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Directors are not one-dimensional. We characterize their skill sets by exploiting Regula- 

tion S-K’s 2009 requirement that U.S. firms must disclose the experience, qualifications, 

attributes, or skills that led the nominating committee to choose an individual as a direc- 

tor. We then examine how skills cluster on and across boards. Factor analysis indicates that 

the main dimension along which boards vary is in the diversity of skills of their directors. 

We find that firm performance increases when director skill sets exhibit more commonal- 

ity. 
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1. Introduction 

In theory, boards are multi-dimensional. The optimal

board combines monitoring and advisory roles to varying

degrees ( Hermalin and Weisbach, 2003; Adams and Fer-

reira, 2007 ). Less well understood is how individual direc-
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tor skills map into these roles. Do directors specialize as

“advisors” or “monitors,” or, like boards, do they combine

roles? And how do directors’ skills aggregate to the board

level—are individual skills independent of each other or

do they complement/substitute each other? The answers

to these questions are important for understanding what

boards do, why they are structured the way they are, and

how they can be improved. But answering these questions

is difficult. It requires a complete characterization of direc-

tor skills and how they cluster at the board level. We pro-

vide such a characterization in this paper. 

The 2009 amendment to Regulation S-K requires public

U.S. firms to describe their reasons for nominating direc-

tors. According to this rule, firms have to disclose the skills

they believe each director brings to the table. We exploit

this rule to document the skills directors and boards have.

We then examine whether some boards have skill sets that

lead them to systematically outperform other boards. 

Regulation S-K allows us to assign skills to directors

that are hard to characterize based on their employ-

ment history alone. For example, J.C. Penney’s 2010 proxy
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1 See Fich (2005), Guner, Malmendier, and Tate (2008), Kor and 

Misangyi (2008), Fahlenbrach, Low, and Stulz (2010), Krishnan, Wen, and 

Zhao (2011), Faleye, Hoitash, and Hoitash (2018), Masulis, Ruzzier, Xiao, 

and Zhao (2012), Masulis, Wang, and Xie (2012), Dass, Kini, Nanda, Onal, 

and Wang (2013), Drobetz, von Meyerinck, Oesch, and Schmid (2013) , and 

Bedard, Hoitash, and Hoitash (2014) . 
2 Kim and Starks (2016) construct 16 skill categories, which overlap 

substantially with our 20 skill categories. Kim and Starks (2016) also ref- 

erence an unpublished working paper by the same authors examining the 

relation between board skill heterogeneity and firm value. As of the writ- 
statement reports the employment experience of director 

R. Gerald Turner as follows: 

President of Southern Methodist University since 1995; 

Chancellor of the University of Mississippi from 1984 to 

1995; Co-Chairman, Knight Commission on Intercollegiate 

Athletics since 2005; Director of Kronos Worldwide, Inc., 

American Beacon Funds and the National Association of 

Independent Colleges and Universities. 

Mr. Turner does not seem to have direct industry expe- 

rience that is relevant for J.C. Penney, a chain of American 

mid-range department stores. As his leadership experience 

lies outside the corporate sector, he also does not hold an 

organizational position that would normally be classified 

as indicative of valuable executive or financial skills. Al- 

though Mr. Turner’s background gives the impression that 

he can add value, it is not obvious how to classify his skills. 

Regulation S-K’s required descriptions of the reasons 

firms nominate directors are useful for classifying the skills 

of such directors. For example, J.C. Penney’s reasons for 

nominating Mr. Turner highlight his academic, compen- 

sation, governance, and human resources / management 

skills: 

Mr. Turner’s extensive career in academia provides the 

Company with valuable insights and perspectives on com- 

municating with younger customers and Associates. He 

also brings experience and skills in human resources and 

management. Mr. Turner’s current experience as president 

of a leading university provides him with perspective into 

the challenges of managing complex, multi-faceted orga- 

nizations. In addition, his service on the boards of other 

publicly-traded companies, including committee service, 

has given him insights and perspectives on governance 

and human resources and compensation which benefit the 

JC Penney Board. 

When examining directors’ skills one at a time, it is 

not always clear that skills add value. For example, while 

Drobetz et al. (2018), Dass et al. (2013) , and Faleye et 

al. (2018) find that directors’ industry experience adds 

value, Kang et al. (2018) find that the effect of industry 

experience is insignificant in some circumstances. Simi- 

larly, Fich (2005) finds that shareholders seem to value 

Chief Executive Officer (CEO) experience of directors, while 

Fahlenbrach et al. (2010) find that CEOs do not add value. 

We suggest one reason for these conflicting findings 

is that the ability of a director’s skills to add value de- 

pends in part on the other skills that are represented on 

the board. If a CEO sits on a board with a lawyer then 

his skills may complement the lawyer’s skills. But he may 

not always understand the lawyer’s viewpoint (and vice 

versa) because he approaches problem-solving in a differ- 

ent way. In a theoretical model, the CEO and the lawyer 

might have different priors that lead them to disagree and 

invest inefficiently (e.g. Garlappi et al., 2017 ). If a CEO sits 

on a board with other executives, there may be no com- 

munication problems because the directors share common 

ground. However, a board with only executives may lack 

diversity in skills. 

Our characterization of director skills allows us to test 

the idea that directors’ skills are interdependent. We first 
show that directors are not one-dimensional. In a sam- 

ple of 3218 firm-year observations (1031 unique firms) be- 

tween 2010 and 2013, firms report that outside directors 

have on average 3.02 skills and inside directors have 3.33 

skills. 

As theory suggests, boards are also not one- 

dimensional. All boards have a director with finance 

and accounting skills. Boards also tend to have manage- 

ment skills (89.5% of boards) and leadership skills (74.7%) 

in common. But some boards will also have legal skills 

(34%) or risk management skills (27.6%), while others have 

manufacturing skills (37.3%) or entrepreneurial skills (16%). 

As in Kaplan et al. (2012), Custodio et al. (2013) , and 

Kaplan and Sorensen’s (2017) examination of CEO charac- 

teristics, we use factor analysis to extract the main dimen- 

sions along which boards vary with respect to the skills of 

their directors. We find that boards vary primarily along 

one dimension: the diversity of skills that are available on 

a board. Some firms assign directors with many different 

skills to their board, while other firms focus on a few par- 

ticular skills. As such, we conclude that there is an impor- 

tant distinction between diverse boards and boards with a 

substantial concentration of skills. 

To provide further evidence that this distinction is im- 

portant, we examine whether diversity of skills is related 

to firm performance as measured by Tobin’s Q . Boards with 

greater skill diversity do not perform better. Using Blau 

(1977) measures of concentration of types, we find evi- 

dence that this result is plausibly driven by a lack of com- 

mon ground in skill sets that arises with greater diver- 

sity. We view this evidence as consistent with the argu- 

ments in, e.g., Murray (1989), Knight et al. (1999), Pelled 

et al. (1999) , and Simons et al. (1999) that having common 

ground among group members can facilitate effective deci- 

sion making. 

Our paper makes three main contributions to the liter- 

ature. First, we move away from a one-dimensional treat- 

ment of directors and boards and focus on skill sets. Our 

finding that directors are multi-dimensional suggests that 

it may be difficult for outsiders to understand which skills 

of a particular director are the most valuable for a firm. 

A particular strength of the data is that it represents the 

firm’s perspective rather than a perspective chosen by re- 

searchers. In this regard, we complement prior studies fo- 

cusing on one particular skill of directors at a time, such 

as industry experience, professional skills, leadership skills, 

or financial skills. 1 We also complement Kim and Starks 

(2016) , who use Regulation S-K to examine differences be- 

tween the skills of male and female directors. They find 

that female directors contribute to skill diversity by pro- 

viding new functional expertise. 2 
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The second main contribution is that we characterize

an important dimension along which boards vary with re-

spect to skill. Just as Kaplan et al. (2012) and Kaplan and

Sorensen (2017) expand our view on relevant CEO types,

our study suggests that there are different board “types.”

Finally, our paper complements the literature on board

diversity (e.g., Adams and Ferreira, 2009; Anderson et al.,

2011; Knyazeva et al., 2013 ) by showing how different

measures of skill heterogeneity relate to the value of the

firm. What distinguishes our paper from this literature is

that we do not start with the premise that skill diversity

may matter. Instead, diversity arises endogenously as an

important characteristic from the factor analysis. 

Thinking of directors and boards as bundles of charac-

teristics can lead to new and interesting insights concern-

ing board decision-making. Garlappi et al. (2017) exam-

ine the role of heterogeneous priors and disagreement on

board decision-making. The assumption of different priors

is difficult to justify if directors are the same in all but one

dimension. But, if directors differ in several dimensions,

it is plausible that frictions in team decision-making can

arise that affect firm outcomes. 

The multi-dimensionality of director skill sets may also

help explain outcomes in the director labor market. Stud-

ies relating individual director characteristics to firm value

often face the challenge of explaining why firms do not op-

timize. If industry experience is positively related to firm

performance, for example, then firms would do better by

having more industry experts. The question is why they do

not. If we view directors as one-dimensional, this question

is difficult to answer. But if we view directors as multi-

dimensional, it becomes easier. When firms appoint direc-

tors, they face a multi-dimensional search problem. In the

presence of frictions, e.g., search costs, firms may not be

able to optimize along every dimension. Similarly, in try-

ing to fulfill governance regulations focusing on one char-

acteristic, e.g., independence, or one objective, e.g., diver-

sity, firms may not achieve the best match between new

directors and the board. Thus, governance regulations may

not always lead to better firm outcomes. 

Incorporating a multi-dimensional perspective into gov-

ernance theory and empirical work is challenging. But fu-

ture governance research and policy may still benefit from

recognizing that the governance problems firms face are

more complex than we typically imagine. 

2. Data 

We describe our sample and then discuss whether the

data on director qualifications contain information that is

not readily available from other archival sources. 

2.1. Sample description 

We start with the 5963 firm-year observations in the

Institutional Shareholder Services (ISS, formerly Riskmet-

rics) database between 2010 and 2013 and eliminate 289
ing of this footnote (March 2017), this working paper is not yet in the 

public domain. 
firm-year observations for firms that are headquartered

overseas and 1427 firm-year observations for utilities and

financial firms (two-digit Standard Industrial Classification

(SIC) codes 49 and 60–69). We obtain descriptions of di-

rectors’ skills from our sample firms’ proxy statements. The

2010 proxies contain the first descriptions of director skill

sets following the 2009 amendment to Regulation S-K. We

exclude 647 firm-year observations that were missing di-

rector skills for two or more directors on the board. 

We obtain data on firms’ financial characteristics for the

fiscal years in which directors serve on the board from

Compustat. Stock return data for the entire sample pe-

riod are from Center for Research in Security Prices (CRSP).

Board and director information is from ISS and data on all

board committees and directors’ committee memberships

are from ISS and BoardEx. Information on whether firms

have classified boards is from ISS and director appointment

and departure dates are from BoardEx. 

