. The corresponding p values are reported in parentheses.

Negative bachelor institution HHI
Mean no. of other boards

(1)
Board knowledge
diversity_PCA
0.670
(0.000)

(2)
Board knowledge
diversity_PCA

(3)
Board knowledge
diversity_PCA

0.719
(0.000)

Negative industrial expertise HHI

0.660
(0.000)

Observations

11,118

11,118

11,118

R-squared

0.448

0.590

0.435

Table A15. Board Knowledge Diversity and Firm Overall Innovation
This table presents the OLS regression estimates of the models where the dependent variables are the logarithm of one plus the number of all
patent counts (Columns 1 - 2), the logarithm of one plus the five-year forward citations received by all patents applied by a firm in a year
(Columns 3 - 4), and the logarithm of one plus the summation of all patent values (Columns 5 - 6). All regressions include year, industry, and
headquarter county fixed effects. Columns 2, 4 and 6 also control for time-varying firm and county characteristics from Table 3, and the
coefficient estimates of the additional controls are suppressed for brevity. The sample description is in the legend in Table 1. All variables are
defined in Table A1. Robust standard errors are clustered at the firm level. The corresponding p values are reported in parentheses.
(1)
Ln(1+ Overall
patent counts)

(2)
Ln(1+ Overall
patent counts)

(4)
Ln(1+ Overall
patent citation )
(5-year)
0.209
(0.000)

(5)
Ln(1+ Overall
patent value)

(6)
Ln(1+ Overall
patent value)

0.148
(0.000)

(3)
Ln(1+ Overall
patent citation )
(5-year)
0.507
(0.000)

Board knowledge diversity

0.455
(0.000)

0.785
(0.000)

0.282
(0.000)

Observations
R-squared
Firm, CEO, board and
county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

11,118
0.426
No

11,118
0.646
Yes

11,118
0.512
No

11,118
0.623
Yes

11,118
0.465
No

11,118
0.711
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Table A16. Instrumented Board Knowledge Diversity and Firm Overall Innovation
This table presents the two-stage least square (2SLS) regression estimates of the models where
dependent variables are firm-level overall innovation outcomes. The key independent variable,
board knowledge diversity, is instrumented with the weighted mean knowledge diversity of nonlocal
potential directors residing one non-stop flight away from the firm headquarters. The weight is the
frequency of non-stop flights connecting director residence and firm headquarters locations (i.e.,
nonlocal director knowledge diversity). The control variables (i.e., time-varying firm characteristics,
board characteristics and county characteristics) are included in all models, and their coefficient
estimates are suppressed for brevity. Specifically, this table reports the second stage IV estimates in
which the dependent variables are the logarithm of one plus the number of the counts (Column 1),
5-year forward citations (Column 2), and summation of economic value (Column 3) of all patents
applied by a firm in a year. The sample description is in the legend in Table 1. All variables are
defined in Table A1. Robust standard errors are clustered at the firm level. The corresponding p
values are reported in parentheses.
(1)
Ln(1+ Overall
patent counts)
Instrumented board
knowledge diversity

1.536
(0.000)

(2)
Ln(1+ Overall
patent citation )
(5-year)
1.925
(0.000)

(3)
L(1+ Overall
patent value)

Observations
R-squared
Firm, CEO, board and
county controls
Year FE
Industry (3-digit SIC) FE
HQ county FE

11,118
0.801
Yes

11,118
0.779
Yes

11,118
0.764
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

3.768
(0.000)

