Ca' Foscari
University
of Venice

Department

of Economics WOI’kIng Paper

Tullio Buccellato
Riccardo Busin
Roberto Casarin
Giancarlo Coro

Endogeneity in Interlocks
and Performance Analysis:
A Firm Size Perspective

ISSN: 1827-3580
No. 25/WP /2020



Working Papers

Department of Economics

Ca’ Foscari University of Venice
No. 25/WP/2013

ISSN 1827-3580

Endogeneity in Interlocks and Performance Analysis: A Firm Size
Perspective

Thullio Buccellato
Economic Research Department, Confindustria

Riccardo Busin
Venice centre in Economic and Risk Analytics, Ca’ Foscari University of VVenice

Roberto Casarin
Ca’ Foscari University of Venice

Giancarlo Coro
Ca’ Foscari University of Venice

Abstract

This paper contributes to the literature on interlocking directorates (ID) by providing a new
solution to the two econometric issues arising in the joint analysis of interlocks and firm
performance which are the endogenous nature of ID and sample selection bias due to the
exclusion of isolated firms. Some key determinants of ID network formation are identified and
used to check for endogeneity. We analyze the impact of the positioning in the network on
firms’ performance and inspect how the impact varies across firms of different sizes drawing
on information relating to 37,324 firms in the interlocking network which, to our knowledge, is
the widest dataset ever used in approaching the study of ID. Our results, made robust for
endogeneity and sample selection bias, suggest that eigenvector centrality and the clustering
coefficient have a positive and significant impact on all the performance measures and that this
effect is more pronounced for small firms.

Keywords
Firm performance, intetlocking directorates, network formation, network econometrics

JEL Codes
C02, C26, G30, G34, D85, L14
Address for correspondence:
Giancarlo Coro
Department of Economics
Ca’ Foscari University of Venice
Cannaregio 873, Fondamenta S. Giobbe
30121 Venezia - Italy
Phone: (++39) 041 2349149
Fax: (++39) 041 2349210
e-mail: corog@unive.it

This Working Paper is published under the anspices of the Department of Economics of the Ca’ Foscari University of | enice. Opinions
excpressed herein are those of the anthors and not those of the Department. The opinions and views expressed in this paper by the anthors do
not reflect in any way the opinions and views of Confindustria as an institution. The Working Paper series is designed to divulge
preliminary or incomplete work, circulated to favour discussion and comments. Citation of this paper should consider its provisional character

The Working Paper Series Department of Economics
is available only on line Ca’ Foscari University of Venice
(http://www.unive.it/ngcontent.cfm?a_id=86302) Cannaregio 873, Fondamenta San Giobbe
For editorial correspondence, please contact: 30121 Venice ltaly

wp.dse@unive.it Fax: ++39 041 2349210


http://www.unive.it/nqcontent.cfm?a_id=86302)
mailto:dsepapers@unive.it

Endogeneity in Interlocks and Performance

Analysis: A Firm Size Perspective”

Tullio Buccellatof  Riccardo Busin'
Roberto Casarin® Giancarlo Corof

"Economic Research Department, Confindustria
* Ca’ Foscari University, Department of Economics

' Ca’ Foscari University, Venice centre in Economic and Risk Analytics

Abstract
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1. Introduction

Directors sitting on the same board share an enhanced level of trust, whereas directors sitting
on multiple boards allow spillover effects to go beyond the walls of the individual firm and
spread out over a wider network. Following the Resource Dependence Theory, Interlocking
Directorates (ID) widens access to resources by enhancing awareness of updates in
technology, finding appropriate resources to finance sizeable projects, assessing business
risks and opportunities, adopting cooperative strategies to penetrate new markets, and
sharing good practices and useful information to organize production efficiently. All this
positively affects the performance of the firm. On the other hand, agency theory investigates
the possibility of managers forming ties and connections for opportunistic reasons. This
behavior hence distracts from the optimal business administration of the firm and hinders
its performance. The rigid division between the opposite schools of thoughts may hide grey
zones where the effect of interlocking on the performance of the firm could vary according
to different characteristics of the firm itself or, alternatively, to the position that it covers in
the ID networks (Zona, Luis and Withers, 2018). See Caiazza and Simoni 2015, for an up-
to-date review of the empirical studies on the causes and effects of ID and Caiazza and
Simoni 2019 for a review from a historical perspective. This paper aims at filling some

relevant gaps in the econometrics of ID networks.

An original solution to some econometric issues arising in the analysis of the relationship
between ID network and firm performance is suggested. This analysis usually involves
centrality measures such as degree, eigenvector centrality and clustering coefficient, which
are metrics directly derived from the ID network and which capture different features of
how a firm participates in the network itself. As regards the performance indicators, these
are based on variables contained in annual balance sheets and pertain to four aspects, namely,
profitability, debt sustainability, financial independence, and productivity. This analysis
requires rigorous econometric methods to deal with two main sources of endogeneity. Firstly,
issues could arise relating to the possible selection of firms which become part of the ID
network. The probability of this occurrence could, in itself, be correlated with the
performance of the firm (Uzzi 1999; Rossoni, Aranha and Mendes-da-Silva 2017). Then,
centrality measures may be endogenous with respect to performance indicators since ID
network and performances may be simultaneously determined (Abdelbadia and Salama 2019;
Buscle 2008). Our analysis is designed to be robust with respect to the two sources of

endogeneity mentioned above. To this purpose we combine a two-stage procedure for



simultaneity-bias correction using a Heckman procedure for correcting sample selection bias
which requires the identification of the determinants of ID network formation as described
in Wooldridge 2010.The second contribution of this paper is to identify a number of key
variables showing their effectiveness when employed in correcting estimation bias. Taking
stock of previous studies, this paper analyses the affiliation network of 37,324 interlocked
firms in Italy. We begin by exploring the nature of the network and discern that it is not
randomly generated. The size, the geographic position, and the sector of the firm are key
factors affecting the intensity and shape of the network and, hence, important controls to be
considered when analyzing the relationship of ID and performance. Our empirical results
indicate that estimation bias heavily affects ID estimates as well as the performance
relationship when a standard regression approach is applied. Moreover, the magnitude and

sign of the bias change following the firm size.

Finally, the present study inspects how the impact of the interlock on the performances varies
across firms of different sizes. Several previous studies have addressed the open question of
how interlocking might affect firm performance (see Pfeffer 1972; Roomens, Cuyvers and
Deloof 2007; Wincent, Anokhin and Ortqvist 2010; Zona, Bellinzier and Grassi 2013; Croci
and Grassi 2014; Kamuriwo 2016). There is consensus on some recurring results such as, for
instance, that centrality measures such as degree are often found to have a negative impact
on profitability or on the value of firms listed in public stock exchanges. A common trait of
many of these studies is that they focus on large firms, often limiting the analysis to firms
that are publicly listed. Such limitation has made it difficult to have results which may be
generalized as is, also, the case of firms of smaller dimension. This paper applies inference
procedure robust for ID network endogeneity and provides evidence that eigenvector
centrality and clustering coefficient have a positive impact on firm performance, especially

for firms of smaller size.

The study is organized as follows. In the following section we outline the key findings in a
literature review related to ID. Section 3 introduces the data and the summary statistics.
Section 4 illustrates the econometric model. Section 5 discusses the involved regression

results. Finally, Section 6 presents our conclusions.

