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Causal interpretation with board characteristics: Caveat emptor

Abstract

The study of a causal interpretation of board and firm characteristics, that is, a hidden
dependence relationship on the causal inference among board and firm characteristics, is an
important but unaddressed issue in the corporate governance literature. Using diverse
advanced statistical methods and focusing on Tobin’s Q, we find that i) not all board

variables previously found to be significant are “robust” to latent variable data analysis, and ii)
those variables that are consistently significant differ markedly in latent structural equation
analysis. Our analyses provide researchers interested in board issues with an important caveat:
focusing on the dependence structure of available board variables affected by latent factors
may introduce a new horizon in corporate finance.
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1. Introduction

In corporate governance literature, a wide range of research has been conducted in
examining relations of board characteristics and firm performance, corporate events, or
another firm governance structures. Authors investigate an impact of a specific board
characteristic on an overall measure of firm performances, such as Tobin’s Q [1-3], those
surrounding corporate events, such as CEO turnover [4-6], or another corporate governance
structure, an executive compensation [7-9]. The most commonly used board characteristics
are board size [1-3] and board independence [3-5,10-13]. Since late the 2000s, additional
board characteristics have been introduced: Directors with different areas of expertise and
experiences [10,14-16], foreign directorships [17,18], female director positions [19-21], and
nominations of certain numbers of outside directors over 69 years [9].

However, the effect on firm value varies across studies with different board structures.
Board independence, the presence of outside directors, is typically considered to strengthen
director monitoring of managers and increase firm value [4,5,13,14]. On the other hand,
Bhagat and Black [11] find no association between board independence and Tobin’s Q,
which is a proxy for firm value, whereas Yermack [3] finds a negative association.

There are several explanations for the inconsistent findings mentioned above. First,
different model specifications, including selection of variables and functional forms, are used.
Second, measures of board characteristics are often constructed differently. Third, as new
board variables are introduced, we may not fully appreciate how they interact with each other
and with standard board characteristics.

On the assumption that board structures are truly important, this “author-based” omission
of variables would distort the effect of the main variable [22] and result in conflicting

evidence. In general, empirical evidence is sensitive to model specification, control variables,



and sample size. Thus, it is important to understand the associations between different board
variables and how those associations could influence what is observed.

This study addresses those issues by considering a comprehensive set of board
characteristics from prior studies [3,8,14,17,19]. This paper provides an integrated view by
investigating in higher dimensions of board characteristics suggested in the aforementioned
prior work. We shed light on the hidden dependence relationship on the causal inference
among board and firm characteristics.

We choose Tobin’s Q as a measure of firm performance among other candidates, return
on assets (ROA) or return on equity (ROE), because Tobin’s Q is a measure commonly used
in the literature [1-3]. Secondly, we control for ROA in regression analysis on Tobin’s Q.
Finally, factor analysis includes Tobin’s Q and ROA as one factor indicating firm
performance; Tobin’s Q has a larger factor loading. Thus, we select Tobin’s Q as a measure
for firm performance.

Our study contributes to the corporate governance literature in several ways. First, we
include eight well-known board characteristics and find which board variables remain
significant to firm value. Second, we eliminate the endogeneity issue by including an overall
set of board structures and firm characteristics with an advanced statistical method, the
Gaussian copula marginal regression (GCMR). We suggest which board structures are robust
and sustainable in the relationship between firm value and board structure. Third, we identify
causal inferences among board structures and firm characteristics through latent variable
analysis, including structural equation modeling (SEM) and a directed acyclic graph (DAG)
with GCMR. We find that board structures have a significant negative relationship with the
firm performance factor. With an error dependence structure through latent structural

equation analysis, the significant relationship between firm performance and board structure



is driven away into the opposite direction for the majority of board characteristics. We further
find a dependent relationship between board characteristics.

This study is the first to analyze and investigate causal relationships within board-level
and firm characteristics using advanced statistical methods. We also explain the controversial
evidence of the association between board/director characteristics and firm value by
considering eight main board/director characteristics from prior literature.

2. Literature Review

In a standard principal-agent framework, the presence of outside directors, that is, board
independence, is essential for monitoring firms. However, empirical findings on board
independence vary across studies. Borokhovich et al. [4], Byrd and Hickman [12], Cotter et al.
[13], and Weisbach [5] find that independent boards are value-relevant under different
conditions. Bhagat and Black [11] find no association between board independence and
Tobin’s Q, while Yermack [3] finds a negative association.

In addition to board independence, researchers have studied the association between
board size and firm value. Board size, the total number of directors sitting in an organization's
board at a particular time, is often said to be one of the most imperative elements in board
structure [1-3]. As board size increases, directors are less likely to participate in board-level
discussions, because the cost of not participating falls sharply and more effort is required to
reach a conclusion. This leads to a greater control by the CEO and reduces board
effectiveness. Jensen [23] argues that having fewer than eight or seven board members may
likely be difficult to coordinate. On the contrary, Yermack [3] finds that board size is
negatively related to firm value, or Tobin’s Q. Using industry-adjusted return on assets
(ROA), Eisenberg et al. [1] argue that a large board has difficulty in enjoying the benefits of a

higher level of monitoring due to poor decision making. In general, whether a small board



alleviates the processing problems and effectively enhances the board monitoring function is
more likely to be an empirical question.

More recently, studies have examined how directors with different professional
backgrounds are associated with firm value. Fahlenbrach et al. [10], Zhu and Shen [6], and
Faleye [8] analyze directors who are CEOs of other corporations, so-called outside-CEO
directors—a board director is rarely the CEO of the company as well. Given the fact that
large and well-known companies tend to invite active CEOs of other companies to their
boardrooms, Fahlenbrach et al. [10] find that appointing outside CEO directors has no
significant effect on a firm’s operating performance, while stock price reactions are more
favorable to an appointment of an outside CEO director than they are to an appointment of an
outside non-CEO director. Faleye [8] finds that firms with more outside CEO directors award
a higher compensation to their CEO and that both turnover and turnover—performance
sensitivity are lower.