Our main performance measure is a proxy for Tobin’s

Q , which we measure as the book value of assets minus

the book value of equity plus the market value of eq-

uity, divided by the book value of assets. We also exam-

ine the market reaction to director appointments and de-

partures using standard event study methodology, which

we describe in Section 5.2 . Appendix A provides a detailed

description of the variables in our study. After eliminat-

ing 310 firm-year observations with missing financial or

governance data and 72 firm-year observations with ex-

treme values of Tobin’s Q , we end with a sample of 3218

firm-year observations. Panel A of Table 1 reports sum-

mary statistics for financial and board-level characteristics

of these firms. Panel B reports summary statistics for char-

acteristics of the directors of these firms. 

The firms in our sample have an average market value

of about $11.8 billion. They have an average Tobin’s Q of

1.924, and return on assets (ROA) of 14.8%. The median

firm has nine board members and three board commit-

tees. 3 

2.2. Regulation S-K and director skill sets 

The December 16, 2009 amendments to Regulation S-

K, which lays out reporting requirements for public com-

panies in the United States, require companies to provide

insight into their considerations for nominating directors.

Item 401(e) of Regulation S-K states: 

Briefly discuss the specific experience, qualifications, at-

tributes or skills that led to the conclusion that the per-

son should serve as a director for the registrant at the

time that the disclosure is made, in light of the registrant’s

business and structure. If material, this disclosure should

cover more than the past five years, including information

about the person’s particular areas of expertise or other

relevant qualifications. 

The new rules became effective as of February 28, 2010

for fiscal years ending on or after December 20, 2009. The
3 The company with firm age equal to zero is Towers Watson & Co, 

which was created in 2009/2010. 
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Table 1 

Summary statistics. 

We report summary statistics in this table. Our sample consists of ISS data on U.S. headquartered unregulated 

non-financial and non-utility firms between 2010 and 2013. The 2009 amendment to Regulation S-K requires pub- 

lic U.S. firms to describe their reasons for nominating directors. Descriptions of directors’ skills come from sam- 

ple firms’ proxy statements. Data on board committees and directors’ committee memberships are from ISS and 

BoardEx. Information on whether firms have classified boards is from ISS and director appointment and departure 

dates are from BoardEx. Financial data are from Compustat. We exclude firm-year observations in which firms did 

not disclose director skills for two or more directors on their boards and firm-year observations with missing finan- 

cial or governance data and extreme values of Tobin’s Q . Variable definitions are provided in Appendix A . Summary 

statistics for firm characteristics are reported in Panel A and are based on 3218 firm-year observations between 

2010 and 2013. In Panel B, we report director-related statistics. The number of director-year observations for the 

whole sample is 29,209. Of these, 24,747 are for outside directors (independent or grey) and 4462 are for inside 

directors. 

Panel A: Firm characteristics 

Variables Mean Median Std. dev. Min. Max. 

Board committees 3.468 3 0.698 1 6 

Board independence 0.795 0.818 0.105 0.333 0.941 

Board meetings 7.498 7 3.481 2 45 

Board size 9.077 9 2.070 3 18 

Business segments 2.093 2 1.398 1 9 

Capital expenditures 0.056 0.032 0.094 0.001 0.910 

CEO age 57.454 57 7.217 33 97 

Classified board 0.462 0 0.499 0 1 

Firm age 27.646 21 20.105 0 88 

Market value of equity (millions of dollars) 11,804 2,439 33,528 56 626,550 

Number of skills on the board 10.415 10 2.928 2 20 

ROA 0.148 0.139 0.070 −0.044 0.416 

Tobin’s Q 1.924 1.655 0.920 0.837 6.217 

Total assets (millions of dollars) 10,863 2,077 37,600 57 751,216 

Volatility 0.024 0.021 0.024 0.006 0.602 

Panel B: Director and skill characteristics 

Variables Mean Median Std. dev. Min. Max. 

Audit committee member 0.416 0 0.493 0 1 

Director age 62.548 63 8.272 27 97 

Director tenure 9.081 7 7.753 0 64 

Female director 0.135 0 0.342 0 1 

Unique skills dummy 0.342 0 0.474 0 1 

Unique skills fraction 0.146 0 0.247 0 1 

Number of skills (whole sample) 3.067 3 1.710 0 13 

Number of skills (outsiders) 3.018 3 1.714 0 13 

Number of skills (insiders) 3.334 3 1.662 0 13 

Number of unique skills (whole sample) 0.433 0 0.681 0 6 

Number of unique skills (outsiders) 0.404 0 0.656 0 6 

Number of unique skills (insiders) 0.597 0 0.783 0 6 

Number of outside boards 0.875 1 1.023 0 7 

Retiring director 0.123 0 0.329 0 1 

lection to serve as a board member. The classification 
rule applies to proxy and information statements, annual 

reports, and registration statements, but not to foreign pri- 

vate issuers. Guidance from the Securities and Exchange 

Commission (SEC) emphasizes that disclosure should be 

provided on an individual, director-by-director basis. In 

2010, 31 of our sample firms had annual meeting dates 

between January 1, 2010 and February 28, 2010. Although 

technically the rule did not yet apply to them, all of them 

followed the disclosure rule. 

Our sample contains data on 24,747 outside (indepen- 

dent or grey) director-year observations and 4462 inside 

director-year observations. The total number of director- 

year observations in our data is thus 29,209 and of this 

1944 are newly appointed between 2010 and 2013. These 

directorships are held by 8990 unique directors. From the 

2010–2013 proxy statements we obtain firms’ justifications 

for hiring the directors holding these directorships. 
To ensure replicability, we code directors’ skills using a 

text-based algorithm. We started by manually coding di- 

rector skills in 2010 using a Conference Board (2010) analy- 

sis of Regulation S-K disclosure in 30 Dow Jones companies 

as a guideline. Using the 2010 coding we created a dictio- 

nary of the most frequent words and phrases belonging to 

each skill and used them to code skills in 2010–2013. We 

double-checked the accuracy of the coding using the 2010 

data and refined our dictionary accordingly. Appendix B 

contains a more thorough description of our coding pro- 

cess and the creation of our skill categories. Table 2 pro- 

vides an overview of our final set of 20 skills. 

A classification as an “Academic” (for 8.1% of outside 

and 4.3% of inside directorships) indicates that the firm 

stresses that the director’s academic position or PhD de- 

gree is an important determinant of the director’s se- 
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Table 2 

Skill categories. 

This table lists our 20 skill categories. Data are obtained from 2010 to 2013 proxy statements. Sample characteristics are provided 

in Table 1 . We code each director’s experience, qualifications, attributes, or skills that were important in appointing the director using 

data from proxy statements. 

Variables Description 

Academic The director is from academia or has a higher degree (such as a Ph.D.). 

Company business The director is experienced in the firm’s business or industry (or a closely related industry). 

Compensation The director has compensation and benefits experience. 

Entrepreneurial The director has entrepreneurial experience. 

Finance and accounting The director has experience in banking, finance, accounting, or economics related activities. 

Governance The director has corporate governance experience. 

Government and policy The director has governmental, policy, or regulatory experience. 

International The director has international experience. 

Leadership The director is someone that has leadership skills/experience. 

Legal The director has legal expertise. 

Management The director has management and communications skills/experience. 

Manufacturing The director has manufacturing experience. 

Marketing The director has marketing and sales skills/experience or knowledgeable in marketing activities. 

Outside board The director has outside board experience. 

Outside executive The director is an executive of another company. 

Risk management The director has risk management experience. 

Scientific The director has engineering, scientific, or research & development (R&D) skills/experience. 

Strategic planning The director is someone that has strategy skills or strategy planning experience. 

Sustainability The director has experience in environmental and sustainability issues. 

Technology The director has technology skills/experience. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

“Company business” indicates that the firm chose the di-

rector because of his or her experience in the firm’s busi-

ness. We code all insiders as having “Company business”

experience because we view the omission of this cate-

gory from an insider’s skill set as measurement error. We

classify a director who was selected as a board member

because of experience in compensation and benefits (for

9.2% of outside and 2.2% of inside directorships) as hav-

ing “Compensation” skills. The other categories are: En-

trepreneurial, Finance and accounting, Governance, Gov-

ernment and policy, International, Leadership, Legal, Man-

agement, Manufacturing, Marketing, Outside board, Out-

side executive, Risk management, Scientific, Strategic plan-

ning, Sustainability, and Technology. Directors whose skills

do not readily fall into one of our 20 categories or whose

skills we cannot classify because the descriptions are too

vague are assigned zero skills. Panel A of Table 3 reports

mean skills by category for outside and inside director-

ships. Fig. 1 shows the distribution of director skills. 

Several features of our classification are worth noting.

First, directors are not one-dimensional. Instead, they have

skill sets . The average director in our sample has 3.07 skills.

Panel A of Fig. 2 shows the distribution of the number of

skills per director type. Most directors have two or three

important skills, regardless of whether they are inside or

outside directors. While it is obvious that directors will

have several skills, we believe it is worth highlighting be-

cause most empirical work on boards typically focuses on

one skill at a time, e.g., industry, leadership, or professional

experience. 

Although we believe the data resulting from Regulation

S-K have great potential to inform governance research,

it is challenging to work with for several reasons. First,

the data encompass many dimensions. This makes it un-

satisfying to simply characterize skills on the board using

one-dimensional measures such as percentages of directors

 

with certain skills. Second, firms’ stated reasons for hir-

ing directors may not reflect their true motives. We deal

with the first problem by examining board-level counts of

skill categories, doing a factor analysis, and examining ag-

gregate measures of individual directors’ skills. We deal

with the second problem by conducting various tests in

Section 2.3 to examine if the data appear to be informa-

tive. 

To characterize a firm’s board of directors using board-

level counts of skill categories, we examine whether a par-

ticular skill is mastered by at least one of the directors

on a firm’s board. A skill category receives a value of one

if at least one director possesses this skill, and is zero

otherwise. The final column of Panel A of Table 3 shows

summary statistics for the board-level skills. Fig. 1 shows

the distribution of skill types across firms. All boards have

a Finance and accounting expert, which is not surprising

given the emphasis on the role of financial experts after

the Sarbanes-Oxley Act (SOX). Boards have experts in man-

agement, leadership, and international issues in more than

half of the firm-years. Firms have experts in science and

sustainability in fewer than 10% of firm-years. Panel B of

Fig. 2 shows the distribution of the number of skills at the

board level. 

2.3. Are firms’ stated reasons for appointing directors 

informative? 

The primary concern one may have about the Regula-

tion S-K data is that firms may not reveal the true reasons

directors are valuable to them. Some suggestive evidence

that this is not true comes from comparing descriptions

of directors that are on the board in consecutive years.

For these directors, we find that skill categories change

(through the addition or subtraction of skills) 20.02% of the

time in the four-year period we examine. This is consistent
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Table 3 

Descriptive statistics. 

We present various skill- and committee-related descriptive statistics in this table. 