2. Literature review
Many studies have focused on the role that interlocking directorates (ID) could play in

affecting the performance of the firm. Most of the studies have focused on datasets



constituted by samples of large firms, often selected because listed on international stock
markets. If these studies have had the merit of analyzing quantitatively the effects of
interlocking, the fact of being based on limited samples of companies did not allow to
generalize the results to wider firm communities, especially small-sized ones. In this section,
we summarize some of the results paying attention to the data and method used to obtain

them.

Boyd 1990, based on a sample of 147 corporate firms listed on the stock exchange, conducted
an analysis using the ordinary least square and the maximum likelihood estimator to find that
firms with higher number of ties through having their directors on multiple boards exhibit
better performances in terms of faster increase in sales and higher returns on capital. The
underlying reason for the performance improvement is that more connected firms are more

shielded from the negative effects of uncertainty.

Phan et al 2003 study the effects of interlocking for a sample of 191 listed companies in
Singapore collecting information from several sources annual balance sheets and other
reports, articles in the news and magazines, documents issued by the stock exchange and
phone interviews. The results confirm the idea that interlocking is a way to gather
information on the environment where the firm operate, alleviating risks connected to

uncertainty (the authors find that their results are in line with Pfeffer e Salancik 1978).

Fich and Shivdasani 2004 conduct a panel data analysis on 508 firms from the Forbes 500 of
1992. The firms are selected based on being the larger in terms of sales, market capitalization
and profits over the period 1989-1995. The fixed effect regressions show that firms with
“buzy” directors, that is active on multiple boards, suffer worse performances in terms of

market-to-book ratio and profitability.

Non and Frances 2007 exploit a panel of 101 large firms from the Netherlands over the
decade 1994-2004 using information of the annual balance sheets as stored in the database
REACH. The study confirms the negative effect of “business” of the manager, which are
often part of cohesive groups of managers with multiple official assighments and meet
regularly with each others. The results also support the idea that more cohesion slows down
firms in taking decisions as they often seek unanimity, and that this might also negatively
affect the formation of critical and independent thought across boards of directors (Janis,

1982, e Mullen et al., 1994).



Roomens, Cuyvers and Deloof 2007 study a dataset of 286 companies connected to a holding
listed company and 2,136 independent companies in Belgium; with this dataset the authors
can control for both types of connections within and outside the group types of connections.
The results suggest that firms within the group do not suffer issues of business of their
manager and that the interlocking does not negatively affect the firm performance (nor

positively).

Koka and Prescott 2008 conduct an analysis on 422 firms forming 766 alliances across 48
countries but just with a net prevalence of firms in the metallurgic sector (166 firms). The
focus of the study is on strategic alliances and the different role that firms can play within
the ID network, that is as firms occupying prominent positions or just entrepreneurial
positions. The factor affecting performance is indeed the role and not the degree of
connectivity, firms in weaker positions tend to perform worse with respect to those
occupying strategic posts. Some of these relevant research questions can be formulated

through the following set of research hypotheses (RH):

RH 1: there are two sources of endogeneity of the ID network, that are ID and performance
simultaneity and ID participation choice, and the endogeneity can jeopardize the validity of

the ID and performance analysis if it is not properly treated.
RH 2: being central on the ID network has significant effects on the firm performance.

Among the few studies analyzing the impact of being part of a network for Small and
Medium Firms (SMEs) is the paper by Wincent, Anokhin and Ortqvist 2010. The dataset is
constructed to encompass 53 strategic networks of SMEs: such groups are formed on a
voluntary basis by firms with the clear objective of enhancing profitability, among firms
relatively geographically close; the network of firms is identified in Sweden through
interviews and qualitative research of the authors. The key purpose of the study is to assess
the effects on of the diversity in background and human capital within the board of the firm:
diversity appear to have a clearer effect on incremental research, whereas the level of
instruction tends to affect more radical innovation. A relatively negative effect on innovation
is instead played by the frequency of meetings of board members. Mazzola, Perrone and
Kamuriwo 2016 argue that the additional benefit in terms of innovation stems from the
presence of prominent directors from prominent firms in the interlocking letting trickle
down useful information to other firms in the network; being prominent firms in the network

also affects positively new product development.



Santos, Da Silveira and Barros 2012 analyze an unbalanced panel of around 320 firms listed
on the Brazilian stock exchange (BOVESPA) for three years to assess the impact of
interlocking on performance. This study is one of the most rigorous with respect to the
robustness of the results, obtained through the use of a wide set of regression models,
ranging from random effects, fixed effects to two stage least squares and the general method
of moments. The main result is again that managers sitting on multiple boards tend to be

associated with lower book values of the firms.

Larcker, So and Wang 2014 use information from the Corporate Board Member Magazine
Director Database on 115,411 and construct a panel of 6,600 firms and 52,000 directors over
the period 2000-2007. The sample is constituted by all the listed companies on stock
exchanges such as NYSE, NASDAQ and AMEX, in addition to very large companies with
sales exceeding § 1 billion. The results tend to find a positive relationship between centrality
in the network of the firm and future return on assets, especially for younger firms. The
positive effect goes in favor of the hypothesis that connectedness implies enhanced access

to resources such as information and capital.

Croci and Grassi (2014), based on OLS analysis implemented on data relating 282 firms, find
a positive effect of betweenness on firm value and a negative effect of centrality measures
such as degree and eigen centrality with respect to the value of the firm. As regards the effect
on return on assets they find a negative result, which this time is found also for betweenness;

the clustering coefficient is never significant.

Always referring to the case of Italian firms, Bellinzier and Grassi (2013) study the evolution
of the interlocking network between 1998 and 2011 of listed companies on Milan stock
exchange and find out that it has a persistent small world structure. The network is cohesive
thanks to few directors (big linkers) that tend to sit in many boards. Persistence in the
network is mainly due to the reduced number of families controlling the firms and to cross-
shareholdings of companies. The analysis refers to publicly listed company and the
companies occupying central positions in the network are those representing the pillars of

Italian capitalism: Pirelli SpA, Mediobanca, RCS, Italcementi.

Zona, Luis and Withers (2018) address the analysis of performance referring to a resource-
based and agency cost theory. According to the former conceptual framework interlocking
would enhance performance as it would relax the internal constraints of the single firm

allowing for access to a greater amount of resources, whereas according to the to the agency



cost theory ID would exacerbate the problems relating to managerial opportunism with
detrimental effects on performance. Based on GMM estimates on data relating 145 firms
over the period 2001-2006, the authors conclude that the final outcome in terms of
performance depends upon the dyadic relationship between the focal and the interlocked
firms: putting together the perspectives of agency and resource dependence shows that
executives may use interfirm tactics for different purposes and that this might depend on the
characteristics of the firm and of the interfirm relations. More in particular successful
interlocking are those between firms with limited resources that are coopted in the network
of richer and more powerful firms. As regards the implied results connected to the agency
cost-based theory, the interlocking might be more problematic when the firm is more
connected with fragmented ownership, that is with manager that are more independent from

providers and shareholders.