Another professional background of boards studied in corporate governance is that of
directors with financial expertise [14,15]. These directors are considered to perform better in
management advising, as they have specific knowledge in key areas. Thus, directors with
financial experience may have an influence on corporate governance. Guner et al. [14]
examine how directors with financial expertise influence corporate policies, specifically on
financing investment with bank loans. Faleye [8] finds that boards whose directors have
financial expertise exhibit less CEO turnover than boards with other directors. When
evaluating the structure of a board of directors, the variation in governance matters between
professionally managed firms and family firms. It is likely that companies with family
directors in their boards are less likely to include incentive-based plans, and are also less
likely to have higher levels of compensation [7]. In addition, the presence of family directors

is positively associated with corporate social responsibility (CSR) reporting [24].



While board independence and board size are traditional board characteristics that have
been well studied, board diversity—age, nationality, and gender of directors—has emerged as
another board characteristic. Yermack [16] addresses the relationship between director age
and CEO departure, and shows that the chance of CEO departure is associated with the
average age of the directors. Whether firms benefit from foreign directors on their boards,
especially in situations of merger with and acquisition of a foreign firm, is interesting, and
prior studies show the effectiveness of foreign directors in the role [17,18]. In the same
manner, female directors are considered to provide efficiency in board monitoring: They have
a strong tendency of hiring high-quality auditors to protect their reputation [19] and
significantly lower turnover rates than male directors [21]. One area of effectiveness of
female directors is that female directors could introduce diverse ideas and experiences, and
could reduce the agency cost generated by information asymmetry [20].

We also present certain firm characteristics related to firm value. A related strand of
literature, starting with Yermack [3], suggests that boards are chosen to maximize the
provision of important resources, such as log(Sales), to the firm. Diversified firms operate in
multiple segments, in other words, business segments. Mature firms or firms that have been
listed earlier tend to be more complex in their board structure [9]. Firms with high capital
expenditure, measured by capital expenditure to sales, could demand greater advising
requirements from their board of directors [8,9].

3. Data and Variables

The sample consists of director and board information from RiskMetrics for the period
1998-2013. We obtain daily stock information from the Center for Research in Security
Prices (CRSP) database and annual firm accounting information from the COMPUSTAT
North America database. We exclude financial and utility firms, as well as missing

observations. The resultant sample consists of 13,954 firm-year observations.



Table 1 displays summary statistics of the sample. Tobin’s Q for an average firm is 2.03,
and firms on average have about nine directors on the board, of whom 72% are independent,
8.8% are outside CEQs, 10.4% are female, and 2% are foreign directors. The directors in our
sample are, on average, aged about 60, and firms tend to have no directors with financial
expertise. Lastly, our sample firms tend to be listed for, on average, more than 24 years, and
have more than two business segments. Table A2 in Appendix A provides the Pearson
correlation coefficients of 14 variables. From the correlation table, we observe that board size,
log(Sales), and firm age are positively correlated with each other.

[Insert Table 1 here]
4. Research Methods
4.1. Gaussian Copula Marginal Regression

We employ a novel statistical methodology, GCMR [25], to compare current research
results on the association between board characteristics and firm value. GCMR captures the
relationship between marginal cumulative distributions, where the error correlation matrix
structure is modeled as an autoregressive moving-average (ARMA) time series and the error
dependence is expressed in the correlation matrix of a multivariate Gaussian distribution
[25,26]. Let F(- |x;) be a marginal cumulative distribution depending on a vector of
covariates x;. Considering a set of n dependent variables in Y;, the joint cumulative
distribution function in the Gaussian copula regression is defined by

Pr(Y <yi,..Y1 <y) =Py {eq, ..., e P}, 1)
where g; = @ YF(y;|x)}. ®(-) and &,,(- ; P) indicate the univariate and multivariate
standard normal cumulative distribution functions, respectively. P denotes the correlation
matrix of the Gaussian copula. The following Gaussian copula model links each variable Y; to
a vector of covariates, x; [27]:

Yl' = h(xi' gi)' (2)



where ¢; indicates a stochastic error. In particular, the Gaussian copula regression model
assumes that h(x;, &) = F~H{®(g;)|x;} and £ has a multivariate standard normal distribution
with correlation matrix P.

4.2 Structural equation modeling and factor analysis

We then apply the principal component analysis (PCA) to find a visual relationship
between firm and board characteristics. We divide firm and board characteristics into two
homogeneous groups (factors) in terms of eigenvalues and eigenvectors of the PCA with
respect to those characteristics. Thus, we visualize the firm and board characteristics with the
first two PCA components. In addition, we use SEM to identify the complex relationships
between independent and dependent variables, or between observable and latent variables
[27-30]. The main idea of SEM is to model the causal relationships between variables,
between factors, or between variables and factors. To determine the SEM structure of our
variables, we employ latent variable models for factors 1 and 2, which show the regression
coefficients between variables.*

In addition, we employ factor analysis to find the causal interpretation of the variables.
Factor analysis seeks the factors that explain the relationships among observed variables by
their covariance structure [31]. In the factor analysis model, most observed variables could be
clustered by their covariance values. When the observed variable vector X has a mean vector
u and covariance matrix X, we define the factor analysis model as follows [31]:

X-u=LF+¢(), 3)
where L is the factor loading matrix, F represents the factors, and ¢ represents the error. In
our research, X is the firm and board characteristic (variable) vector and F is the unobserved

(latent) variable vector, which represents the abstract confounding variables of X. From the