Data in this table are obtained from 2010 to 2013 proxy statements and based on 3218 

firm-year and 29,209 director-year observations. In Panel A, we present the means of 

20 firm-level skill categories at the director and board levels. The first column is the 

percentage of directors who have the particular skill. The second and the third columns 

are the percentages of outside and inside directors who possess the particular skill. The 

last column is the percentage of boards that have the particular skill. Pairwise corre- 

lations between director age and the number of skills and outside directorships and 

the number of skills that excludes outside directorship as a skill category are reported 

in Panel B. When computing the correlation between director age and the number of 

skills, we exclude repeat disclosure of the same set of skills at the director level and 

only consider the first occurrence. Panel C reports descriptive statistics for committee 

skill match ratios for 20 committees. To construct the set of committee memberships 

for all directors, we start with data on compensation, audit, and governance and nom- 

inating committee memberships in ISS and supplement it with additional committee 

memberships from BoardEx. We group committees with similar names in BoardEx. ISS 

duplicates committees whenever a committee shares tasks. For example, if a firm has 

one Audit and Compensation committee, ISS will report that the firm has one Audit 

committee and one Compensation committee with equal membership. This explains 

why the occurrence of each committee ISS covers is so high in our sample. To find 

the committee skill match ratio, we first find the number of directors on a particular 

committee that has the required skills (e.g., the number of directors with compensa- 

tion skills on the compensation committee). We then compute the ratio of directors 

with those skills to the number of directors on the committee. We repeat this for all 

the other committees. In Panel D, we split our director-level sample into two based 

on whether a firm has an ROA greater than the median ROA in the sample of 3218 

firm-year observations and examine the difference between the number of words used 

to describe director experience by the ROA subsamples. We report the clarity score in 

Panel E. Clarity score is a score variable that ranges between zero and one for directors 

on more than one board that takes into account skills reported by other boards for the 

same director. We describe the calculation of the clarity score in Section 2.3 . Further 

sample characteristics are provided in Table 1 . Values in parentheses in Panel B (Panel 

D) are p -values ( t -statistics). ∗∗∗ and ∗∗ indicate statistical significance at the 1% and 5%, 

levels, respectively. 

Panel A: Means by skill category 

Skill category Directors Board 

All Outside Inside 

Academic 0.075 0.081 0.043 0.365 

Company business 0.253 0.119 1.0 0 0 1.0 0 0 

Compensation 0.082 0.092 0.022 0.375 

Entrepreneurial 0.023 0.025 0.015 0.160 

Finance and accounting 0.340 0.373 0.155 1.0 0 0 

Governance 0.201 0.220 0.095 0.642 

Government and policy 0.089 0.099 0.036 0.408 

International 0.291 0.306 0.207 0.740 

Leadership 0.287 0.274 0.359 0.747 

Legal 0.049 0.053 0.025 0.340 

Management 0.383 0.385 0.377 0.895 

Manufacturing 0.088 0.091 0.077 0.373 

Marketing 0.113 0.114 0.107 0.500 

Outside board 0.130 0.140 0.076 0.504 

Outside executive 0.234 0.214 0.342 0.735 

Risk management 0.060 0.066 0.026 0.276 

Scientific 0.014 0.014 0.015 0.098 

Strategic planning 0.199 0.189 0.251 0.676 

Sustainability 0.016 0.017 0.011 0.097 

Technology 0.140 0.147 0.101 0.519 

Panel B: Correlations 

Variables Number of skills 

Director age 0.021 ∗∗

(0.041) 

Outside directorships 0.072 ∗∗∗

(0.0 0 0) 

(Continued on next page) 
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Table 3 

(Continued) 

Panel C: Committee skill match ratios 

Committee name N Mean Median Standard deviation Min. Max. 

Academic 4 0.308 0.292 0.073 0.250 0.400 

Audit 3216 0.552 0.571 0.274 0 1 

Company business 103 0.161 0 0.265 0 1 

Compensation 3215 0.152 0 0.260 0 1 

Finance 648 0.473 0.500 0.282 0 1 

Governance 3182 0.280 0.200 0.322 0 1 

Government 20 0.253 0.250 0.236 0 0.667 

International 8 0.875 1 0.173 0.667 1 

Leadership 31 0.479 0.333 0.395 0 1 

Legal 15 0.217 0 0.364 0 1 

Marketing 8 0.604 0.500 0.305 0.250 1 

Real estate 3 0.4 4 4 0.333 0.192 0.333 0.667 

Reserves 11 0.389 0.500 0.299 0 0.800 

Risk management 40 0.028 0 0.090 0 0.333 

Scientific 90 0.163 0.127 0.188 0 0.667 

Securities 10 0.463 0.667 0.319 0 0.667 

Strategic planning 152 0.255 0.200 0.277 0 1 

Sustainability 291 0.119 0 0.198 0 0.800 

Technology 113 0.373 0.333 0.325 0 1 

Committee skill match ratio 3218 0.325 0.310 0.186 0 1 

Panel D: Number of words and firm profitability 

ROA N Mean Standard deviation 

Above the median 14,614 68.086 40.705 

Below the median 14,595 64.574 35.257 

Difference 3.511 ∗∗∗

t -statistic (7.869) 

Panel E: Clarity score 

Variable N Mean Median Standard deviation Min. Max. 

Clarity score 6,948 0.624 0.612 0.116 0.333 1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4 ISS only contains information for three committees: audit, compensa- 

tion, and governance and nominating. BoardEx has data on all commit- 

tees. We started with ISS because the names of these three committees 

were already standardized. The same type of committee can appear under 
with the idea that firms’ justifications for hiring directors

change as director or firm circumstances change. To exam-

ine whether the reported skills under Regulation S-K are

informative, we conduct five tests. We report the results of

four tests below. In Appendix C , we examine whether we

can verify at least one reported skill through other sources.

First, we examine whether the number of skills corre-

lates with age and outside directorships. If reported skills

are informative, one would expect people with more direc-

torships to have more reported skills. Also, directors who

are older are likely to have experience in more areas. We

calculate correlations between the number of skills of ev-

ery director and their age and number of outside director-

ships. When calculating the total number of skills per di-

rector, we exclude the “Outside board” category as it is me-

chanically related to the number of directorships. Panel B

of Table 3 shows that the correlations between the number

of skills and age (0.021) and outside directorships (0.072)

are both positive, which suggests that the reported skills

are informative. 

Second, we examine whether the skills simply mirror

the committee assignments directors have. If, for exam-

ple, firms assign “governance” skills to everybody on the

governance committee, and do not assign skills that are

not related to committee membership, then the reported

skills do not provide more information than the commit-

tee memberships already do. To construct the set of com-
mittee memberships for all directors, we start with data

on compensation, audit, and governance and nominating

committee memberships in ISS and supplement it with ad-

ditional committee memberships from BoardEx. 4 Because

firms vary in how they describe committees, we combine

committees that have similar functions and rename them.

Whenever there is a clear match between the function of

a set of committees and the director skills we identify, we

label the set of committees with the name of the skill. For

example, “Antitrust Compliance” and “Special Litigation”

committees perform similar functions that relate to direc-

tors’ “Legal” skills, thus we classify these committees as

“Legal” committees. We identify 37 types of committees in

ISS and BoardEx and combine them into 20 different cate-

gories. Since one of these categories (Chairman committee)

does not occur in our sample, we end with 19 committees.

Three types of committees do not have names that cor-

respond to skills: the Securities, Reserves, and Real Estate

committees. For the purpose of matching skills to commit-

tees, we assign the finance skill to the Securities commit-

tee. Since “Reserves” deals with management of reserves,
different names in BoardEx. 
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Fig. 1. Director and board skills. This figure shows the percentage of directors (firms) with specific skills. For example, the most common skill among 

directors (firms) is management (finance and accounting and company business). Approximately 38% of all directors (grey bars) have management skill and 

all firms (black bars) have at least one director on the board with finance and accounting skill and at least one director with experience in the company’s 

business. Sample characteristics are provided in Table 1 . Sample averages are reported in Table 3 . 
we assign the management skill to the Reserves commit- 

tee. To identify “real estate skills” we search director skill 

descriptions for “real estate” terminology. We then calcu- 

late the percentage of directors on a committee that firms 

describe as having the skill associated with the committee, 

for example, the percentage of directors on the governance 

committee with “governance” skills. 

Panel C of Table 3 shows the number of occurrences of 

committees of a given type in our sample and the commit- 

tee skill match ratio. After 2006, ISS duplicates commit- 

tee information whenever a committee shares tasks (see 

Adams et al., 2015 ). For example, if a firm has one Audit 

and Compensation committee, ISS will report that the firm 

has one Audit committee and one Compensation commit- 

tee with equal membership. This explains why the num- 

ber of compensation and governance committee-years is 

almost as high as the number of audit committee-years in 

our sample. 

All match ratios are below 100%, which illustrates that 

assigned skills do not simply reflect the committees that 

directors are on. For example, in only 28% of firm-years do 

firms assign governance as a skill to directors on the gov- 

ernance committee. The average match ratio over all com- 

mittees is only 32.5%. 
Third, we examine whether firms use director skills to 

window dress poor performance. If this is the case, then 

we expect poorly performing firms to write more about 

their directors. We split our sample of director descrip- 

tions into those belonging to firm-years with above- me- 

dian ROA (14,614 observations) and those belonging to 

firm-years with below-median ROA (14,595 observations) 

and count the average number of words firms use in de- 

scribing the qualities of their directors in each subsample. 

Panel D of Table 3 shows the results. On average, above- 

median ROA firms use 68 words to describe their direc- 

tors and below-median ROA firms use 64.6 words. Thus, if 

anything, above-median ROA firms write more about their 

directors on average. However, the mean difference of 3.5 

words is not economically significant and the standard de- 

viations in the number of words are also fairly similar: 

40.71 and 35.26 for above- and below-median ROA firms, 

respectively. Thus, these univariate results do not suggest 

that relatively better performing firms behave any differ- 

ently in describing their directors’ skills. In unreported ro- 

bustness checks, we find that our main results in this pa- 

per are similar if we restrict our sample to above-median 

ROA firms, which also suggests window dressing is not a 

major concern. 
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Panel A: Director skills

Panel B: Number of skills at the board level
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Fig. 2. Number of skills. We present the number of skills per director and the number of skills represented at the board level in this figure. Panel A is 

for the number of skills at the director level and Panel B is for the number of skills represented at the board level. Panel A is based on 24,747 outside 

director-year and 4462 inside director-year observations. The average director has 3.07 skills in our sample and this decreases to 3.02 for outside directors 

and increases to 3.33 for inside directors. The maximum number of skills possessed by an outside (inside) director is 13 (13). Any director who has a 

skill that is not in our list of 20 skills is classified as having zero skills. Panel B is based on 3218 firm-year observations. The average number of skills 

represented on the board is 10.42. The minimum (maximum) number of skills represented on a board is two (20). Sample characteristics are provided in 

Table 1 . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fourth, we examine whether firms attribute the same

skills to directors with multiple directorships. There are

1295 directors in our sample with more than one direc-

torship within our sample firms. The average number of

within-sample directorships that these directors have is

2.13. We examine how different firms report the skills as-

sociated with the same director. If the disclosure is infor-

mative, then we do not expect firms to report exactly the
same skills for the same individual as this would mean

that firms simply copy directors’ biographies without con-

sidering which skills they deem relevant. On the other

hand, if there is no overlap in reported skills then the re-

ported experience is also not very informative, or at least

highly subjective. 

To compare firms’ descriptions, we calculate a “clarity

score” for directors on more than one board. In calculating
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Table 4 

Factor analysis. 