Brauno, Briones and Islasa 2019 analyse the interlocking directorate of 252 firms, in practice
nearly all the firms listed on the Chilean stock market, 1198 directors sitting on 1873 places
across the boards of these firms. The key result of the paper is that firms interlocked with

banks have superior market evaluations and tend to last longer on the market

Summarizing, several studies have been conducted worldwide to assess the effect of
interlocking directorates on the performance of the firm. The most of articles have focused
on large companies listed on public stock exchanges. The studies in general tend to suggest
that the degree has a negative impact on the profitability and value of the firm, and this could
result for instance from the business of the managers, which might lose focus from fostering
the fundamentals of the firm. However, results might change when analyzing the relationship
from different angles (e.g., agent based versus agency cost theory) or referring to specific
layers of the network (e.g., prominent versus entrepreneurial firms). The studies have usually
limited samples cutting out smaller firms. In conclusion two relevant questions related to the

size of the firms can be encoded in the following hypotheses.

RH 3: the magnitude of the impact of ID on firm performance varies according to the size

of the firm.

RH 4: the bias in the ID and performance relationship varies according to the size of the

firm when ID endogeneity is not treated propetly.



3. Data and interlocking network description

We use information on 94,018 limited companies with a turnover of at least 1,000,000 euros.
This threshold is selected after consulting with the association of Italian accountants, who
consider this size of turnover a milestone for individual firms to avoid endemic instability as
well as the risk of default. We exploit information on the composition of the board of
directors, as reported by each firm, to draw the map of ties between firms which takes the

shape of an undirected network.

In particular, we have access to data on the affiliation network in which the actors are the
company directors and the groups are the boards to which they belong. The network is
bipartite as it can be represented both considering each company or, alternatively, the
members of the boards as nodes. We refer to the first representation of the network, for
which each pair of firms is connected through a stronger tie and where the number of
common directors is higher. 56,694 firms are islands, that is, they do not share any of their
board members with other firms. The remaining 37,324 firms are part of the interlocking

network. Figure 1 provides a graphical representation of the network excluding the islands.
[FIGURE 1]

There are 7645 components in the network. The giant component has 15,357 observations
and the vast majority of other components are couples (39.2%) or triangles (18.2%).
Interlocking is a relatively frequent phenomenon across Italian firms as just less than 40% of
them exhibit at least one tie with at least one firm via sharing at least one director on their
respective boards. The average number of ties for each firm is 1.5 for the whole dataset, it

increases to 3.8 when islands are excluded, and the maximum degree is 65 (Table 1).
[TABLE 1]

Figure 2 shows the grouping of firms in the giant component according to their sector. A
simple inspection of the graphs highlights the presence of communities and nodes of
different levels of centrality. Nevertheless, drawing any conclusions may be arduous as the
network has many nodes and edges. Network statistics reveal the complex structure of the
glant component with an average degree of 6.05, an average clustering coefficient of 0.55,
108 communities, and a density of 0.0003 given by 91.5% of ties between macro-sectors and

by the 8.5% of ties within macro-sectors.



[FIGURE 2]

To provide a better graphical representation we focus on the firms that exhibit a higher level
of eigenvector centrality and isolate seven subcomponents of the network (Figure 3). As can
be noticed, there seems to be a pattern across sectors. The green dots represent all the firms
operating in ICT, whereas the red dots operate in retail-sales. Further, the dark blue dots
indicate in the health and medical sector and, finally, the light blue dots refer to the
manufacturing of machinery. The sectoral pattern in the distribution of ties suggests that the

formation of the network may not be random.
[FIGURE 3]

A closer look at the distribution of firms according to their degree as reported in Figure 4,
shows that the formation of the network follows a power law of exponent 2 where the
number of firms decreases monotonically across the logarithmic binning of the degree. This

result confirms the non-random nature in the formation of the network.
[FIGURE 4]

The spatial pattern that characterizes the structure of the network is confirmed through the
analysis of the distribution of the edges according to distance thresholds expressed in
kilometers (Figure 5). Neatly 40% of the connections in the network are established below a
distance threshold of 10 kilometers and, of these, more than a half happens within the same
postal code. The structure of the network weakens rapidly on higher distance arrays, but,
over 100km it tends to remain more persistent and to lose the monotonicity in the decreasing

pattern.
[FIGURE 5]

The extent to which firms are interconnected via their board members varies across different
sectors. Table 2 displays the percentage of firms that are interlocked by macro-sector. This
statistic varies substantially in the sample and ranges between the 80.2% of the energy sector
and the 30.5% of construction activities. The subsequent two sectors after the energy sector
exhibiting a higher degree of interlockings are financial and insurance activities, and real
estate activities. Table 2 also reports the average of three different measures of centrality
within the network. These are the degree, simply calculated as the number of firms with
which one given node (or firm) is connected; the eigenvector centrality, which is a score

proportional to the sum of the degrees of the neighbors; and, the clustering coefficient, which



is a measure of transitivity and cohesion regarding the way firms tend to interconnect with
each other'. The highest average degree is found for those activities relating to the provision
of electrical energy and gas, financial and insurance activities, and ICT (all with average
degree above 5). However, when considering eigen centrality, the ICT sector results are, on
average, the most central. These sectors also exhibit a relatively high level of cohesion as
captured by the clustering coefficient. The firms that are part of these subnetworks tend to
be highly interconnected among themselves, following the model “the friend of my friend is
also my friend”. The clustering coefficient is on average relatively high in the construction

sectofr.
[TABLE 2]

We then focus on manufacturing activities, which on average display a relatively low level of
interlocking (34.4%) even though, there is a relatively high variation across subsectors. The
two oligopolistic sectors of tobacco with just 8 firms in the sample, and coke and petroleum
have a higher frequency of interlocking (87.5% and 70.6% respectively). Overall,
manufacturing exhibits the lowest degree (1.1), but hides a high heterogeneity across the sub-
sectors considered individually. The sector of hydrocarbon processing is the one that also
exhibits one of the highest degrees (5.033). The next sector with a relatively high average
degree is the one relating to metallurgic economic activities (4.045), which is also the sector
characterized by the highest clustering coefficient. When it comes to eigenvector centrality,

the machinery sector is associated the highest average score (0.005).
[TABLE 3]

Besides geography and sector membership, the third determinant for the formation of the
network is the size of the firm. Larger firms are much more likely to be part of an ID network
and, in fact, 70.3% of the firms of the sample have at least one connection with others.
Participation in the ID network is inversely proportional to the size of the business. In our
sample, just over one firm in two are interlocked among medium-sized firms. Small firms
and micro firms are interlocked to a lesser degree (at 30% and 28.4% respectively). The same
pattern is found for the centrality measures with degree, eigenvector centrality and clustering

coefficient on average increasing with the size of the firm (Table 4).

1 See Appendix A.1 for further details and Newman 2010 for an extensive discussion of these
measures of transitivity.
2 Newman 2010, pp.198.
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[TABLE 4]

4. 'The econometric method

In this section we investigate how interlocking affects the performance of the firms. The
endogeneity of the network and an econometric treatment of this issues is discussed with the
introduction of new instrumental variables. The relationship with the geographical proximity

and the firm size is considered in the other sections.