! We also compute both covariance and variance of factors and variables to examine their causal relationships
(see Table A3 in Appendix A).



factor analysis, we compute the loadings of three factors to visualize their relationship with
the variables.
4.3 Graphical model

We use the PC (named after its authors, Peter and Clark) algorithm [32] function in R
package “pcalg” to find the causal structure for our variables. We assume no hidden variables
and no feedback loops in the underlying causal system. The causal structure for such a system
can be represented by a directed acyclic graph (DAG), where each node represents a variable
and each directed edge represents a direct cause [33,34]. Each linkage in the DAG means a
linear regression model. That is, the independent variable (characteristic) is located at the
origin and the dependent variable (characteristic) is at the point of the direct arrow. In this
paper, we evaluate the relationship by fitting the copula regression model to our data for a
statistical test of the coefficients.
5. Empirical Analysis and Results

The general model we use is as follows:

Tobin's Q; = aj + By jX + BgjA+ ¢ forj=12,..T, 4)
where Tobin’s Q represents firm value, computed annually, X is an explanatory variable
representing board characteristics, and A is the control for firm accounting information. T is
the total number of years in the sample period.?

5.1 Gaussian copula marginal regression results

We first consider a regression model incorporating all the eight board characteristics
(board size, independent directors, director age, family directors (1/0), outside-CEO directors,
directors with financial expertise, female directors, foreign directors) with controls for firm
characteristics.

Model: Tobin’s Q = Intercept + 1 Board Size + £, Independent Directors + /3 Director Age

% We consider firm and year fixed effects throughout our analyses in this study.
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+ f4 Family Directors + f5 Outside CEO Directors + s Female Directors

+ f7 Foreign Directors + fg Directors with Financial Expertise + 9 Log(Sales)
+ f10 Capital Expenditure to Sales + 11 Return on Assets + f1, Firm Age

+ p13 Business Segments + & (5)

Based on the Akaike information criterion (AIC), we select an optimal error correlation
matrix model of ARMA (1, 1) for four different combinations of p and g: (0, 0), (0, 1), (1, 0),
and (1, 1). Table 2 shows the result of the ARMA model selection and presents the GCMR
model estimation of Tobin’s Q (c_q) with eight board characteristics and controls for firm
with an error dependence structure of ARMA (1, 1).

[Insert Table 2 here]

Among the 13 board and firm characteristics, most variables, except independent
directors (v_outsiderpct) and directors with financial expertise (v_financialoutpct), have a
statistically significant association with firm value, or Tobin’s Q (c_q). We observe that
board size (v_bsize), director age (v_age), foreign directors (v_foreignpct), log(Sales)
(c_Insale), firm age (c_firmage), and business segments (c_segment_bus) have a statistically
significant negative association with firm value at the 1% level. Family directors (1/0)
(v_relativeflag) and female directors (v_femalepct) are negatively related to firm value at the
10% significance level. Outside-CEO directors (v_ceodirector), capital expenditure to sales
(c_capx_sale), and ROA (c_fichroa) are positively associated with firm value at the 1%
significance level.

Thus, after considering eight widely used board characteristics, we do not find much
evidence that independent directors and directors with financial expertise affect firm value®.

However, we do confirm that an increase in board size decreases firm value, which is

® Bhagat and Black [11] find no association between board independence (independent directors) and firm value
(Tobin’s Q).
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consistent with Eisenberg et al. [1] and Yermack [3]. We also observe that having outside-
CEOQ directors helps increase firm value, which is consistent with Faleye [8]. In addition, on
average, having older directors, higher proportions of foreign directors, larger fractions of
female directors, and directors with a family member who is a CEO of a company are likely
to decrease the firm value.

After observing overall effect of board/director characteristics to firm value, we analyze
causal relations among firm value, board and firm characteristics using various statistical
methods.

5.2 Structural equation modeling results

In this section, we examine how board and firm characteristics (including firm value) are
associated with each other. We consider all the 14 variables (eight board variables and six
firm variables) in the analysis.

We perform PCA and map all the 14 variables onto a two-dimensional PCA plot (see
Figure 1). After examining Figure 1 more closely, we split the variables into two groups
based on the first principal component. Factor 1 contains variables on the right side of the
domain: female directors (v_femalepct), independent directors (v_outsiderpct), log(Sales)
(c_Insale), firm age (c_firmage), director age (v_age), foreign directors (v_foreignpct), board
size (v_bsize), and business segments (c_segment_bus). These variables characterize a large
experienced company. We categorize all such variables as Factor 1. Factor 2 includes
variables on the left side of the domain: firm value, or Tobin’s Q (¢_q), ROA (c_fichroa),
outside-CEO directors (v_ceodirector), and capital expenditures to sales (c_capx_sale). We
categorize these variables, which characterize high-performance companies, as Factor 2.

[Insert Figure 1 here]
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Next, we incorporate Factors 1 and 2 into SEM. These two factors are used as latent
variable models.* Table 3 shows the performance results of SEM. The p-values of both
estimator model and test baseline model are less than 0, confirming the validity of our model.
Table 3 reports the comparative fit index, the Tucker-Lewis index, Akaike information
criterion, Bayesian information criterion, the root mean square error of approximation, and
the standardized root mean square residual of the model.

[Insert Table 3 here]

Table 4 presents latent variable model estimations for Factors 1 and 2. Parameter

estimates, standard errors, and Z-values for statistical significance of parameters are reported.
[Insert Table 4 here]

The Z-values of all parameters in Table 4, Panel A, are larger than 2; thus, the association
is statistically significant for all eight firm and board variables in the Factor 1 category. All
firm and board characteristics have estimates larger than 0.1, and firm age (c_firmage),
director age (v_age), and log(Sales) (c_Insale) are top three characteristics explaining for
Factor 1. Variables in factor 1 have traits of the large seasoned company. Thus, firms that are
more seasoned in age and have larger sales with relatively older directors do play an
important role.