This table reports the results of factor analysis based on 18 experience categories (we do not use finance and accounting and 

company business categories as there is no variation, i.e., all boards have at least one director with experience in either finance 

and accounting or company business). We present unrotated factor loadings on the first four factors using the maximum likelihood 

method in the first four columns and the iterated principal factor method in the last four columns. Factor loadings less than |0.10| 

are set to blank. Sample characteristics are provided in Tables 1 and 3 . 

Maximum likelihood Iterated principal factor 

Experience categories Factor 1 Factor 2 Factor 3 Factor 4 Factor 1 Factor 2 Factor 3 Factor 4 

Eigenvalue 1 .694 0 .653 0 .542 0 .275 1 .745 0 .623 0 .448 0 .271 

Percentage explained 53 .54 20 .65 17 .12 8 .69 56 .55 20 .18 14 .50 8 .77 

Academic 0 .215 0 .129 0 .198 0 .160 

Compensation 0 .394 0 .151 −0 .313 0 .417 −0 .187 −0 .233 0 .120 

Entrepreneurial 

Governance 0 .432 0 .150 −0 .331 0 .457 −0 .207 −0 .249 

Government and policy 0 .620 −0 .451 0 .105 0 .459 −0 .295 0 .425 −0 .102 

International 0 .333 0 .232 0 .279 0 .380 0 .288 −0 .109 

Leadership 0 .280 0 .156 0 .319 

Legal 0 .186 −0 .220 −0 .192 0 .127 −0 .339 

Management 0 .237 0 .124 0 .266 

Manufacturing 0 .250 0 .284 0 .188 −0 .124 0 .312 0 .272 −0 .124 

Marketing 0 .234 0 .294 −0 .156 0 .297 0 .220 −0 .175 −0 .135 

Outside board 0 .344 0 .140 0 .309 0 .370 0 .295 

Outside executive 0 .155 0 .102 0 .186 0 .285 0 .181 0 .170 0 .148 0 .280 

Risk management 0 .315 −0 .118 0 .325 −0 .112 

Scientific 0 .188 0 .126 0 .176 0 .211 0 .189 

Strategic planning 0 .363 0 .173 −0 .115 0 .399 −0 .124 

Sustainability 0 .288 0 .275 0 .126 

Technology 0 .162 0 .123 0 .243 0 .184 0 .238 0 .117 

5 Due to the binary nature of our skill variables, we obtain factors 

based on a tetrachoric correlation matrix in a robustness test following 

the recommendations of Panter et al. (1997) . We obtain similar factors 

and have confirmed that our results in the remainder of the paper are 

robust to using factors based on the tetrachoric correlation matrix. 
this score, we exclude the “Company business” category, as 

this category would differ across firms almost automati- 

cally. We illustrate the clarity score using an example: If 

a director is on three boards, and 2/3 of the descriptions 

report skill A, 1/3 reports skill B, and 2/3 reports skill C, 

then the clarity score is the average of 2/3, 1/3, and 2/3. 

Thus, the clarity score will be positive and has a maximum 

value of one, which would indicate perfect overlap. Panel 

E of Table 3 shows that the average clarity score is 0.624. 

If we exclude insiders, the clarity score is slightly higher 

with a mean of 0.632. On average, firms do not simply re- 

port directors’ biographies, but there is still some overlap 

in the skills that they assign to directors. 

3. The main dimension along which boards vary with 

respect to skill 

A natural question is whether certain skills appear to- 

gether on the board. An unreported correlation matrix for 

the 20 board-level skills suggests some skills do cluster. 

For example, boards that have risk management skills are 

more likely to also have at least one director with gov- 

ernance skills, but less likely to have a director with en- 

trepreneurial skills. Our setting is similar to the setting 

in Kaplan et al. (2012) and Kaplan and Sorensen (2017) , 

who have data on 30 characteristics and abilities of CEOs 

in private equity transactions. They use factor analysis to 

describe the main dimensions of variation between these 

characteristics. We follow their example to determine the 

main dimensions along which board-level skills vary. We 

exclude finance and company business skills from this 

analysis because all companies have them and there is no 

variation in these skills. 
In the first four columns of Table 4 we report the result 

of factor analyses using the maximum likelihood method 

(ML). In the last four columns we report the results us- 

ing the iterated principal factor method (IPF), which, un- 

like ML, does not require the assumption of multivariate 

normality. We only report factor loadings above 0.1 or be- 

low −0.1. The results are very similar using both methods. 

The first factor has positive loadings on virtually all 

classifications. This shows that some boards possess many 

classifications, while others do not. So the main dimension 

along which boards vary is in their skill diversity. 

Similar to the factor analysis of managerial skills in 

Custodio et al. (2013) , the eigenvalues are not very high, 

with only the eigenvalue of the first factor being above 

one. As the eigenvalue of the first factor is more than dou- 

ble the eigenvalue of the second factor, we focus on the 

first factor, indicating the diversity of skills that are avail- 

able on the board, which captures about 53.5% of the vari- 

ation in skills. 5 

4. Skill diversity and firm performance 

Our factor analysis indicates that the diversity of skills 

on a board is the primary dimension among which boards 

of directors vary. Organizational research emphasizes that 

diversity of skills might be beneficial in decision-making 

as it brings greater resources to problem-solving and could 
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7 We also examine the role of committees in characterizing skills us- 

ing two variations on the number of skills. First, we assign a director any 
lead to a more complete analysis of an issue ( Milliken and

Martins, 1996; O’Reilly and Williams, 1998 ). However, dif-

ferent personal and professional backgrounds may lead to

different ways in which team members interpret informa-

tion and to multiple representations of a problem ( Beers

et al., 20 06; Hambrick, 20 07 ). Misunderstandings and dis-

agreement can then threaten effective decision-making

processes within multidisciplinary teams. For example,

Garlappi et al. (2017) show that when directors have het-

erogeneous priors, boards may underinvest in multi-stage

projects because they anticipate future disagreement. In

their model, security issuance can help alleviate the un-

derinvestment problem. Changing board composition may

also work. Murray (1989), Knight et al. (1999), Pelled et al.

(1999) , and Simons et al. (1999) argue that having common

ground among group members can overcome some of the

problems of heterogeneous teams. 

Since there may be advantages and disadvantages to

having more diversity of skills on a team, it is an empirical

question how director skill diversity relates to performance

on average. 

4.1. The relationship between the factors and firm 

performance 

We examine the relation between firm performance

and the first factor from both our ML and IPF factor anal-

ysis in Table 5 . We regress our proxy for Tobin’s Q on

our factors and a set of controls that are common to

governance performance regressions (e.g., Yermack, 1996;

Adams and Ferreira, 2009; Faleye et al., 2018 ). As gover-

nance controls we include variables that plausibly relate

to both performance and skills. For example, we expect

the number of skills to be positively related to board size

and board independence. As the number of committees

increases, firms might also add more directors with rele-

vant skills to their board. 6 As the diversity literature ar-

gues (e.g., Milliken and Martins, 1996 ), skill diversity may

affect communication, so we include the logarithm of the

number of board meetings. 

As firm-level controls, we include the logarithm of as-

sets as a proxy for firm size, the number of segments as a

proxy for diversification, capital expenditures, ROA, volatil-

ity, and the natural logarithm of firm age. We provide the

exact definitions of the control variables in Appendix A .

All models include two-digit SIC code industry effects and

year fixed effects and the standard errors are corrected

for potential heteroskedasticity and clustering at the firm

level. 

Column 1 of Table 5 shows that the ML diversity of

skills factor is negatively related to the firm’s Tobin’s Q .

This relation is robust to controlling for other firm char-

acteristics, as can be seen in Column 2, and to the use of

the IPF factor method, as can be seen in Columns 3 and

4. The coefficients on the firm-level controls are generally
6 We use the number of committees in ISS plus any additional commit- 

tees from BoardEx as our measure of the number of committees. As we 

discuss in Section 2.3 , this measure can more naturally be interpreted as 

a measure of the number of key committee tasks. Results are robust to 

excluding the number of committees. 
consistent with previous literature. The negative coefficient

on board meetings is consistent with Vafeas (1999) , for ex-

ample. 

4.2. Measuring the diversity of skills 

Factor analysis is sometimes unappealing because it is

difficult to assess the economic magnitudes of coefficients

on factors. It is also difficult to make the arguments nec-

essary for instrument validity in an instrumental variable

(IV) analysis when the endogenous variable is a factor.

Thus, we examine whether the factor has a more intuitive

counterpart in the data. An obvious choice is to simply

count the number of skills that are represented on a board.

The typical firm has ten different skills on the board in a

given year. In unreported results, we show that the corre-

lations between the number of skills and the ML and IPF

factors are 0.921 and 0.967, respectively. Columns 5 and 6

of Table 5 confirm our finding from the factor analysis that

the number of skills and Tobin’s Q are negatively related.

Thus, the number of skills seems to capture the essential

meaning of the factor. 7 

4.3. Potential reverse causality 

While the results from Table 5 suggest that there is a

negative correlation between skill diversity and firm per-

formance, we cannot immediately give this relationship

a causal interpretation because of potential endogeneity

problems due to reverse causality. It is plausible, for exam-

ple, that underperforming firms look for more skill diver-

sity on their boards to get different advice. Another poten-

tial concern is that underperforming firms engage in win-

dow dressing by making their directors appear more tal-

ented than they really are. These arguments would predict

a negative relationship between performance and skills. On

the other hand, it is also possible that poorly performing

firms have other concerns and pay less attention to the

new regulation as a result. This argument would predict

a positive relationship between performance and skills.

Without a better understanding of how directors match to

firms, it is difficult to sign the bias in the ordinary least

squares (OLS) results. We attempt to formally address this

concern in our set-up using an instrumental variable anal-

ysis. 

We use two instruments whose summary statistics are

provided in Appendix D . Since both instruments are time-

invariant, we conduct our IV analysis for the 2010 cross-

section only. 

For our first instrument, we exploit the fact that the

amendments to Regulation S-K include a requirement in
of the 20 skills belonging to committees on which he sits and that are 

missing from his skill description. For example, the director may sit on 

the finance committee, but the firm did not mention that he has finance 

skills. For the second measure, we exclude from a director’s skill descrip- 

tions any skill that matches to a committee on which he sits. We then use 

these director-level measures to reconstruct the board-level number of 

skills. Our performance regressions yield similar results with these varia- 

tions. 
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Table 5 

Tobin’s Q , factor analysis, and the IV regression. 

We present the results of Tobin’s Q regressions on the first factors and on the number of skills in this table. The dependent variable is Tobin’s Q in 

all models. Factor 1 in the first two columns (Columns 3 and 4) is from the maximum likelihood estimation method (ML) (iterated principal factor 

method (IPF)). In Column 5 we regress Tobin’s Q on the number of skills at the board level and add control variables in Column 6. In Column 7, we 

use the instrumented number of skills and repeat the same model in Column 6 using the two-stage-least-squares method (2SLS) and using only 

the 2010 data. We report the coefficients from the first-stage on the instruments near the end of Column 7. All variables are defined in Appendix A . 

Sample characteristics are provided in Table 1 . We control for year fixed effects as well as industry effects by including industry dummies based 

on two-digit SIC codes. T -statistics are reported in parentheses below coefficient estimates and are based on heteroskedasticity corrected standard 

errors. Standard errors are clustered at the firm level. ∗∗∗ , ∗∗ , ∗ indicate statistical significance at the 1%, 5%, and 10% levels, respectively. 