We propose a simple econometric model, which alternate as dependent variables indicators
of performance relating profitability, sustainability, the capability of the firms to find financial
resources autonomously, and a variable to measure the efficiency in the productive process.
We use three indicators of network centrality - degree to which we and some control variables
that are standard for models at the firm level. We construct a model that takes the following

shape:
Performance; = By + BConnect; + ,Size; + [3Age; + Bs Latit;
Pe Longit; + B;_go DumSector;_g3; + & (1)

Where the dependent variable Performance; is alternatively: the return on equity (ROE) as
the proxy for profitability, the ratio between the debt and the earnings before interest, taxes,
depreciation, and amortization (DEBTEBITDA) as an indicator of sustainability, the index
of financial independence obtained as the ratio between own capital and total assets and
productivity measured through the natural logarithm of the ratio between value added and

the number of employees.

Connect; are measures of centrality for the firm i in the network added gradually to the model
to test their combined effect on performance: the degree and, alternatively, the eigenvector
centrality or the clustering coefficient. These metrics offer different perspectives to evaluate
how the connectedness of the firm with the interlocking network affects the performance of
the firm itself. As briefly anticipated above, the degree, i.c. the number of edges pertaining
to each individual node, is the simplest measure of centrality providing information on the
number of firms with which each individual firm is connected. Eigenvector centrality is an
additional metric considered that takes into account also the importance of the neighbors to
which each individual firm is associated, i.e. assigning to each node a value proportional to
the degree of its neighbors. The last network metric considered is the clustering coefficient,

simply calculated as the ratio of the number of pairs of neighbors of a given node that are

11



connected to the overall number of pairs of that given node; such metric is informative on

the cohesion of the local network to which a given node belongs.

We consider four additional variables designed to control for firm fixed effects: Size; is the
natural logarithm of the number of employees in the firm; Age; is the number of years since
when the firm has been incorporated; Latit; and Longit; are the geographical latitude and
longitude of the postal code where the firm is positioned; DumSector;_g3; is a set of 83
dummy variables which take value one when the firm is classified with a certain economic

activity INACE two digit) and zero otherwise.

The model in Equation (1) can be estimated by GLS, nevertheless, the inference might suffer
two order of problems: (i) the method do not consider the possibility that performance and
centrality measures could be determined simultaneously; (ii) the fact of being part of the ID

network can make the centrality measures endogenous in the selected sample.

To deal with endogeneity we follow the approach proposed in Abdelbadia and Salama (2019)
of using the board size BoardSize; as an instrument and implementing a two stage least
square (2SLS) regression model (See Buscle 2008 for a discussion on controlling endogeneity
and on the use of 2SLS). On average the 94,018 firms in the dataset have 3.5 board members,
the median of the distribution is 3 and the maximum number of board members is 37. Board
size could be a suitable instrument for the centrality measure of degree, however we need
also a variable to instrument eigenvector centrality and the clustering coefficient. To do this
we compute the board size obtained as the sum of all the directors in the boards of the
degree-neighbors of each individual firm we label such variable eigen board size

LocalBoardSize; (see See Appendix A.2).

To deal with the second issue relating the possible sample selection bias we adopt the
procedure suggested by Wooldridge 2010, ch. 19, which consists in estimating preliminary
the Mills ratio through the probit and then using the estimated ratio as a regressor in the

second stage of the two stage least square.

Operatively, we adapt the model depicted in Equation 1 to account for the two possible
sources of bias affecting our sample, by first estimating the Mills ratio through a probit
regression and then proceeding to estimate a two stage least square regression, encompassing
in the first stage the instruments of board size and local board size and in the second stage

the Mills ratio and the instrumented variables for centrality measures.
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IDnetwork; =y + y,BoardSize; + y3Size; + y,Age; + y¢lLatit;
+y;-g9 DumSector;_g3; + €; (2)
Where IDnetwork; is a dummy variable, which takes value 1 if a firm is part of the
network and 0 otherwise.
Connect; = y + y,BoardSize; + y,LocalBoardSize; + y3Size; + y,Age;
+yeLatit; + y;_gg DumSector;_g3; + w; 3)
From Equation 3 we obtain the instrumented variables for degree and eigen centrality, i.e.

the two variables for which board size and eigen bord size have been proved to be valid

instruments.

We can hence construct a new model in which the estimated Mills ratio is included among
the regressors and the network centrality metrics are replaced by their respective
instrumented variables:

Performance; = fy + BConnect; + f,MillsRatio; + 3Size; + [,Age;
+p5 Latit; + Pg_go DumSector;_g3; + U; (4)

5. Empirical results
We start by estimating the model using the generalized least square method (GLS); the results

are reported in Table 5. The block of 4 regressions 1-4 only includes degree as a measure of
the centrality of the firm in the network. The results suggest that centrality may have a
negative and significant effect on profitability and a positive effect on financial independence
and productivity. Conversely, it does not exert a significant effect on the degree of
indebtedness. In columns 5-8 we report results that also include eigenvector centrality among
the regressors. Here, the sign and significance of the coefficients associated to degree remain
the same, whereas eigen centrality exerts a positive and significant effect on profitability and
a negative and significant effect on financial independence and productivity. The sign with
respect to Debt/EBITDA is negative, even though it remains insignificant. Most strikingly,
eigen centrality, that should possibly capture at best the “authority” of the firm in the
network, appears to exert a negative effect on financial independence. As regards the
clustering coefficient (columns 9-12 of Table 5), it appears to have a negative and significant
effect on profitability, and a positive and significant impact on financial independence and

productivity.
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[TABLE 5]

We study the effects of interlocking network endogeneity by comparing the previous results
with the results obtained with the two-stage least square regression including the sample
selection bias correction. First, we assess the validity of the instruments and check whether
they are highly correlated with the centrality measures and poorly with the performance
indicators. Table 6 displays the correlation of the board size and the eigen board size with
respect to the four variables of performance used alternatively as dependent variables and
where the network metrics are used as key regressors. The two candidate instruments are
pootly correlated with all dependent variables, where correlation is always below 0.1, and
correlated to a higher extent just with the three centrality measures of degree, eigenvector
centrality and clustering coefficient. Hence, we conclude that board size is only a valid
instrument for degree, whereas eigen board size is also valid for eigen centrality and clustering

coefficient.
[TABLE 0]

Table 7 displays the results as robust to the simultaneity problem obtained through the bias
correction procedure. The new results differ substantially from those reported in Table 5. In
fact, eigenvector centrality now displays a positive and significant effect on profitability,
financial independence and productivity, and a negative and significant impact on the degree
of indebtedness. The results associated to the clustering coefficient are now in line with those
relating eigenvector centrality. In short, correcting for endogeneity brings results that are
more clearly in favor of the hypothesis that centrality and cohesion in the network matter in
determining the performance of the network under all respects. These results confirm the
hypothesis of two sources of endogenecity of the ID networks: the ID and performance
simultaneity and the ID participation choice of a firm (RH1). Moreover, the ID endogeneity
has an impact on the estimates (RH2) when GLS are used instead of 2SLS procedure in

combination with the Heckman’s correction.
[TABLE 7]

We inspect how the relation between performance and centrality measures varies across
groups of firms of different sizes. Given the relatively small difference in the average values
of centrality measures for micro and small firms, we only perform three blocks of results for

micro and small firms, medium firms and large firms (Tables 8a, 8b and 8c respectively). Our
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findings suggest that occupying central positions in the network matters more for small firms
compared to medium and large ones, which provides evidence in favor of the hypothesis

RH3.
[TABLE 8a,8b,8¢|

Endogeneity issues are also found to have a considerable impact on the results when they
are analyzed by firm size. Appendix A3 reports results by size not controlling for the possible
sources of endogeneity. In other words, they are produced by using the method of
generalized least squares. For instance, the coefficient relating eigen vector centrality has
often opposite sign with respect to the regressions robust to endogeneity. This becomes
negative while remaining significant for financial independence and productivity and it
remains negative but completely loses significance in the case of indebtedness. Our results
support the hypothesis that bias varies according to the firm size (RH4) when ID endogeneity

is not treated.