Table 4, Panel B, shows the latent modeling result for Factor 2. Similar to Factor 1 in
Table 4, Panel A, we find that all four firm and board variables are representatives of Factor 2.
Top three characteristics are Tobin’s Q (¢_g), ROA (c_fichroa), and outside-CEO directors
(v_ceodirector). These variables are traits of the high-performance company. Thus, we
conclude that independent directors with outside-CEO positions (v_ceodirector) play a

significant role in high-performance companies.

* These two factors have a covariance of zero, confirming that we use independent homogenous factors in SEM
analysis. Please see Appendix A, Table A3 for the covariance and variances of factors 1 and 2, as well as their
related 12 variables.
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5.3 Factor analysis results

We cluster firm and board characteristics are into three factors, instead of two factors,
based on their covariance. In this process, a characteristic or a variable is used to explain the
factor with the largest factor loading. For example, log(Sales) explains Factor 3 because its
factor loading (0.6) is the largest in Factor 3. Factor 1 is explained by four variables: firm age
(c_firmage), independent directors (v_outsiderpct), director age (v_age), and outside-CEO
directors (v_ceodirector). Factor 2 contains two variables: ROA (c_fichroa) and Tobin’s Q
(c_q). Factor 3 includes two variables—log(Sales) (c_Insale) and board size (v_bsize)—for
their descriptions. Among the 14 variables, 8 are used to explain three factors; the remaining
6 (family, female, and foreign directors; directors with financial expertise, capital
expenditures to sales; and business segments) are not selected.

Factor 1 characterizes seasoned or experienced firms, which are likely to be listed earlier,
have larger sales, have a higher proportion of independent directors, have directors who are
aged, and have fewer directors with CEO positions in other companies. Factor 2 captures firm
value and firm performance. Factor 3 characterizes large firms, as they tend to have higher
sales and larger boards.

The factor analysis separates our variables in a more interpretable way, compared to SEM
in section 5.2, such that factor 1 and factor 3 capture how board characteristics and firm
characteristics are related to each other whereas factor 2 explains firm performance through
ROA and Tobin’s Q.

Figure 2 shows a three-dimensional visualization of the association of 14 board and firm
variables and 3 factors.

[Insert Figure 2 here]
Table 5 represents factor loadings of firm and board characteristics. We observe that the

loadings for factors 1 and 2 tend to have the opposite signs, especially for board-level
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variables. This implies that most of board-level variables except outside-CEQ directors and
female directors are negatively associated with the factor representing firm performance and
firm value.

[Insert Table 5 here]

We move onto graphical approach by constructing DAG to find causal inferences among
firm value, board variables, and firm characteristics.
5.4 Graphical model results: DAG with GCMR

To further investigate the relationship among the eight board and six firm characteristics,
including firm value, we construct a DAG. Figure 3 plots the DAG of 14 variables. The
explanatory variable is located at the origin and the dependent variable at the point of the
arrows.

[Insert Figure 3 here]

From Figure 3, we select three terminal nodes: business segments (c_segment_bus),
log(Sales) (c_Insale), and firm age (c_firmage). We then construct three GCMR models by
defining the terminal node as the response variable and the nodes with directed edges, each of
which represents a direct cause, as predictor variables.

First, in Model 1, we construct a GCMR model where the business segment
(c_segment_bus) is the dependent variable and Tobin’s Q (c_q), family directors (1/0)
(v_relativeflag), outside-CEO directors (v_ceodirector), independent directors (v_outsiderpct),
log(Sales) (c_Insale), and ROA (c_fichroa) are explanatory variables.

Model 1: Business Segments = Intercept + 1 Tobin’s Q + > Family Directors (1/0)
+ S5 Outside CEO Directors + f4 Independent Directors + S5 Log(Sales)

+ B Return on Assets + ¢, (6)
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where outside-CEO and independent directors represent the proportions of outside-CEO and
independent directors; family directors represent an indicator that equals one if the
company’s founding family is represented in the board, and zero otherwise.

Table 6 shows the result of selecting p and g for an optimal ARIMA model based on AIC
criteria among four different combinations of p and g: (0, 0), (0, 1), (1, 0), and (1, 1). Both
ARMA (0, 1) and ARMA (1, 0) turn out to be the best models with minimum AIC values.

[Insert Table 6 here]

Table 6 presents the estimation results of the GCMR model of business segment
(c_segment_bus) as a dependent variable with ARMA (0, 1) and ARMA (1, 0) error
dependence structures. In both models, all variables—Tobin’s Q (c_q), family directors (1/0)
(v_relativeflag), outside-CEO directors (v_ceodirector), independent directors (v_outsiderpct),
log(Sales) (c_Insale), and ROA (c_fichroa)—remain statistically significant at the 5% level.
Tobin’s Q (c_g) and ROA (c_fichroa) are negatively related to business segments
(c_segment_bus), and the other four variables are positively related to business segments
(c_segment_bus). The sigma dispersion parameter is statistically significant at the 5%
significance level. From Table 6, we observe a reverse-causal relationship for Tobin’s Q and
business segments. Firms with larger firm value and ROA tend to have lower number of
business segments. We also find that firms with more fractions of independent directors,
larger sales, more proportions of outside-CEQ directors, and directors whose relatives are
CEO of the same company are likely to have a larger number of business segments on
average.