Variables 

ML method IPF method Number of skills 

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

Factor 1 −0 .110 ∗∗∗ −0 .063 ∗∗ −0 .106 ∗∗∗ −0 .060 ∗∗

(−3 .73) (−2 .49) (−3 .55) (−2 .32) 

Number of skills −0 .030 ∗∗∗ −0 .016 ∗∗ −0 .212 ∗

(−3 .45) (−2 .23) (−1 .83) 

Log of total assets −0 .009 −0 .011 −0 .011 0 .020 

(−0 .48) (−0 .55) (−0 .59) (0 .58) 

ROA 7 .973 ∗∗∗ 7 .976 ∗∗∗ 7 .976 ∗∗∗ 7 .349 ∗∗∗

(20 .06) (20 .09) (20 .08) (12 .64) 

Capital expenditures −0 .105 −0 .108 −0 .101 −0 .725 

(−0 .37) (−0 .38) (−0 .35) (−1 .07) 

Business segments −0 .028 ∗∗ −0 .028 ∗∗ −0 .028 ∗∗ 0 .005 

(−2 .19) (−2 .19) (−2 .17) (0 .20) 

Log of firm age −0 .087 ∗∗∗ −0 .086 ∗∗∗ −0 .086 ∗∗∗ −0 .098 

(−2 .74) (−2 .71) (−2 .69) (−1 .60) 

Volatility 0 .128 0 .118 0 .128 1 .102 

(0 .30) (0 .28) (0 .31) (1 .51) 

Board size −0 .007 −0 .007 −0 .007 0 .062 

(−0 .60) (−0 .64) (−0 .64) (1 .10) 

Board independence −0 .135 −0 .134 −0 .154 0 .603 

(−0 .72) (−0 .71) (−0 .82) (1 .31) 

Board committees 0 .017 0 .016 0 .015 0 .123 ∗∗

(0 .59) (0 .57) (0 .55) (1 .97) 

Board meetings −0 .013 ∗∗∗ −0 .012 ∗∗∗ −0 .012 ∗∗∗ −0 .013 

(−3 .05) (−3 .03) (−3 .01) (−1 .64) 

CEO age −0 .009 ∗∗∗ −0 .009 ∗∗∗ −0 .009 ∗∗∗ −0 .019 ∗∗∗

(−3 .00) (−3 .02) (−3 .01) (−3 .26) 

Constant 1 .889 ∗∗∗ 1 .825 ∗∗∗ 1 .887 ∗∗∗ 1 .841 ∗∗∗ 2 .195 ∗∗∗ 2 .026 ∗∗∗ 2 .646 ∗∗∗

(60 .45) (7 .20) (60 .31) (7 .23) (23 .51) (8 .04) (4 .16) 

1st stage – time since announcement 0 .003 ∗∗

(2 .17) 

1st stage – airport proximity dummy 2 .218 ∗∗∗

(3 .04) 

Year fixed effects Yes Yes Yes Yes Yes Yes Yes 

Industry fixed effects Yes Yes Yes Yes Yes Yes Yes 

Adjusted R -squared 0.132 0.471 0.131 0.471 0.130 0.471 0.183 

N 3218 3218 3218 3218 3218 3218 736 
Item 407(c)(vi) for firms to disclose how they consider 

diversity in the director nomination process. Item 407(c) 

does not specify the type of diversity the regulation per- 

tains to. 8 Since it was bundled with Item 401(e) concern- 

ing disclosure of director skills, it is plausible that firms 

interpreted 407(c) as pressure to increase skill diversity on 

the board. If so, we might expect firms with more time to 

incorporate Regulation S-K’s requirements to attempt to in- 

crease diversity by appointing new directors to the board. 

Fig. 3 provides some evidence consistent with our expecta- 

tions: the proportion of firms appointing new directors in 

a given proxy month is higher the later the month occurs 
8 In 2015, nine pension funds petitioned the SEC to add disclosure 

about gender, race, and ethnicity diversity to Regulation S-K ( https:// 

www.nctreasurer.com/inv/Resources/ProxyRuleAmendmentPetition.pdf ). 
relative to the passage of Regulation S-K. Thus, we define 

our instrument to be the number of days between the day 

the 2009 amendments to Regulation S-K were passed and 

the filing of the firm’s proxy statement in 2010. Based on 

the evidence in Fig. 3 , we expect this instrument to be cor- 

related with the number of skills on the board. 

On the other hand, we believe it is unlikely that the 

number of days between Regulation S-K and the proxy fil- 

ing is correlated with firm performance in 2010, as long as 

the proxy filing date does not change in response to poor 

performance. We collect proxy filing dates for 2009 and 

2010 from the SEC’s Electronic Data Gathering, Analysis, 

and Retrieval system (EDGAR) and examine whether there 

were any changes in the dates. Fig. 4 shows the distribu- 

tion of changes between the two years. As is evident from 

the figure, most changes occur in the −1, 0, + 1, day range, 

which is reasonable if annual meetings are held close to or 

https://www.nctreasurer.com/inv/Resources/ProxyRuleAmendmentPetition.pdf
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Fig. 3. New directors. We examine new director nominations in this figure. There are 390 new director nominations in our sample of 736 firms in 2010. 

The horizontal axis is the number of months between the proxy statement date and the Regulation S-K rule announcement date (December 16, 2009). The 

left vertical axis shows the number of new directors per firm after the rule announcement date. The right vertical axis shows the percentage of firms with 

proxy statements within a particular month that had new directors. For example, out of 273 firms that had proxy statements four months after the rule 

announcement date, there were 122 new directors which corresponds to 0.45 new directors per firm (left axis) and 32.23% of those 273 firms had at least 

one new director (right axis). 
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Fig. 4. Proxy filing dates. The figure below examines whether firms in our sample (736 firms) filed their proxies on the same calendar day and month 

in 2010 relative to their most recent pre-2010 proxy filing date and shows the frequency distribution of the difference between the 2010 proxy statement 

filing date and the most recent pre-2010 proxy filing date. The vertical axis is the number of proxy statements and the horizontal axis is the difference 

in days between proxy filing dates. The first number (last number) on the horizontal axis is the frequency of 2010 proxy filings that occurred 31 or more 

days before (after) the calendar day and month of the most recent pre-2010 proxy filing. 
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on the weekend and firms send their proxy statements out 

a fixed number of days before the meeting. 9 

The second instrument is a dummy if a firm is within 

70 miles (roughly an hour’s travel distance away) of an 

airport hub—an airport that handles over 1% of annual 

passenger boardings according to the Federal Aviation 

Authority ( http://www.faa.gov/airports/planning _ capacity/ 

passenger _ allcargo _ stats/categories/ ). The rationale for this 

instrument is that firms are less constrained in choosing 

directors when it is easy for them to attend board meet- 

ings and this may lead to an increase in skills on the board. 

Of course, distance to the airport may be directly corre- 

lated with firm performance because it may affect firms’ 

transportation networks. But we believe that to a large 

extent this effect should be controlled for by other vari- 

ables in our regression, for example, firm size, diversifica- 

tion (i.e., the number of segments), and industry. 

Column 7 of Table 5 shows the results of the sec- 

ond stage of the IV regression of the specification in Col- 

umn 6. We report the coefficient on the instruments from 

the first-stage regression at the bottom of the table. The 

first-stage coefficients on our instruments have the ex- 

pected signs and are statistically significant. However, the 

Kleibergen–Paap Wald statistic (7.98) is mid-way between 

the Stock–Yogo cutoffs for 25% (7.25) and 20% (8.75) maxi- 

mal IV size, which suggests the magnitudes of our second- 

stage coefficients are still biased. 10 

To gain confidence that the bias does not affect the sign 

of the coefficient on the number of skills, we substitute 

the instruments for the number of skills in the Tobin’s Q 

regression in Column 6 of Table 5 . Under the assumption 

that the instruments are exogenous, the coefficients on the 

instruments in this reduced form are consistent estimates 

of the population coefficient on the number of skills mul- 

tiplied by the coefficients on the instruments in the first- 

stage regression. The coefficients on both instruments in 

the reduced form are negative. Since the coefficients on the 

instruments in the first stage are both positive, we infer 

that under our assumptions the “true” coefficient on the 

number of skills is indeed negative. 

In the second-stage IV regression, the coefficient on the 

number of skills is negative. The coefficient is also more 

negative than in the OLS regressions. This suggests that the 

bias is positive [see the expression for the OLS bias in, e.g., 

Adams et al. (2009) ], i.e., poorly performing firms appear 

to focus on skills rather than seek out greater skill diversity 

for their directors. Because the coefficients on the number 

of skills are negative in both OLS and IV specifications, we 

interpret our results as suggestive of a negative causal ef- 

fect of skill diversity on performance. 

From Column 7, a one standard deviation increase in 

the number of skills (2.928) is associated with a 32.26% 
9 To ensure our results are not sensitive to firms changing their an- 

nual meeting dates, we drop firms with more than 14 days difference in 

the proxy filing date between 2009 and 2010 (16.17% of the sample). The 

results are consistent with the results using the full sample and are avail- 

able upon request. 
10 We also conduct endogeneity and overidentification tests. We reject 

the null that the number of skills is exogenous in the Tobin’s Q regres- 

sion at the 10% level. We cannot reject the null that the overidentifying 

restrictions hold ( p -value of 0.26). 
reduction in Tobin’s Q at the mean. This is clearly too large 

and confirms our suspicion that the IV results may be con- 

sistent but not unbiased. The economic magnitude of skills 

in Column 6 is −2.44%. Since the IV results are more neg- 

ative than the OLS results, one way to interpret the eco- 

nomic magnitudes is to take −2.44% as an upper bound 

for the effect of the number of skills on performance. Since 

this effect is arguably already economically significant, our 

results suggest that skill diversity is economically impor- 

tant. 

5. Common ground in director skills 

We document that diversity is the main dimension 

along which boards vary with respect to skill. An impor- 

tant question is what drives the negative relationship be- 

tween skill diversity and performance. A potential expla- 

nation for this finding is the importance of having com- 

mon ground in the boardroom, i.e., the need for direc- 

tors to share skills in order to be able to communicate 

effectively. We examine this potential mechanism in two 

ways. 

First, we construct a direct measure of skill overlap 

between directors and examine how it relates to per- 

formance. Although the number of skills is likely to be 

negatively related to common ground in the boardroom, 

it is not a perfect measure because it is possible that 

some boards have directors who have many skills in com- 

mon. Second, we examine whether boards with greater 

skill diversity try to focus their skills through director 

turnover. 

One difficulty we face in the latter analysis is that Reg- 

ulation S-K can be interpreted to be a push for greater di- 

versity. The evidence from Fig. 3 and our IV strategy is con- 

sistent with this idea. The fact that Regulation S-K is at the 

center of current calls for greater gender and racial board 

diversity (see, e.g., SEC Chair Mary White’s keynote speech 

( White, 2016 )) is also consistent with this idea. Thus, firms 

with low common ground may not have been as free to 

refocus their skills in this time period as they might oth- 

erwise have. Nevertheless, as we document below our ev- 

idence is suggestive that firms with low common ground 

attempt to focus skills. 