6. Conclusions
In this paper we study the affiliation network of firms and boards of directors. The

descriptive analysis provides itself interesting insight on the nature of interlocking
directorates. First of all, it appears that the majority of firms are “islands”, that is, they are
not connected to any other firm across the network. Further, the degree of connectedness

decays rapidly in the number of observations.

We show that the pattern of decay follows a power law, confirming the non-random nature
in the formation of the ties. We discuss the contribution of three factors affecting the
formation of the network which are belonging to a specific sector, the geographic distance
between vertices and the size of the firm. Our findings suggest that the majority of the links
occur within the firm’s geographical neighborhood, 40% take place in a range of 10Km, 66%
in a range of 100 km and more than 75% in a range of 200 Km. And, with respect to the
interlocking sector composition, we find that there are some types of activities that, for their
nature, are more central than others. These are the provision of electric energy and gas,
financial and insurance activities, and ICT-related activities. Firms operating in these sectors
not only tend to exhibit higher degree, but also eigenvector centrality and clustering

coefficient.
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The third determinant in the pattern of formation of the network is size. Larger firms on
average have higher probability of being part of the ID network with respect to medium and
small firms. The participation patterns do not seem to vary substantially between small and

micro firms.

We then conduct an econometric analysis to assess the impact of the positioning of the firm
in the network on its performance. We find confirmation that results obtained through the
GLS method suffer a bias due to a double source of endogeneity between performance and
centrality metrics. Here, the sample selection effect of firms is part of the network and
simultaneity, the determination of the centrality measures, and performance. To deal with
this, we implement a regression strategy consisting in first estimating the Mills’ ratio through
an auxiliary probit regression and then implementing a two stage least square that
incorporates the estimated ratios in the second stage, as per Woolridge 2010. Following the
literature, we also use board size as an instrument, which is found to be valid for degree. We
then propose a new instrument for eigen centrality and the clustering coefficient where the
instrument is obtained by considering the overall number of directors sitting in the boards

of the degree-neighbors of the firm.

Our results suggest that eigenvector centrality and the clustering coefficient have a positive
and robust effect on profitability, financial independence and productivity and a negative
effect on the degree of indebtedness of the firm. Interlocking, even if rarer, seems to be more

beneficial to small firms with respect to large ones.
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Tables and figures

Table 1 — Descriptive statistics of the network

Minimum Maximum Mean Skewness St.Dev Obsetvation
Complete network 0 65 1,5 5,2 3,6 94018
Network without islands 1 65 3,8 38 4,9 37324
% interlocked 39,7%

Source: anthors’ calculations based on Aida Burean VVan Dijk
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Figure 1 — The interlocking network (larger node size and darker node color indicate higher degree)

Source: anthors’ calculations based on Aida Burean VVan Dijk.
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Figure 2 — The sector decomposition (different colors) of the giant components
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Figure 3 — A selection of the firms exhibiting higher levels of eigenvector centrality
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Figure 4 — The distribution of firms according to degree follows a power law
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Source: anthors’ calculations based on Aida Burean Van Dijk.
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Figure 5 — The distribution of ties according to distance.
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Table 2— The degtee, eigen centrality and clustering coefficient by macro-sector

% of firms Average i\i;:?viector 31:25; Observation
Macrosector interlocked degree centrality coef.
Agriculture, silviculture and fishing 53,4% 2,02 0,002 0,20 2194
Mining 55,3% 1,45 0,001 0,23 266
Manufacturing 34,4% 1,06 0,001 0,15 32701
Electric, gas and steam power 80,2% 4,99 0,006 0,49 789
Water, sewerage, and waste 47,9% 1,79 0,001 0,19 1128
Constructions 30,5% 1,15 0,002 0,13 6745
Retail and wholesale commerce, repairing
of auto and motorcycles 33,2% 1,17 0,001 0,14 21490
Transport and storage 42,9% 1,66 0,001 0,20 5460
Hotel and restaurants 43,4% 1,44 0,001 0,21 2632
Information and communication 51,6% 2,80 0,015 0,25 3482
Financial and insurance activitites 69,1% 419 0,004 0,27 1617
Real estate activities 69,1% 2,99 0,005 0,38 2247
Professional, scientific and technical
activities 53,4% 2,46 0,003 0,24 4818
Rental, travel agencies and other services of
support for the firms 45,7% 1,76 0,001 0,20 3635
Instruction 46,3% 1,59 0,001 0,16 480
Health and social assistance 46,7% 2,22 0,005 0,21 3077
Art, sport and entartainment 50,3% 2,35 0,002 0,21 753
Other services 34.9% 1,34 0,001011 0,13 504
Tot. Obs. 94018

Source: anthors’ calculations based on Aida Burean Van Dijk.
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Table 3 — The degtee, eigen centrality and clustering coefficient by manufacturing sector

% of firms  Average A.verage Average .

interlocked  degree eigenvector clustering Observation

Sector centrality coef.
Food 42.2% 1,38 0,001 0,17 2637
Beverage 51,1% 1,85 0,001 0,20 511
Tobacco 87,5% 3,38 0,003 0,13 8
Textile 35,7% 0,95 0,001 0,14 1287
Apparel and leather 26,7% 0,95 0,001 0,12 1819
Wood products (excl. Furniture) 21,1% 0,51 0,000 0,08 755
Paper 37,0% 1,10 0,001 0,17 735
Printing 26,2% 0,85 0,001 0,11 694
Coke and petroleum 70,6% 3,55 0,002 0,33 85
Chemical 46,7% 1,67 0,001 0,23 1255
Pharmaceutical 57,8% 1,92 0,001 0,26 268
Rubber and plastic 37,1% 1,04 0,001 0,17 2063
Non metal minerals 40,3% 1,16 0,001 0,16 1259
Metallurgy 47,6% 1,93 0,001 0,27 846
Metal products (excluding machineries) 24.9% 0,66 0,000 0,10 6895
Electronic and precision equipment 38,2% 1,17 0,001 0,16 1056
Electric and domestic equipment 38,3% 0,99 0,000 0,17 1451
Machinery 37,4% 1,28 0,002 0,18 5210
Autovehicles 43,9% 1,40 0,001 0,21 545
Other transport 36,8% 1,23 0,001 0,17 302
Furniture 24.7% 0,65 0,000 0,11 1046
Other 29,9% 0,83 0,001 0,12 1974
Tot. Obs. 32701

Source: authors’ calenlations based on Aida Burean Van Dijk.
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Table 4 — The degtee, eigen centrality and clustering coefficient by firm size

. % of firms Average Average .