In Model 2, we construct a GCMR model where log(Sales) (c_Insale) is the dependent
variable and Tobin’s Q (c_q), board size (v_bsize), independent directors (outsiderpct), firm
age (v_firmage), female directors (v_femalepct), capital expenditures to sales (c_capx_sale),

director age (v_age), and ROA (c_fichroa) are explanatory variables.
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Model 2: Log(Sales) = Interce.pt + 51 Tobin’s Q + 5, Board Size + f3 Independent Directors
+ B4 Firm Age + 5 Female Directors + s Capital Expenditures to Sales
+ f7 Director Age + fg Return on Assets + ¢, (7)
where Independent Directors and Female Directors represent proportions of outside
directors and female directors, respectively.

Table 7 shows the results of selecting p and q for an optimal ARIMA model based on
AIC criteria for four different combinations of p and g: (0, 0), (0, 1), (1, 0), and (1, 1).
ARMA (1, 1) is selected as the best model with the minimum AIC value.

[Insert Table 7 here]

Table 7 presents the estimation results of the GCMR model of log(Sales) (c_Insale) as a
dependent variable with an error dependence structure of ARMA (1, 1). All variables—
Tobin’s Q (c_q), board size (v_bsize), independent directors (outsiderpct), firm age
(v_firmage), female directors (v_femalepct), capital expenditures to sales (c_capx_sale),
director age (v_age), and ROA (c_fichroa)—remain statistically significant at the 5% level.
Tobin’s Q (c_q) and capital expenditures to sales (c_capx_sale) are negatively related and the
other six variables are positively related to log(Sales) (c_Insale). The sigma dispersion
parameter is statistically significant at the 5% significance level. Firms are likely to have
lower sales for those with larger firm value and capital expenditures to sales, on average.
Firms tend to have larger sales on average as they are listed earlier and have larger ROA.
Also, a company with more directors, more fractions of outsiders and female directors, and
older directors has larger sales on average.

In Model 3, we construct a GCMR model where firm age (c_firmage) is the dependent
variable and outside-CEO directors (v_ceodirector), female directors (v_femalepct), director
age (v_age), and foreign directors (v_foreignpct) are explanatory variables.

Model 3: Firm Age = 5, Outside CEO Directors + 8, Female Directors + f3 Director Age

17



+ f4 Foreign Directors + ¢, (8)
where Outside CEO, Female, and Foreign Directors represent the proportions of the
respective directors.

Table 8 shows the result of selecting p and g for an optimal ARIMA model based on AIC
criteria among four different combinations of p and g: (0, 0), (0, 1), (1, 0), and (1, 1). ARMA
(1, 1) is selected as the best model with the minimum AIC value.

[Insert Table 8 here]

Table 8 presents the estimation results of the GCMR model of firm age (c_firmage) as a
dependents variable with ARMA (1, 1) error dependence structure. All variables—outside-
CEO directors (v_ceodirector), female directors (v_femalepct), director age (v_age), and
foreign directors (v_foreignpct)—remain statistically significant at the 5% level. The outside-
CEO directors (v_ceodirector) variable is negatively related and the other three variables are
positively related to firm age (c_firmage). The sigma dispersion parameter is statistically
significant at the 5% significance level. An average firm tends to be listed earlier if the
company has lower proportions of outside-CEQ directors, more fractions of female and
foreign directors, and directors who are aged.

6. Conclusion

In this study, we investigate and find the causal relationships of board and firm
characteristics, which have not been addressed in corporate governance. We further reconcile
conflicting evidence from prior literature, especially on effectiveness of board size [1-3] and
independent directors [3,5,11,13] in firm performance.

After considering eight widely used board characteristics in corporate governance, we
find evidence (1) that the coefficient board size supports the ineffectiveness of large boards,
consistent with Eisenberg et al. [1] and Yermack [3]; (2) that independent directors have no

significant effect on firm value, consistent with Bhagat and Black [11]; (3) that outside CEO
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directors show a positive impact on firm value, supporting the advising and enhancing role of
outside CEO directors [8]; (4) that there is no significant impact of directors with financial
expertise on firm value; (5) that presence of a director with a CEO as a family member has a
significant negative effect on firm value, consistent with prior studies [7,24]; (6) that on
average, the more diversified the board is in terms of director age, nationality, and gender,
firm value measured by Tobin’s Q is likely to decrease significantly. These results are
different from the expectations of effectiveness of directors with financial experience [14,15],
foreign directors [17,18], and female directors [19-21].

To observe the causal relationship in firm value, board characteristics, and firm
characteristics, we use various methods, such as PCA, SEM, factor analysis, and graphical
modeling with GCMR. We visualize the directional dependence of board and firm
information and find that board information and firm information are related with each other
in a more complex way.

First, factor analysis shows that loadings of Factor 1 and Factor 2 generally have opposite
signs. Specifically, board-level variables, other than outside CEO directors and female
directors, have a negative effect on the firm performance factor. This finding is different from
what we observed in Section 5.1. We conclude that not all board variables remain robust in
latent variable data analysis.

Second, the DAG with GCMR shows three main causal inferences among board- and
firm-level variables. The number of business segments is dependent on existence of directors
with CEOs in their family and proportions of outside CEOs and independent directors. The
sales amount of a firm is dependent on size of the board, proportions of independent and
female directors, and directors’ ages. Lastly, the age of a firm is dependent on proportions of
outside CEO, female, and foreign directors. In conclusion, we find that identifying causal

interpretations between board and firm information is important in corporate governance
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literature and specifically in studying the effectiveness of board structure on firm

performance.
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Figure 1. PCA plots with all 14 variables

This figure shows a 2-dimensional PCA plot. The first principal component explains 15.71% and the

second principal component explains 9.15% of the sample.
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Figure 2. Factor analysis plot with three factors

This figure presents the three-dimensional scatter plot of 14 board and firm variables with three
factors.
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Figure 3. Directed acyclic graph with 14 variables