5.1. Measuring common ground 

To measure the concentration of skills among directors, 

we use the Blau index. We compute the board-level Blau 

index ( Blau, 1977 ) as 1–�p i 
2 , where p is the proportion of

total director skills (the sum of all skills of all directors) 

in the k th skill category. By construction, the Blau index is 

between zero and (K–1)/K, where K is the maximum num- 

ber of skills, which in our case provides a theoretical max- 

imum of 19/20. A high Blau score indicates a low concen- 

tration of skills among directors and low levels of common 

ground. 

Communication problems between insiders and out- 

siders may be particularly important for decision-making. 

Accordingly, we also calculate an inside-outside Blau index 

that measures the concentration of skills between insiders 

and outsiders. To calculate the insider-outsider index, we 

http://www.faa.gov/airports/planning_capacity/passenger_allcargo_stats/categories/
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11 https://www.spencerstuart.com/ ∼/media/pdf%20files/research% 

20and%20insight%20pdfs/ssbi-2015 _ 110215-web.pdf?la=en 
treat all insiders as one individual with the combined skills

of the insiders and we treat all outsiders as an individual

with the combined skills of the outsiders and use the Blau

formula. Panel A of Table 6 shows descriptive statistics for

the Blau indices. 

The Blau score is on average 0.853, with a minimum

of 0.142. The average inside-outside Blau score is slightly

higher (0.884). Panel B of Table 6 shows the correlation

between the Blau scores, the ML and IPF factors, and the

number of skills. The correlations are quite high. The cor-

relations of the Blau score with the factors and the number

of skills range from 0.727 to 0.809. The correlations of the

inside-outside Blau scores with the factors and the number

of skills range from 0.804 to 0.891. 

Panel C shows the results of replicating our OLS perfor-

mance regressions using the Blau scores instead of the fac-

tors and the number of skills. Consistent with our previous

results, the coefficients on the Blau scores are negative in

all specifications and significant except for inside-outside

Blau in Column 4. The difference between these results

and our previous ones, however, is that we can interpret

the coefficients in terms of common ground. These results

suggest that skill diversity leads to less effective decision-

making because directors have less common ground (as

measured by skill overlap). 

5.2. The value of common ground 

Our evidence suggests that directors are bundles of skill

characteristics. This means firms may not be able to opti-

mize over every skill dimension. If firms appoint a particu-

lar director because he or she is a finance expert, for exam-

ple, that director will come with other skills that the firm

may not need or that make communication with other di-

rectors difficult. Trying to find another director without

those skills may not be feasible in the short run. In the

long run, frictions in communication may lead these direc-

tors to leave the board more quickly either voluntarily or

because the firm asks them to. 

To gain further insight into the channel through which

skill diversity may affect performance, we examine the

market reaction to departures and additions of directors,

what types of directors leave boards, what types of direc-

tors join, and how these changes affect the overall balance

of skills on the board. 

5.2.1. The market reaction to skills 

In Table 7 , we estimate a market model in a ( −2, + 2)

window around director departures and appointments. We

use the CRSP value-weighted index returns to proxy for

market returns and estimate the parameters of the normal

performance model using a ( −255, −46) estimation period.

To ensure we can attribute the market reaction to partic-

ular directors we only allow director departures and ad-

ditions to enter our event sample if no other director de-

parts or joins the board on the same day. We also exclude

event dates that coincide with proxy filing dates and de-

partures of directors who might be considered to be retir-

ing from board service. In the Spencer Stuart U.S. Board In-

dex in 2015, the mandatory retirement age is 72 and above
in 94% of companies. 11 Thus, we exclude all departures of

directors at or above the age of 72. Our final sample con-

sists of 343 departures and 618 additions to the board. 

Panel A of Table 7 shows the average cumula-

tive abnormal returns (CARs) around director departures

and appointments. Consistent with previous studies (e.g.,

Shivdasani and Yermack, 1999; Ferris et al., 2003; Fich,

2005 ), the mean reaction to board changes is statistically

insignificant. In Panel B, we examine the market reaction

to departures and appointments of directors who may con-

tribute to a lack of common ground by having skills that

no other director on the board shares, which we label

“unique” skills. In Panels C and D, we examine the aver-

age market reaction in firms with departures of directors

with greater and less than the median number of skills and

greater and less than median Blau index values. 

The mean market reactions to director appointments

remain insignificant. One reason may be that director ap-

pointments are often anticipated and it is hard to know

exactly when the information about the appointments be-

comes public. But if director appointments are anticipated

to a similar extent in all subsamples, comparing mean

market reactions may still be informative. Panels B and C

suggest, for example, that the market may value depar-

tures of directors whose skill sets contribute to a lack of

common ground. The market reaction to the departure of

directors with unique skills is 0.96% more positive than the

market reaction to departures of directors without unique

skills, a difference that is statistically significant at the 10%

level. Similarly, the market reaction to the departure of di-

rectors with above-median number of skills is 0.82% more

positive than the market reaction to departures of direc-

tors with below-median number of skills, a difference that

is also statistically significant at the 10% level. 

5.2.2. Skills and director departure and additions 

If mismatches in skill sets are problematic for boards,

we might expect directors with unique skills to be more

likely to leave the board if firms do not feel too much pres-

sure to retain them for diversity reasons. Between 2010

and 2012, 1478 directors depart their directorships at our

sample firms. We examine the relationship between the

likelihood of director departure and unique skills in Panel

A of Table 8 . 

In the sample of directorships we regress a dummy that

is equal to one if a director leaves the position during the

year on various measures of unique skills and director-,

board-, and firm-level variables that we believe are plau-

sibly related to skills and the likelihood of departure. The

director-level characteristics we include are independent

director and female dummies, the number of outside board

seats directors have, director tenure, and a dummy that is

equal to one if the director is a member of the audit com-

mittee. We control for retirements by including a retiring

director dummy that is equal to one if the director is 72 or

older. The board-level controls we include are board size

and a dummy that is equal to one if the board is classified.

https://www.spencerstuart.com/~/media/pdf%20files/research%20and%20insight%20pdfs/ssbi-2015_110215-web.pdf?la=en
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Table 6 

Tobin’s Q and common ground. 

We report summary statistics for the common ground proxies in Panels A and B, and the results of re- 

gressions that show how the common ground proxies are related to Tobin’s Q in Panel C. Our first common 

ground proxy is the Blau score. The Blau score is our measure of concentration of skills among directors 

and calculated as 1–�p i 
2 ( Blau, 1977 ). By construction, the Blau index is between zero and (K–1)/K where 

K is the maximum number of skills, which in our case provides a theoretical maximum of 19/20. A high 

Blau score indicates a low concentration of skills among directors, and thus low levels of common ground. 

Our second common ground proxy is the inside-outside Blau score. This measure is calculated similar to 

the Blau score by treating inside and outside directors as separate groups. The numbers in parentheses 

underneath the correlations in Panel B are p -values. Factor 1 (ML) (Factor 1 (IPF)) is the factor from the 

maximum likelihood estimation method (iterated principal factor method). Number of skills is the number 

of skills represented on the board. The dependent variable in Panel C is Tobin’s Q in all models. All variables 

are defined in Appendix A . Sample characteristics are provided in Table 1 . We control for year fixed effects 

as well as industry effects by including industry dummies based on two-digit SIC codes. T -statistics are re- 

ported in parentheses below coefficient estimates in Panel C and are based on heteroskedasticity corrected 

standard errors. Standard errors are clustered at the firm level. ∗∗∗ , ∗∗ , ∗ indicate statistical significance at 

the 1%, 5%, and 10% levels, respectively. 

Panel A: Summary statistics 

Variables Mean Median Standard deviation Min. Max. 

Blau score 0.853 0.867 0.055 0.142 0.931 

Inside–outside Blau score 0.884 0.893 0.042 0.4 4 4 0.944 

Panel B: Correlations 

Variables Factor 1 (ML) Factor 1 (IPF) Number of skills 

Blau score 0.727 ∗∗∗ 0.785 ∗∗∗ 0.809 ∗∗∗

(0.0 0 0) (0.0 0 0) (0.0 0 0) 

Inside–outside Blau score 0.804 ∗∗∗ 0.859 ∗∗∗ 0.891 ∗∗

(0.0 0 0) (0.0 0 0) (0.0 0 0) 

Panel C: Regressions 

Blau Inside–outside Blau 

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

Blau −1 .256 ∗∗ −0 .729 ∗

(−2 .51) (−1 .96) 

Inside–outside Blau −1 .799 ∗∗∗ −0 .778 

(−2 .74) (−1 .47) 

Log of total assets −0 .013 −0 .012 

(−0 .66) (−0 .65) 

ROA 7 .975 ∗∗∗ 7 .977 ∗∗∗

(20 .05) (20 .02) 

Capital expenditures −0 .117 −0 .107 

(−0 .41) (−0 .37) 

Business segments −0 .028 ∗∗ −0 .028 ∗∗

(−2 .20) (−2 .19) 

Log of firm age −0 .087 ∗∗∗ −0 .088 ∗∗∗

(−2 .74) (−2 .76) 

Volatility 0 .101 0 .127 

(0 .24) (0 .30) 

Board size −0 .012 −0 .010 

(−1 .04) (−0 .89) 

Board independence −0 .166 −0 .159 

(−0 .89) (−0 .84) 

Board committees 0 .014 0 .013 

(0 .49) (0 .45) 

Board meetings −0 .012 ∗∗∗ −0 .012 ∗∗∗

(−3 .03) (−2 .99) 

CEO age −0 .009 ∗∗∗ −0 .009 ∗∗∗

(−3 .00) (−2 .97) 

Constant 2 .962 ∗∗∗ 2 .553 ∗∗∗ 3 .479 ∗∗∗ 2 .599 ∗∗∗

(6 .94) (6 .58) (6 .01) (5 .34) 

Year fixed effects Yes Yes Yes Yes 

Industry fixed effects Yes Yes Yes Yes 

Adjusted R -squared 0.128 0.471 0.128 0.470 

N 3218 3218 3218 3218 
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Table 7 

Market reaction. 

We present the market’s reaction to director departures and additions in this table. We estimate the abnormal 

returns over a five-day window ( −2, + 2) using the market model benchmark returns with the CRSP value-weighted 

index returns. The parameters for the market model are estimated over the ( −255, −46) period relative to the 

announcement date. In calculating the abnormal returns for departing directors, we eliminate a departure from the 

analysis if there are multiple director departure announcements on the same day, if the director is 72 or above, 

and if the director departure announcement is first reported in the proxy statement. For joining directors, we have 

the same filters except that we do not impose an age restriction on them. We also eliminate extreme cumulative 

abnormal returns from the analysis based on the 1st and 99th percentiles. Only director departures and additions 

between 2010 and 2012 are used in the analysis below. There are 343 departing directors and 618 joining directors 

in our sample. CARs for the whole sample are in Panel A. We split the sample into two based on whether the 

director has any unique skills in Panel B. In Panel C, we divide the sample into two based on whether the number 

of skills the director has is more than the sample median (based on 29,209 director-years). In Panel D, we split 

the sample based on whether the director is departing from or joining a firm whose Blau is less or more than 

the median Blau of the sample (3218 firm-years). P -values for the mean and median in Panel A are based on the 

one-sample t -test and one-sample median test, respectively. P -values for the differences are based on the two- 

independent sample t -test for the means and Wilcoxon-Mann Whitney test for the medians. ∗ indicates statistical 

significance at the 10% level. 