Size . Average degree  eigenvector > Observation
interlocked . clustering coef.
centrality

Micro (<10 employees) 34,2% 1,25 0,001 0,15 32104

Small (10-49 employees) 35,3% 1,21 0,002 0,15 43648

Medium (50-249 employees) 56,4% 2.4 0,004 0,27 14721

Large (>250 employees) 74,5% 4,08 0,005 0,37 3545

Tot. Obs 94018

Source: anthors’ calenlations based on Aida Bureau 1V an Dijk.
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Table 5 — Generalized least squate regression results

©) ¢ ©) ©) ©) © ©) ® ©) (10) (11 (12)

VARIABLES ROE Debt/EBITDA miﬁiﬁﬁﬁce Productivity ROE Debt/EBITDA ini;:;‘;?ice Productivity ROE Debt/EBITDA inigiizgce Productivity
Degree -0.00460 0.000139 00220+ 002825+ 0,053 1% 0.00150 0.0367+%* 0.0375%+* -0.00719 0.00264 0.0130%+* 0.0226%+*

(0.00541) (0.00619) (0.00425) (0.00478) (0.00545) (0.00848) (0.00506) (0.00586) (0.00561) (0.00713) (0.00445) (0.00503)
Eigen centrality 0.071 85k -0.00192 -0.0211%%% -0.0129%x

(0.00546) (0.00341) (0.00327) (0.00386)
Clusteting coef. 0.00920%* -0.00954 0.0325%#* 0.0192%kk
(0.00454) (0.00633) (0.00439) (0.00475)

Size 0.0296%+* 0.00992 0.0177%% 0.262%%* 0.0363%+* 0.00973 ~0.0198%#* 0.260%+* 002925+ 0.0103 ~0.0190%#* 0.261%%*

(0.00531) (0.00816) (0.00508) (0.00569) (0.00531) (0.00801) (0.00509) (0.00571) (0.00531) (0.00828) (0.00507) (0.00570)
Age 0,117k 0.0115% 0.237%%k 004545+ 0.118%#* 0.0115% 0.237%%k 0.0455%+* 0.116%r* 0.0109% 0.239%%* 0.0465%+*

(0.00670) (0.00645) (0.00520) (0.00620) (0.00668) (0.00645) (0.00519) (0.00620) (0.00671) (0.00646) (0.00520) (0.00621)
Latitude 0.041 1% -0.00700 005645+ 0.0647%%% 0.0449%%x -0.00712 0.0553%%% 00640+ 0.0409%+* -0.00677 00558+ 0.0643%%*

(0.00647) (0.00678) (0.00627) (0.00712) (0.00647) (0.00679) (0.00627) (0.00713) (0.00647) (0.00677) (0.00627) (0.00713)
Longitude 0.00885 -0.00835 0.00659 ~0.0291%#% 0.0140% -0.00853 0.00496 -0.0302%#% 0.00889 -0.00835 0.00673 ~0.0291%%

(0.00635) (0.00719) (0.00627) (0.00712) (0.00632) (0.00721) (0.00628) (0.00713) (0.00636) (0.00719) (0.00627) (0.00712)
Constant ~0.284%k% 0.129%%* ~0.279%k* 0.291%%* ~0.263%% 0.128%%* ~0.285%#% 0.287%%* L0.287#% 0.133%%x ~0.292%%% 0.284%%x

(0.0218) (0.0300) (0.0302) (0.0433) (0.0219) (0.0302) (0.0301) (0.0433) (0.0218) (0.0300) (0.0301) (0.0433)
Sector controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 34,557 30,742 35,859 32,202 34,557 30,742 35,859 32,202 34,557 30,742 35,859 32,202
R-squared 0.044 0.007 0.126 0.096 0.051 0.007 0.127 0.096 0.044 0.007 0.127 0.097

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 6 - Correlation to test the validity of the instruments

Eigen Clustering Financial
Degree centrality coef. ROE Dent/EBITDA Independence  Productivity
Board size 0.365 0.089 0.149 -0.084 0.018 0.039 0.006
Eigen board size 0.926 0.501 0.416 -0.019 0.002 0.029 0.049

Source: anthors’ calenlations based on Aida Burean VVan Dijk.
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Table 7 Heckman two-stage least square regression results

) @ ©) * ®) © ) ®) O (10) ) 12
VARIABLES ROE  Debt/EBITDA ini;:ﬁgz“ice Productivity ROE  Debt/EBITDA ini;:r‘l‘flgce Productivity ROE  Debt/EBITDA ini;:zfice Productivity
Degree -0.176%% 0.0491 003919 0.0954% | 0,300 0.0866* 007785 01858 | 0,032 0.0197 -0.00788 -0.0325%#*
(0.0148) (0.0311) (0.0154) 0.0182) (0.0326) (0.0484) (0.0266) (0.0350) (0.00801) (0.0182) (0.00779) (0.0101)
Eigen centrality 0.4267 0,119 01295+ 0.277#5
(0.0506) (0.0558) (0.0372) (0.0494)
Clustering coef. 0.336+ -0.109% 0.109% 0.255%**
(0.0277) (0.0500) (0.0287) (0.0347)
Mills ratio -0.00870 6.23¢-05 0019855 0.0404%F% | 00167+ 0.00264 0.02209F%  0.0448%6F | 0.0271 -0.0109 -0.00832 -0.0148*
(0.00708) (0.0115) (0.00735) (0.00735) (0.00766) (0.0124) (0.00756) (0.00777) (0.00754) (0.00881) (0.00727) (0.00763)
Size 0.0676%++ -0.00181 -0.0147%+ 0.267#% 0.0632+5+ -0.000811 -0.0159%+ 0.267#5 0.0284+5+ 0.00990 -0.0273#* 0.235%*+
(0.00769) (0.00942) (0.00725) (0.00827) (0.00784) (0.00963) (0.00720) 0.00846) (0.00736) (0.0125) (0.00676) (0.00789)
Age -0.127%5% 0.0146%* 0.236%5* 0.04545 -0.121%5 0.0126* 0.238 %+ 0.05007+ 0,101 %5 0.00626 0.245%+ 0.063 1+
(0.00680) (0.00677) (0.00542) (0.00640) (0.00695) (0.00693) (0.00542) (0.00654) 0.00727) (0.00806) (0.00558) (0.00669)
Latitude 0.0419%5+ -0.00817 0,054+ 0.0612%% | 0.0626+ -0.0141% 0.0618#++ 0.07714F% | 0.0362% -0.00491 0.0537#++ 0.0588+*
(0.00658) (0.00671) (0.00629) (0.00721) (0.00700) (0.00768) (0.00659) (0.00761) (0.00702) (0.00670) (0.00632) (0.00744)
Longitude 0.00472 -0.00744 0.00464 2003355 | 00391k -0.0193% 0.0161%* -0.00633 0.0108 -0.00848 0.00703 -0.0203 %5+
(0.00657) (0.00722) (0.00629) (0.00722) (0.00741) (0.00872) (0.00691) (0.00820) (0.00687) (0.00722) (0.00630) (0.00746)
Constant 0,168+ 0.0943+* 0,224 0.380%++ -0.135%5* 0.0863* -0.215%5F 04125 0,446+ 0.192%% -0.317%5% 0.205%++
(0.0268) (0.0423) (0.0337) (0.0461) (0.0302) (0.0451) (0.0347) (0.0488) (0.0278) (0.0348) (0.0326) (0.0451)
Sector controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 34,556 30,741 35,858 32,201 34,556 30,741 35,858 32,201 34,556 30,741 35,858 32,201
R-squared 0.004 0.121 0.076 0.093 0.120 0.027