This figure presents DAG of 14 board and firm variables. Variable definitions are available in
Appendix A, Table Al.
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Table 1. Summary Statistics

This table presents summary statistics of 14 variables including firm value, firm characteristics, and
board characteristics. The sample size is 13,954 and firm and board characteristics are collected from
Risk Metrics and COMPUSTAT. The sample data ranges from “time period.” Tobin’s Q measures the
firm value and is defined as book value of total assets less book value of equity plus market value of
equity all scaled by book value of total assets ((data6 — data60 + data25*datal99)/data6
(COMPUSTAT)), which can be obtained from COMPUSTAT. Variables for firm characteristics are
log(Sales), Capital expenditure/sales, Return on assets, firm age, and Business segments. Variables for
board characteristics are board size, independent directors, director age, family directors (1/0),
independent directors with financial expertise, female directors, foreign directors, and outside-CEO
directors. Variable definitions are available in Appendix A, Table Al.

N Mean SD Min Q1 Median Q3 Max

Tobin’s Q 13954 2.026 1.255 0.748 1243 1.627 2338 7.917
Board size 13954 9.003  2.258 3 7 9 10 21
Independent directors 13954 0.720 0.158 0 0.625 0.75 0.857 1
Director age 13954 60.501 4.111 40.333 58 60.667 63.182 78
Family directors (1/0) 13954 0.088 0.284 0 0 0 0 1
Outside-CEO directors 13954 0.088 0.117 0 0 0 0.143 0.714
Female directors 13954 0.104 0.097 0 0 0.1 0.167  0.667
Foreign directors 13954 0.020 0.054 0 0 0 0 0.714
Independent directors 13954 0000 0005 O 0 0 0 0167
with financial expertise

Log(Sales) 13954 7.422 1512 4012 6.373 7317 8387 11.333
Capital expenditure to Sales 13954 0.072 0.126 0.002 0.022 0.037 0.066 0.926
Return on assets 13954 0.140 0.102 -0.188 0.084 0.138 0.195 0.455
Firm age 13954 24.546 19.163 1 11 18 34 88
Business segments 13954 2349 1.789 0 1 2 4 12
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Table 2. GCMR approach on the firm value with all 13 variables

This table presents GCMR estimates, where the dependent variable is Tobin’s Q (¢c_q) and all 13
board and firm characteristics are used as explanatory variables. The selection of p and g for ARMA
based on AIC of 4 cases are reported: (0, 0), (0, 1), (1, 0), and (1, 1). ARMA (1, 1) is chosen as a
structure for the error based on AIC criteria. Bolded AIC indicates the one with lowest AIC value.
The Sigma dispersion parameter is statistically significant at the 5% significance level. Variable
definitions are available in Appendix A, Table Al.

Model: ¢ q = Intercept + B, v_bsize + B, v_outsiderpct + B3 v_age + B4 v_relativeflag + s
v_ceodirector + ¢ v_femalepct + 7 v_foreignpet + Bgv_financialoutpct + Boc_Insale + Byo
c_capx_sale + By; c_fichroa + B;, ¢ _firmage + B13c_segment bus + €

ARMA(p,q) ARMA(0,0) ARMA(0,1) ARMA(1,0) ARMA(1,1)
AlC 28724 28703 28701 28393
ARMA(1,1)
Estimate S.E. Z-value P-value

Intercept 5.961 0.211 28.288 0.000
v_bsize -0.044 0.006 -7.592 0.000
v_outsiderpct -0.087 0.069 -1.258 0.208
V_age -0.023 0.003 -7.591 0.000
v_relativeflag -0.057 0.031 -1.832 0.067
v_ceodirector 0.223 0.077 2.904 0.004
v_femalepct -0.219 0.124 -1.768 0.077
v_foreignpct -0.412 0.158 -2.604 0.009
v_financialoutpct 1.593 1.569 1.015 0.310
c_Insale -0.273 0.021 -12.931 0.000
c_capx_sale 0.303 0.116 2.610 0.009
c_fichroa 2.818 0.086 32.940 0.000
c_firmage -0.013 0.003 -5.099 0.000
c_segment_bus -0.037 0.006 -5.793 0.000
AR(1) 0.979 0.004 242.200 0.000
MA(1) -0.944 0.006 -153.200 0.000
sigma 0.678 0.004 154.398 0.000
Log-likelihood 14179
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Table 3. SEM evaluation results

SEM evaluation measures with following are reported: comparative fit index (CFI), the Tucker-Lewis
index (TLI), Akaike information criterion (AIC), Bayesian information criterion (BIC), the root mean
square error of approximation (RMSEA), and the standardized root mean square residual (SRMR)

SEM

Evaluation measure

Estimator
Model test baseline model
User model vs. baseline model

Log-likelihood and information criteria

RMSEA

SRMR

Test statistic = 3602.445
p-value = 0.000

Test statistic = 12791.390
p-value = 0.000

CFl=0.721

TLI=0.653

Number of free parameters = 25
AIC = -8048.529

BIC =-7859.941

RMSEA = 0.069

Confidence interval (90%) = (0.067, 0.071)
SRMR =0.056
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Table 4. Results for latent variable models

This table provides estimation results for latent variable models: Factor 1 and Factor 2. In Panel A is
an estimation for Factor 1 latent variable model. In Panel B is an estimation for Factor 2 latent

variable model.

Panel A. Factor 1

variable Estimate Standard error z-value
v_femalepct 1.000

v_outsiderpct 3.319 0.154 21.585
c_Insale 16.104 0.702 22.937
c_firmage 193.552 8.406 23.026
V_age 70.422 3.311 21.271
v_hsize 12.325 1.000 12.319
v_foreignpct 0.238 0.033 7.220
c_segment_bus 6.621 0.824 8.030

Panel B. Factor 2

variable Estimate Standard error z-value
v_ceodirector 1.000

c_capx_sale 0.192 0.044 4.314
cq 35.828 3.105 11.540
c_fichroa 1.704 0.128 13.333

29



Table 5. Factor loading and statistical results

This table lists regression coefficients (factor loadings) for 14 variables on factors 1, 2, and 3.