Departing directors Joining directors 

Subsample N Mean Median N Mean Median 

Panel A: Whole sample 

CAR (%) 343 −0 .122 −0 .146 618 0 .164 0 .090 

p -value (0 .617) (0 .732) (0 .387) (0 .479) 

Panel B: Unique skills dummy 

CAR (%) No unique skills 241 −0 .409 −0 .428 421 0 .061 0 .104 

CAR (%) At least one unique skill 102 0 .555 0 .359 197 0 .385 0 .041 

Difference −0 .964 ∗ −0 .788 ∗ −0 .324 0 .063 

p -value (0 .071) (0 .095) (0 .426) (0 .933) 

Panel C: Number of skills 

CAR (%) Less than the median 147 −0 .588 −0 .600 264 0 .149 0 .196 

CAR (%) Greater than the median 196 0 .227 0 .058 354 0 .175 0 .049 

Difference −0 .815 ∗ −0 .658 −0 .026 0 .147 

p -value (0 .098) (0 .325) (0 .945) (0 .710) 

Panel D: Blau 

CAR (%) Less than the median 156 −0 .286 −0 .466 266 0 .096 −0 .071 

CAR (%) Greater than the median 187 0 .014 −0 .097 352 0 .215 0 .199 

Difference −0 .300 −0 .368 −0 .119 −0 .270 

p -value (0 .541) (0 .970) (0 .757) (0 .533) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

We include the log of total assets and ROA as firm-level

controls. All specifications include year and firm fixed ef-

fects. We cluster all standard errors at the firm level. 

Our analysis of the market reaction to director depar-

tures suggests that director changes in firms with above-

median Blau indices are on average neutral events (see

Panel D of Table 7 ). From Column 1 of Panel A of Table 8 ,

it appears as if the Blau index is on average also not cor-

related with the likelihood of director departure. But this

result appears to be driven by the fact that we treat direc-

tors of different types the same in Column 1. In Column 2,

we add the number of unique skills a director has (Unique

skills) as well as the interaction between the Blau index

and Unique skills to the regression. The negative coeffi-

cient on Unique skills is consistent with the idea that firms

may have felt pressure to retain directors who enhanced

their skill diversity. However, the positive and significant

interaction term suggests that directors with more unique

skills have greater turnover on boards with low common

ground. Results are similar if we replace Unique skills with

the dummy for unique skills (Column 3) or the fraction of

skills that are unique (Column 4). 

The results in Panel A of Table 8 suggest that mis-

matches in skill sets may be particularly problematic on
boards with low common ground. If the unique skills of

departing directors are valuable, we would expect firms to

try and replace them. But if the departure of unique direc-

tors is partly driven by mismatches in director skill sets,

we would expect firms to try to focus their boards’ skill

sets. We examine the net effect of departures in a sam-

ple of departures for which the number of directors join-

ing the firm is the same as the number of directors leaving

the firm (including retiring directors) in a given year. 

We identify 275 directors whose departures are paired

with new additions to the board. Panel B of Table 8 shows

summary statistics for the number of unique skills and the

number of skills for departing and joining directors for the

full sample and for above- and below-median Blau firms.

Results for the other measures of unique skills are similar.

Since departures occur in different years in different firms,

we calculate the median of the Blau index using the entire

sample of firm-years. We label the means for departing di-

rectors with one, two, or three stars when the differences

in means between departing and joining directors are sta-

tistically significant at greater than the 10%, 5%, or 1% lev-

els in a paired t -test. 

Consistent with the idea that it may be difficult for

firms to optimize the skills of their directors along all di-
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Table 8 

Unique skills and board changes. 

In this table, we examine the relationship between unique skills and board changes. In Panel A, we examine how having a unique skill affects 

the likelihood of leaving the board. The dependent variable is a dummy variable equal to one if the director leaves the firm during the year 

and zero otherwise. All models are estimated using OLS and only director departures between 2010 and 2012 are used in the analysis. We have 

1478 departing directors between 2010 and 2012. Additionally, newly joined directors are excluded from the analysis (for example, a director 

who joins a firm in 2010 is excluded from the analysis in 2010 but included in the remaining years). Directors with missing skill descriptions 

are also excluded from the analysis. All variables are defined in Appendix A . We control for year and firm fixed effects in all models. T -statistics 

are reported in parentheses below coefficient estimates and are based on heteroskedasticity corrected standard errors. Standard errors are 

clustered at the firm level. In Panel B, we report the means for the skills of directors who leave or join a board in a given year between 2010 

and 2012. To create our sample of paired director departures and additions, we require that the number of departures and additions must be 

the same during the year for a firm. Thus, we implicitly assume that any new directors replace the departing directors. Departures also include 

retiring directors. We then determine departing and joining directors’ number of unique skills and their total number of skills. There are 275 

departing and joining directors that we were able to pair using our procedure between 2010 and 2012. The first two rows of the panel are for 

the full sample of 275 pairs. We then split the sample based on the median Blau score in the next four rows and report the same statistics for 

these subsamples. We test the statistical significance of the difference between the two means using a paired- t -test. ∗∗∗ , ∗∗ , ∗ indicate statistical 

significance at the 1%, 5%, and 10% levels, respectively. 

Panel A: Unique skills and director departures 

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

Blau −0 .244 −0 .291 ∗ −0 .311 ∗ −0 .273 

(−1 .45) (−1 .71) (−1 .82) (−1 .59) 

Unique skills −0 .140 ∗∗∗

(−2 .97) 

Blau ∗ Unique skills 0 .157 ∗∗∗

(2 .87) 

Unique skills dummy −0 .213 ∗∗∗

(−3 .60) 

Blau ∗ Unique skills dummy 0 .241 ∗∗∗

(3 .48) 

Unique skills fraction −0 .181 

(−1 .53) 

Blau ∗ Unique skills fraction 0 .198 

(1 .42) 

Independent director −0 .013 ∗∗ −0 .014 ∗∗∗ −0 .014 ∗∗∗ −0 .013 ∗∗

(−2 .43) (−2 .66) (−2 .65) (−2 .53) 

Female director −0 .006 −0 .006 −0 .006 −0 .006 

(−1 .26) (−1 .19) (−1 .22) (−1 .22) 

Outside boards −0 .002 −0 .002 −0 .002 −0 .002 

(−1 .31) (−1 .29) (−1 .29) (−1 .32) 

Director tenure 0 .001 ∗∗∗ 0 .001 ∗∗∗ 0 .001 ∗∗∗ 0 .001 ∗∗∗

(2 .97) (2 .89) (2 .89) (2 .93) 

Retiring director 0 .145 ∗∗∗ 0 .146 ∗∗∗ 0 .146 ∗∗∗ 0 .146 ∗∗∗

(14 .33) (14 .36) (14 .35) (14 .38) 

Audit committee −0 .017 ∗∗∗ −0 .017 ∗∗∗ −0 .017 ∗∗∗ −0 .017 ∗∗∗

(−4 .42) (−4 .47) (−4 .46) (−4 .48) 

Board size 0 .041 ∗∗∗ 0 .041 ∗∗∗ 0 .041 ∗∗∗ 0 .041 ∗∗∗

(10 .14) (10 .08) (10 .07) (10 .08) 

Classified board 0 .005 0 .005 0 .005 0 .005 

(0 .34) (0 .33) (0 .34) (0 .33) 

Log of total assets −0 .062 ∗∗∗ −0 .061 ∗∗∗ −0 .062 ∗∗∗ −0 .062 ∗∗∗

(−2 .62) (−2 .61) (−2 .62) (−2 .62) 

ROA −0 .138 −0 .138 −0 .139 −0 .138 

(−1 .43) (−1 .44) (−1 .44) (−1 .44) 

Constant 0 .381 0 .426 ∗ 0 .4 4 4 ∗ 0 .410 ∗

(1 .55) (1 .73) (1 .81) (1 .66) 

Year fixed effects Yes Yes Yes Yes 

Firm fixed effects Yes Yes Yes Yes 

Adjusted R -squared 0.067 0.067 0.067 0.067 

N 21,635 21,635 21,635 21,635 

Panel B: Paired sample of director departures and additions 

Departing directors Mean Joining directors 

Variables N Mean N Mean 

Unique skills 275 0.418 ∗∗ 275 0.302 

Number of skills 275 3.055 275 3.036 

Blau (greater than the median) 

Unique skills 152 0.428 152 0.322 

Number of skills 152 3.513 152 3.434 

Blau (less than the median) 

Unique skills 123 0.407 123 0.276 

Number of skills 123 2.488 123 2.545 
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mensions during this time period, few of the differences

in means are statistically significant. However, the magni-

tudes of the differences in means exhibit a pattern that

is consistent with a focusing of skills on boards with low

common ground. In the full sample and the above-median

Blau firms every variable mean for joining directors is

lower than for departing directors. 

6. Conclusion 

We exploit Regulation S-K’s recent requirement that

U.S. firms must disclose the skills that their directors bring

to the table and document that directors are not one-

dimensional. We believe that recognizing this fact has im-

portant implications for corporate governance. Because di-

rector characteristics are bundled, firms may not be able

to optimize over individual director characteristics. Instead,
Variable Definition 

Airport proximity dummy A dummy variable equal to one if th

firm’s headquarters and zero other

Circle distance of the firm’s headqu

provided by SAS Institute ( http://su

Audit committee A dummy variable equal to one if th

otherwise. 

Blau score The concentration of skills among di

as 1–�p i 
2 . The Blau index is betwe

skills, which in our case provides a

indicate lower concentration of ski

Board committees The number of combined board com

Board independence The ratio of independent directors on

Board meetings The annual number of board meeting

Board size The number of directors on the boar

Business segments The number of business segments th

Capital expenditures Capital expenditures over sales (#cap

CEO age CEO’s age at the time of the proxy. 

Classified board A dummy variable equal to one if dir

serve a term of two or three years

Director age Director’s age at the time of the prox

Director tenure The number of years the director has

Director skills The number of skills that the directo

Female director An indicator variable equal to one if 

Firm age The number of years since each firm

Firm size Total assets (#at) in millions of dolla

Unique skills A unique skill is a skill possessed by

counts the number of skills posses

directors. 

Unique skills dummy A dummy variable equal to one if th

Unique skills fraction The ratio of the number of unique sk

director has. 

Independent director A dummy variable equal to one if th

Inside-outside Blau score The concentration of skills between i

similar to the Blau score by treatin

combining skills within each group

Market value of equity Number of shares outstanding (csho)

Number of skills The number of skills that are represe

Outside boards The number of outside board seats h

Retiring director A dummy variable equal to one if th

ROA Operating income before depreciation

Time since announcement The difference in days between the d

the SEC. 

Tobin’s Q The sum of total assets (#at) and ma

total assets. 