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 8.2 Heckman two-stage least square regression results for small firms (<50 employess)

0 @ © O ) © 0 ®)
VARIABLLS ROE Debt/EBITDA i;‘:ggﬁ o Productvity ROE Debt/EBITDA ini;:igg o Productivity
Degree 0.316%* 0.0543 ~0.0925%#% 0.0587* L0.126%* 0.0160 00152 -0.00468
(0.0333) (0.0356) (0.0330) (0.0353) (0.0131) (0.0161) (0.0133) (0.0165)
Eigen centrality 0.470%+ -0.0838* 0.178%+x 0.129%*
(0.0631) (0.0460) (0.0509) (0.0502)
Clustering coef. 0.367%%* -0.0787* 0.160%%* 0.126%%*
(0.0390) (0.0422) (0.0419) (0.0458)
Mills ratio -0.00980 0.00777 ~0.0224%5% 0.00128 0.0287%+* ~0.000579 -0.00639 0.0135%
(0.00808) (0.00669) (0.00840) (0.00848) (0.00802) (0.00678) (0.00790) (0.00802)
Size 0.116%+* 0.0234%+ ~0.0584%5% 0.529%+%* 009425+ 0.0276%+* ~0.0692%#* 0.519%%*
(0.0120) (0.0102) (0.0113) (0.0138) (0.0118) (0.0102) (0.0112) (0.0140)
Age ~0.148%k% 0.0113 0.263%%* 0.0200%%* L0.127%% 0.00679 0.272%%% 0.0261 %%+
(0.00832) (0.00756) (0.00662) (0.00768) (0.00888) (0.00757) (0.00704) (0.00805)
Latitude 0.0612%%* -0.00684 0.0610%+* 0.0737%%* 0.0451 %%+ -0.00294 0.0539%+* 0.0685%+*
(0.00806) (0.00811) (0.00793) (0.00873) (0.00857) (0.00826) (0.00786) (0.00864)
Longitude 0.0215%* 0.0137 0.0149% ~0.0291%#% 0.00897 -0.00893 0.00817 ~0.0355%#*
(0.00846) (0.00925) (0.00818) (0.00877) (0.00848) (0.00913) (0.00785) (0.00832)
Constant L0.133%k% 0.126%%* ~0.250%#% 0.543%%% ~0.426%% 0.194%%x ~0.380%% 0.455%%x
(0.0314) (0.0360) (0.0377) (0.0507) (0.0322) (0.0386) (0.0370) (0.0471)
Sector controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 24,243 20,637 25,168 21,735 24,243 20,637 25,168 21,735
R-squared 0.000 0.096 0.131 0.002 0.116 0.143

Robust standard errors in parentheses. *** p<<0.01, ** p<0.05, * p<0.1
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Table 8.b Heckman two-stage least square regression results for medium firms (50 < employees <250)

©) (&) ©) Q) ©) ©) ™ ®
VARIABLES ROE  Debt/EBITDA ini;gﬁfﬁce Productivity ROE  Debt/EBITDA ini;:gﬁfice Productivity
Degree ~0.266%%* 0.172%* -0.0247 -0.0844 ~0.0627%%+ 0.0449%* -0.00553 -0.0129
(0.0587) (0.0758) (0.0513) (0.0538) (0.0158) (0.0213) (0.0149) (0.0142)
Eigen centrality 0.294#4% -0.181%+ 0.0279 0.102*
(0.0663) (0.0796) (0.0557) (0.0586)
Clustering coef. 0.368++* -0.218%* 0.0323 0.118*
(0.0696) (0.0864) (0.0637) (0.0624)
Mills ratio -0.0760 0.0398 ~0.185%%x ~0.113%%+ -0.00919 -0.0127 L0.178%%+ -0.0891 %+
(0.0473) (0.0454) (0.0350) (0.0326) (0.0437) (0.0354) (0.0310) (0.0279)
Size 0.133%+* -0.00281 0.0260 0.759%+* 0.0827#%x 0.0174 0.0220 0.743%5+
(0.0231) (0.0302) (0.0192) (0.0198) (0.0236) (0.0306) (0.0198) (0.0208)
Age ~0.0492%#% 0.0283%* 0.204%5% 0.0923%#* -0.0235 0.0115 0.206%%+ 0.101 %%+
(0.0143) (0.0142) (0.0105) (0.00977) (0.0159) (0.0145) (0.0113) (0.0105)
Latitude 0.0458%#% -0.0330%* 0.0428%#% 0.0389%#* 0.00191 -0.00559 0.0380%*+ 0.0250%*
(0.0148) (0.0141) (0.0128) (0.0116) (0.0152) (0.0125) (0.0124) (0.0109)
Longitude 0.0618%** -0.0538%** 0.00948 -0.00711 0.0128 0.0237* 0.00527 ~0.0225%*
(0.0156) (0.0179) (0.0139) (0.0135) (0.0144) (0.0138) (0.0119) 0.0112)
Constant -0.208%* 0.127 -0.00623 ~0.864%%+ L0.572%%x 0.111 -0.0405 0,987k
(0.0952) (0.134) (0.105) (0.112) (0.0782) (0.103) (0.0899) (0.0926)
Sector controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 7,818 7,654 8,110 8,063 7,818 7,654 8,110 8,063
R-squared 0.172 0.357 0.177 0.369

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 8.c Heckman two -stage least square regression results for large firms (employees 2250)

M @ o) @ ©) © 0 ®)
VARIABLES ROE  Debt/EBITDA ini;gﬁfﬁce Productivity ROE  Debt/EBITDA ini;:gﬁfice Productivity
Degree ~0.300%* 0.214 0.0837 ~0.409%* 0.00542 -0.00558 -0.0161 -0.00836
(0.131) (0.312) (0.0996) (0.189) (0.0158) (0.0664) 0.0114) (0.0149)
Eigen centrality 0.520%* -0.359 -0.170 0.674%+
(0.229) (0.421) (0.166) (0.343)
Clustering coef. 0.275%%* -0.182 -0.0864 0.388+¢*
(0.0805) (0.198) (0.0781) (0.107)
Mills ratio 0.241%+ 0.221%* 0.0256 0.312%* 0.0534 -0.0726 0.0856 ~0.663%%*
(0.118) (0.112) (0.104) (0.158) (0.127) (0.213) (0.116) (0.180)
Size 0.127+* -0.0353 0.00549 0.627#%x 0.0189 0.0371 0.0399% 0.481 %5+
(0.0500) (0.0563) (0.0367) (0.0719) (0.0290) 0.0711) (0.0208) (0.0316)
Age 0.0129 -0.0690 0.134%5% 0.108%*+ -0.00227 -0.0581 0.138%*+ 0.0910%*+
(0.0281) (0.0548) (0.0197) (0.0271) (0.0267) (0.0459) (0.0195) (0.0233)
Latitude 0.101%* -0.0655 0.0315 0.0027+* 0.0217 -0.00725 0.0559%* -0.0166
(0.0402) (0.0762) (0.0306) (0.0467) (0.0240) (0.0420) (0.0257) (0.0287)
Longitude 0.114%%* -0.0156 -0.0159 0.120%* 0.0377* 0.0379 0.00836 0.0141
(0.0414) (0.0704) (0.0312) (0.0542) (0.0209) (0.0260) (0.0223) (0.0237)
Constant ~0.397%5% -0.0202 ~0.461%* 1.360%%+ ~0.601 %%+ 0.139 -0.398%* 1676
(0.118) (0.305) (0.190) (0.199) (0.106) (0.161) (0.192) (0.179)
Sector controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 2474 2,428 2,539 2,383 2,474 2,428 2,539 2,383
R-squared 0.108 0.050 0.176 0.206