Factorl Factor2 Factor3
c_q -0.145 0.421 -0.264
V_bsize 0.040 -0.034 0.321
v_outsiderpct 0.432 -0.014 -0.022
v_age 0.388 -0.091 0.085
v_relativeflag -0.072 -0.047 0.095
v_ceodirector -0.341 0.058 0.062
v_femalepct 0.239 0.011 0.006
v_foreignpct 0.056 -0.034 0.044
v_financialoutpct 0.029 -0.015 -0.038
c_Insale 0.506 0.192 0.596
c_capx_sale -0.085 -0.045 -0.064
c_fichroa -0.010 0.621 0.011
c_firmage 0.797 -0.072 0.105
c_segment_bus 0.025 -0.064 0.174

Note. The hypothesis tested is that three factors are sufficient. The chi-square statistic is 1373.2 with 52 degrees
of freedom. The p-value is 0.00000.
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Table 6. GCMR approach with 7 variables (Model 1). Dependent variable: ¢_segment_bus

This table presents GCMR estimation result on Model 1, where dependent variable is business
segment (c_segment_bus). The selection of p and g for ARMA based on AIC of 4 cases of (0, 0), (0,
1), (1, 0), and (1, 1) is also reported. ARMA (0, 1) and ARMA (1, 0) are selected based on AIC
criteria. Bolded AIC indicate those with lowest AIC value.

c_segment_bus = Intercept + B,*c_q + B,*v_relativeflag + p;*v_ceodirector +

Model B,*v_outsiderpct + Bs*c_Insale + Bg*c_fichroa + ¢
ARMA(p,q) ARMA(0,0) ARMA(0,1) ARMA(1,0) ARMA(1,1)
AIC 35915 35913 35913 35915

ARMA(0,1)

Estimate S.E. Z-value P-value
Intercept -0.008 0.185 -0.042 0.967
c_q -0.062 0.011 -5.742 0.000
v_relativeflag 0.163 0.041 3.962 0.000
v_ceodirector 0.531 0.097 5.465 0.000
v_outsiderpct 0.466 0.086 5.418 0.000
c_Insale 0.292 0.024 11.949 0.000
c_fichroa -0.590 0.116 -5.107 0.000
MA(1) 0.016 0.009 1.826 0.068
sigma 0.876 0.005 167.024 0.000
Log-likelihood 17948
ARMA(1,0)

Estimate S.E. Z-value P-value
Intercept -0.008 0.185 -0.042 0.967
c_q -0.062 0.011 -5.742 0.000
v_relativeflag 0.163 0.041 3.962 0.000
v_ceodirector 0.531 0.097 5.466 0.000
v_outsiderpct 0.466 0.086 5.418 0.000
c_Insale 0.292 0.024 11.950 0.000
c_fichroa -0.590 0.116 -5.107 0.000
AR(1) 0.016 0.009 1.820 0.069
sigma 0.876 0.005 167.048 0.000
Log-likelihood 17948
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Table 7. GCMR approach with 9 variables (Model 2). Dependent variable: ¢_Insale

This table presents GCMR estimation result on Model 2, where dependent variable is log(Sales)
(c_Insale). The selection of p and g for ARMA based on AIC of 4 cases of (0, 0), (0, 1), (1, 0), and (1,
1) is also reported. ARMA (1, 1) is selected based on AIC criteria. Bolded AIC indicates the one with
lowest AIC value.

c_Insale = Intercept + B,*c_q + B,*v_bsize + B;*v_outsiderpct + p,*c_firmage +

Model Bs*v_femalepct + Bs*c_capx_sale + p;*v_age + Bg*c_fichroa + ¢
ARMA(p,q) ARMA(0,0) ARMA(0,1) ARMA(1,0) ARMA(1,1)

AIC 3161.3 3105.4 3098.6 2789.9

ARMA(1,1)
Estimate S.E. Z-value P-value

Intercept 4.904 0.074 66.256 0.000
cq -0.045 0.003 -13.545 0.000
v_bsize 0.052 0.002 22.558 0.000
v_outsiderpct 0.140 0.027 5.491 0.000
c_firmage 0.046 0.001 48.174 0.000
v_femalepct 0.221 0.050 4.463 0.000
c_capx_sale -0.342 0.046 -7.364 0.000
v_age 0.013 0.001 10.815 0.000
c_fichroa 0.787 0.035 22.611 0.000
AR(1) 0.959 0.006 162.0 0.000
MA(1) -0.910 0.008 -108.6 0.000
sigma 0.271 0.003 156.558 0.000
Log-likelihood 1382.9
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Table 8. GCMR approach with 5 variables (Model 3). Dependent variable: ¢_firmage

This table presents GCMR estimation result on Model 3, where dependent variable is firm age
(c_firmage). The selection of p and q for ARMA based on AIC of 4 cases of (0, 0), (0, 1), (1, 0), and
(1, 1) is also reported. ARMA (1, 1) is selected based on AIC criteria. Bolded AIC indicate those with
lowest AIC value.