Volatility Standard deviation of the firm’s daily
firms may face multi-dimensional constrained optimization

problems that may be difficult to solve especially when

they are subject to regulations focusing on one character-

istic, e.g., independence, or one objective, e.g., diversity. 

We find that the main dimension along which boards

of directors vary is in the diversity of skills on their board.

When examining the relation between this dimension and

firm performance, we find that boards whose directors

have more commonality in skill sets have better firm per-

formance. Overall, the new skill data that we exploit pro-

vide insights into what directors bring to the table, how

boards are structured, and when boards perform best. 

Appendix A. Variable definitions 

We provide the definitions of the variables we use in

the study in this table. 
ere is a large hub airport within a 70-mile radius of the 

wise. Distance to an airport is calculated as the Great 

arters to an airport in miles calculated using the code 

pport.sas.com/kb/5/325.html ). 

e director was serving on the audit committee and zero 

rectors following Blau (1977) . We calculate the Blau score 

en zero and (K–1)/K where K is the maximum number of 

 theoretical maximum of 19/20. Higher Blau scores 

lls and lower common ground among directors. 

mittees that the firm has as reported in BoardEx and ISS. 

 the board to the board size. 

s held during the year. 

d. 

at the firm has. 

x / #sale). 

ectors on the board are elected on a staggered basis and 

 before coming up for election again. 

y. 

 served on the board. 

r has. 

the director is a female director and zero otherwise. 

’s CRSP listing date. 

rs. 

 only one director on the board. The unique skills variable 

sed by the director that are not possessed by other 

e director has at least one unique skill and zero otherwise. 

ills that the director has to the total number of skills the 

e director is an independent director and zero otherwise. 

nside and outside directors. This measure is calculated 

g inside and outside directors as separate groups and 

. 

 times stock price (prcc_f). 

nted on the board (out of 20). 

eld by the director. 

e director is 72 or over and zero otherwise. 

 (#oibdp) divided by total assets. 

ate of proxy filing and the date of rule announcement by 

rket value of equity less book equity (#ceq), divided by 

 stock returns during the year. 

http://support.sas.com/kb/5/325.html
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rocess 

o identify director skills from skill descriptions in Appendix B.1 . 

ctorate, education, faculty, graduate, masters, Ph.D., Ph.D., 

nt 

ief executive officer of our, chief executive officer of the 

ss, executive of our, executive of the company, experience with 

ht, historical knowledge, history of the operation, history with 

ledge of, industry-specific perspective, industry experience, 

orkings, insider’s perspective, internal operation, knowledge of 

knowledge of the, knowledge of the history, officer of our, officer 

f our, president of the company, the company’s chief, 

ss, working with the company 

 entrepreneurship, evaluating business, innovative idea 

ccounting experience, accounting principles, and accounting, 

arkets, capital structure, corporate finance, experience in 

ance, expertise in finance, finance experience, finance industry, 

counting, financial acumen, financial background, financial 

 financial expertise, financial field, financial foundation, financial 

ers, financial reporting, financial services, investment, securities, 

egulatory 

ional, worldwide 

nce in managing, management 

ufacturing 

er, board practices of other, boards of companies, boards of 

r, boards of various, director of other, director of several other, 

merous boards, on the boards of, other company boards, prior 

 corporate boards, several other corporate boards, varied boards 

career, chief executive officer of a, executive experience, 

ience as an executive officer of, experience as a senior, former 

ublic, officer of other, officer of several companies, officer of 

ent of a, senior-level executive, senior executive, senior 

ing as the CEO of a 

ientific expertise 

aking, problem-solving, strategic, strategies 

bility, sustainable 
Appendix B. Skill dictionary and description of coding p

We present the list of words and phrases that we use t

The description of our coding process is in Appendix B.2 . 

B.1. Skill dictionary 

Skills Keywords and phrases 

Academic Academia, academic, dean, do

professor, school environme

Company business All aspects of our industry, ch

company, company’s busine

the company, historical insig

our company, in-depth know

industry knowledge, inner w

all aspects of the company, 

of the company, president o

understanding of our busine

Compensation Compensation 

Entrepreneurial Entrepreneur, entrepreneurial,

Finance and accounting Accountant, accounting and, a

auditing, banking, capital m

accounting, experience in fin

finance matters, financial ac

experience, financial expert,

management, financial matt

understanding of finance 

Governance Governance 

Government and policy Government, policy, politics, r

International Global, international, multinat

Leadership Leadership 

Legal Attorney, lawyer, legal 

Management Experience in leading, experie

Manufacturing Industrial, manufactured, man

Marketing Marketing 

Outside board Board experience, board of oth

other, boards of several othe

member of the board of, nu

service as a director, several

Outside executive As the chairman of a, business

experience as a chief, exper

executive of a, officer of a p

numerous companies, presid

management positions, serv

Risk management Risk 

Scientific Research and development, sc

Strategic planning Business planning, decision-m

Sustainability Environmental, safety, sustaina

Technology Technological, technology 
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B.2. Coding of skills 

We used Named-Entity Recognition (NER) techniques

to create a set of keywords that identify director skills in

our sample of proxy statements. NER uses contextual in-

formation to locate and classify elements in free-form text

into predefined (named) entities ( Jiang, 2012 ). In our study,

these named entities are skills. 

We use a rule-based approach which we implement us-

ing the information extraction system ANNIE (A Nearly-

New Information Extraction system) in the open source

software GATE (General Architecture for Text Engineering,

https://gate.ac.uk ). In our context, implementing ANNIE is

similar to using Stata to tag keywords in strings. How-

ever, ANNIE is quicker and more efficient because it ig-

nores punctuation. ANNIE components consist of a docu-

ment reset resource which removes all annotation sets, a

tokeniser which splits the text into simple tokens such as

numbers, punctuation, and words of different types, a dic-

tionary that is used to identify named entities in the text,

a sentence splitter that segments the text into sentences,

and a tagger that produces a part-of-speech tag as an an-

notation on each word or symbol. 

To implement the NER we require a dictionary of words

describing skills. We create this list using an iterative pro-

cess. Because director skills have not yet been studied

broadly, creating this list requires some judgment. The

steps for creating the dictionary are as follows: 

1. We defined an initial list of 20 skills that we believed

to be relevant. We start with a list of 20 skills from a

Conference Board publication ( Conference Board, 2010 ).

Conference Board (2010) analysed Regulation S-K dis-

closure in 30 Dow Jones companies and identified 20

director skills. We modify their categories as follows.

We drop the “Operations” category as we believe most

directors have some operational experience. We also

drop “Philanthropic or Non-Profit Experience” as it oc-

curs so rarely (fewer than 2% of directors). We then

add the categories of “Management” and “Outside Ex-

ecutive Experience” because a substantial number of

firms in our sample report these as being important.

Table 2 provides an overview of our final set of 20

skills. 

2. We assigned a research assistant to read the descrip-

tions of 13,862 directors in the 2010 proxies and to

code skills for each director. To ensure consistency, the

same person coded all directors’ skills and we verified

them at random. 

3. We then created word clouds and tables of frequent

words and phrases in the descriptions of directors with

specific skills. We start with phrases of ten words

(without punctuation). The top ten more frequent key-

words and phrases form the initial lists in the dictio-

nary. 

4. We executed the NER on the 2010 proxies to compare

the accuracy of the classifications and updated the list

of words and phrases in the dictionary with additional

high frequency terms when the output from the NER

diverged substantially from the hand-coded output. As

the number of words and phrases defining the skills in
the table above suggests, this was straightforward for

some cases, e.g., Compensation skills, but less straight-

forward for Company business, Outside board, and Out-

side executive skills. 

5. We then reduced the phrases to the smallest set of

words that define the skill (e.g., “dean of” can be re-

duced to “dean”) and double-checked to ensure using

the final set of parsimonious phrases led to the same

coding of skills as with the less parsimonious set of

phrases. 

To implement our coding of skills, it is sufficient to cre-

ate dummy variables that are equal to one whenever a

director’s skill description contains any of the keywords

we assigned to a given skill category (ignoring punctuation

and upper versus lower case spelling). 

Appendix C. Verification of skill reporting 

As a final check whether firms’ descriptions are infor-

mative, we examine whether we can verify at least one

reported skill through other sources. For many skills, we

could not identify another data source that we could use

to double-check firms’ descriptions, e.g., “Leadership” or

“Strategic Planning.” Even for skills for which we could

identify sources, it proved prohibitively time-consuming to

verify each skill. Thus, we focus on a skill that is relatively

easy to measure and for which it should be straightforward

to characterize measurement error, namely, the “Interna-

tional” skill. Due to the time-intensive nature of the check,

we perform this check for the original hand-coded data in

2010 only. 

To verify “International” skills, we use education, work

history, and board seat data in BoardEx. We match our

sample of directors in 2010 on names and company to

BoardEx. Due to incomplete coverage of directors in our

sample and missing education data, we end with a sample

of 4735 out of 6643 directors with information in BoardEx.

According to BoardEx, 2110 of these directors have some

international experience in the form of non-U.S. education

(344), non-U.S. employment (1224), or non-U.S. board seat

experience (1326). These categories are not mutually ex-

clusive as some directors fall into more than one category. 

Our sample firms report international skills for 1332

of the 4735 directors with BoardEx information. Of these

1,332, 747 (56.08%) have some form of international expe-

rience according to BoardEx. To examine why firms report

international skills for directors who do not have interna-

tional experience according to our BoardEx classification,

we did a random check of skill descriptions. In each case,

the firm reported that the director had experience with in-

ternational expansion or international merger and acquisi-

tion activity. So firms appear to be reporting skills accu-

rately. 

Firms do not appear to be simply copying direc-

tors’ CVs. For 1363 out of 2110 (61.67%) of our directors

who have some international experience according to our

BoardEx classification, firms do not indicate that interna-

tional experience is important. It is possible that firms

underreport skills, which means we underestimate skill

diversity on the board. It is also possible that the in-

https://gate.ac.uk
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ternational experience is simply less important for these 

directors. More of the directors for whom firms do not re- 

port international skills are American (62.31%) than the di- 

rectors for whom firms report international skills (56.76%). 

If the Americans’ international experience arose because 

they were exchange students abroad, for example, then 

this may be irrelevant for firms. 

Appendix D. Summary statistics for the instruments 

We provide summary statistics for our instrumental 

variables in this table. Our instruments are time since an- 

nouncement and airport proximity dummy. Since these in- 

struments are time-invariant, we use the 2010 data, which 

gives us 736 firms, in our analysis. Time since announce- 

ment, our first instrument and reported in the first row, 

is measured as the number of days between the filing of 

the firm’s proxy statement and the day Regulation S-K was 

announced. A large hub airport is an airport that handles 

over 1% of the annual passenger boardings. In the second 

row, we calculate the minimum distance in miles to a large 

hub airport of the firm’s headquarters. In the last row, we 

create our second instrument as a dummy variable that is 

equal to one if there is a large hub airport within a 70-mile 

radius of the firm’s headquarters. 

Variable Mean Median Standard 

deviation 

Min. Max. 

Time since 

announcement 

(days) 

148.53 114 78.92 20 379 

Minimum distance to 

a large hub airport 

(miles) 

57.89 23.37 78.26 0 421.60 

Airport proximity 

dummy 

0.72 1 0.45 0 1 
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