Model c_firmage = p,*v_ceodirector + B,*v_femalepct + p;*v_age + B,*v_foreignpct + €
ARMA(p,q) ARMA(0,0) ARMA(0,1) ARMA(1,0) ARMA(1,1)

AlIC 64188 64181 64181 64030

ARMA(1,1)
Estimate S.E. Z-value P-value

Intercept -0.386 0.619 -0.624 0.533
v_ceodirector -6.925 0.256 -27.034 0.000
v_femalepct 12.069 0.408 29.613 0.000
v_age 0.399 0.010 40.241 0.000
v_foreignpct 5.916 0.538 11.000 0.000
AR(1) 0.989 0.002 441.300 0.000
MA(1) -0.938 0.006 -156.000 0.000
sigma 2.432 0.018 134.724 0.000
Log-likelihood 32007
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Appendix A

Table Al. Variable Names

Variables

Variable name

Descriptions (sources)

Selected studies

Tobin's Q (firm value)

Board size
Independent directors
Outside-CEO directors
Director age

Independent directors with
financial expertise

Foreign directors

Female directors

Family directors

Business segments
Log(Sales)

Return on assets
Firm age

Capital expenditure to
sales

c_¢

V_bsize
v_outsiderpct
v_ceodirector

v_age

v_financialoutpct

v_foreignpct
v_femalepct

v_relativeflag

c_segment_bus
c_Insale
c_fichroa
c_firmage

c_capx_sale

(Book value of total assets — Book value of equity + Market value of equity) /
Book value of total assets: (data6 - data60 + data25*datal99) / data6
(Compustat)

The number of directors on the board (RiskMetrics)
A fraction of outside (independent) directors (RiskMetrics)
A fraction of non-employee directors that are active CEOs (RiskMetrics)
An average age of directors on the board (RiskMetrics)

A fraction of independent directors whose profession types are a banker or an
insurance (RiskMetrics)

A fraction of directors whose primary employer’s origin of country is not the US
(RiskMetrics)
A fraction of directors who are female (RiskMetrics)

An indicator equal to one if the company’s founding family is present in the
board and zero otherwise (RiskMetrics)

The number of business segments (Compustat)
The natural logarithm of Sales (datal2) (Compustat)
Net income / book value of total assets: datal72 / data6 (Compustat)
The number of years that the firm has been listed in CRSP (CRSP)

Capital expenditure / sales: datal28 / datal2 (Compustat)

Yermack (1996)

Yermack (1996)
Yermack (1996)
Ferris et al. (2003)
Faleye (2011)

Guner et al. (2008)

Masulis et al. (2012)

Adams and Ferreira (2009)

Anderson and Reeb (2003)

Fich and Shivdasani (2006)
Fich and Shivdasani (2006)
Masulis et al. (2012)
Fich and Shivdasani (2006)

Anderson and Reeb (2003)
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Table A2. Correlation Matrix

This table shows Pearson correlations between 14 firm and board characteristics: Tobin’s Q (firm value), board size, independent directors,
director age, family directors, independent directors with financial expertise, female directors, foreign directors, outside-CEQ directors, log(sales),
capital expenditure/sales, return on assets, firm age, and business segments. Variable definitions are available in Appendix A, Table Al.

Independent

Tobin’s Board Independent  Director Family directors with Female Foreign Outside- Caplt_al Return . Business
- - . - . . - CEO Log(Sales) expenditure Firm age
Q size directors age directors financial directors  directors . on assets segments
. directors to sales
expertise
Tobin’s Q 1.000
Board size -0.095 1.000
Independent 0071 0.108 1.000
directors
Director age -0.129 0.132 0.193 1.000
Family directors -0.024 0.101 -0.265 0.068 1.000
Independent
directors with 0.035 0.128 -0.025 -0.238 -0.030 1.000
financial expertise
Female directors 0.001 0.325 0.239 -0.033 0.003 0.018 1.000
Foreign directors 0.003 0.091 0.067 0.010 -0.004 -0.036 0.051 1.000
Outside-CEQ 0009  0.009 0.016 0010 0014 0.025 0.018 0.041 1.000
directors
Log(Sales) -0.085 0.589 0.202 0.140 0.016 0.116 0.378 0.091 0.013 1.000
Cap'ti'oeé‘g’ligd't”re 0022 -0.037 -0.046 -0.010  -0.006 -0.016 -0.124 0.030 -0.008 -0.108 1.000
Return on assets 0.397 0.047 -0.004 -0.020 0.009 0.019 0.089 -0.012 0.003 0.118 0.017 1.000
Firm age -0.103 0.407 0.241 0.231 0.005 0.148 0.222 0.066 0.016 0.446 -0.049 0.024 1.000
Business segments -0.134 0.184 0.088 0.103 0.009 0.075 0.051 -0.004 0.016 0.202 -0.092 -0.060 0.240 1.000
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Table A3. Covariance and Variances of Factor 1, Factor 2, and 12 variables from SEM

Table 6 presents a covariance between factor 1 and factor 2. The absolute value of z-value is larger than 2,
thus the covariance is significant. Factor 1 and factor 2 have covariance of zero, indicating that they are
not correlated with each other. Thus, we have two independent homogeneous factors in the SEM. Table 7
presents variances of factors and 12 firm and board characteristics. All variances are statistically
significant since absolute values of z-value are larger than 2.

Panel A. Covariance between two factors

Estimate Std.Err z-value

fl~f2 -0.000 0.000 -10.211
Panel B. Variance of factors and characteristics

Estimate Std.Err z-value
v_femalepct 0.002 0.000 81.721
v_outsiderpct 0.007 0.000 76.456
c_Insale 0.069 0.001 65.189
c_firmage 2.590 0.094 27.647
V_age 3.351 0.043 77.418
V_bsize 0.959 0.012 82.937
v_foreignpct 0.001 0.000 83.364
c_segment_bus 0.780 0.009 83.320
v_ceodirector 0.006 0.000 80.642
c_capx_sale 0.002 0.000 83.313
c_q 0.284 0.017 17.208
c_fichroa 0.004 0.000 65.634
fl 0.000 0.000 12.085
f2 0.000 0.000 7.183
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