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Appendix A

A.1 Network connectivity measures
We denote the interlocking directorate network with n firms as follows G = (N,E,W) where N =

{1, ...,n} is the node set, E € N X N the edge set, and W c R™" real-valued edge weights matrix. See
(Newman, 2010) for an introduction to network theory. The interlocking connections are encoded in by

binary variable

Aij={1 if (i,j) €E 1)

0 if (,j))&E
which takes value 1 if there is at least one board member in common between firms i and j.
We measure the connectivity of node, through different connectivity measures which offer different

perspectives on the level of connectedness of the firm and of its role in the connectivity structure of the

interlocking network. We consider the node degree

d; = Zn: A (A.2)

which is the number of edges pertaining to each node, is the simplest measure of centrality providing

information on the number of firms with which each individual firm is connected.

We consider an additional measure of direct connectivity, the weighted degree of a node i

n

dj’ = Z Wi;A;j (4.3)

j=1
where the weight W;; represents the number of common board members between firm i and j. This
measure accounts for the strength and magnitude of the ties, that is not only whether two firms share at

least one director of their boards but also the number of directors in common: the higher is the number

of members of the board shared, the greater is weight associated to the edge bridging the two firms.

Degree measures are direct connectivity measures, and do not account for indirect connections. We

consider as a local indirect connectivity measure the clustering coefficient

c; =n;t A; (4.4)
i i ik

where n; is the number of firms connected to the firm i that is the cardinality of the set N; =

{j € N|(i,j) € E}. It is the ratio of the number of pairs of neighbors of a given node that are connected
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to the overall number of pairs of that given node; such metric is informative on the cohesion of the local

network to which a given node belongs.

As global connectivity measure we consider ezgenvector centrality that takes into account also the importance
of the neighbors to which each individual firm is associated, i.e. assigning to each node a value

proportional to the degree of its neighbors. The eigenvector centrality x; is the solution of the system
n
X Z)L_leijxj' i = 1,...,7’1 (AS)
j=1

where A is a weight.

Another indirect connectivity measure considered is the betweenness centrality

-1
bi = Z Skj Z Skj(l) (A 6)
K,JEN k,JEN K, j#i
where sy is the number of shortest paths between nodes k and j and sy (i) is the number of shortest
paths between nodes k and j whch go through the node i. The betweenness centrality is global

connectivity measure. More information pass through a node the higher will be its centrality.

The bridging coefficient of a node measures the extent how dense are the regions the node is connecting and

is given by

rp=d;t z dit (4.7)

The bridging centrality used in our analysis combines betweenness centrality and bridging coefficient: g; =
b;r;. Nodes with large bridging centrality connect densely connected network regions and are important

from an information flow standpoint.
We investigate the role of a node in the connectivity between sectors and propose a local concentration.
Define with § = {1, ..., m} the set of all sectors, with s; € S the sector of the node i and with

-1
qr = Z Ajj Z Ajj (A.8)
JEN; JEN;(k)
the proportion of neighboring nodes from sector k, where N;(k) = {j € N|(i,j) € E, s; = k} is the set
of all nodes connected to i which are in the sector k € S. We define the local concentration index as

follows
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Hi=1-) g (4.8)

kEs;
where S; = {Sj € S|(i,j) € E} is the list of neighboring sectors of the node i. If all firms connected to the
firm i are from the same sector, then the set S; has only one element, ;=1 and the index H; takes value
0. If the firm i is connected to d firms all from a different sector, then the set N;(k) has only 1 element,
the set S; has exactly d elements, g =1/d and the index H; = 1 — 1/d. Thus the index, measures the level

of diversification of the all firms connected to a given firm. A weighted version of the index is proposed

-1

H=1-Ya, a=|Dv] > (4.9)

kES; JEN; JEN;(k)
where Vj,j € N is a sequence firm-specific variables such as turnonver or value added.

A.2 Instrumental variables
Let B; the board size of the firm i, we define the local board size as

LB; = Z By (A.10)

KEN;

where N; = {j € N|(i,) € E} is the set of neighboring firms of the firm i.
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A.3 GLS results by firm size

Table 9.a Generalized least square regression results for small firms (<50 employess)

(1) (2) (3) (4) (5) (6) (7) (8)
ROE Debt/EBITDA . nancial o ctivity ROE Debt/EBITDA . Fnancial o4 ctivity
VARIABLES independence independence
Degree -0.0597*** -0.0107 0.0488*** 0.0489%*** -0.0203*** -0.00663 0.0246*** 0.0231***
(0.00733) (0.00821) (0.00676) (0.00845) (0.00703) (0.00706) (0.00600) (0.00739)
Eigen centrality 0.0724%** 0.00384 -0.0213%** -0.0228%**
(0.00829) (0.00361) (0.00570) (0.00722)
Clustering coef. 0.0143%*** -0.00480 0.0310%** 0.0272%**
(0.00550) (0.00688) (0.00539) (0.00586)
Size 0.0959%** 0.0250** -0.0568%** 0.514%** 0.0906%*** 0.0249** -0.0567*** 0.514%**
(0.00868) (0.00992) (0.00863) (0.0105) (0.00866) (0.0100) (0.00861) (0.0105)
Age -0.144*** 0.0113 0.261%** 0.0219%** -0.142%%* 0.0111 0.263%** 0.0233%%**
(0.00793) (0.00727) (0.00617) (0.00734) (0.00796) (0.00720) (0.00619) (0.00735)
Latitude 0.0500%** -0.00408 0.0559%** 0.0687*** 0.0477%** -0.00414 0.0562%** 0.0690%**
(0.00780) (0.00816) (0.00774) (0.00856) (0.00781) (0.00819) (0.00774) (0.00857)
Longitude 0.00659 -0.00820 0.00530 -0.0373%** 0.00403 -0.00847 0.00669 -0.0360***
(0.00774) (0.00915) (0.00773) (0.00825) (0.00777) (0.00915) (0.00774) (0.00826)
Constant -0.241*** 0.160*** -0.324*** 0.506%** -0.263*** 0.161%** -0.331*** 0.502%***
(0.0243) (0.0318) (0.0326) (0.0462) (0.0243) (0.0319) (0.0325) (0.0462)
Sector controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 24,243 20,637 25,168 21,735 24,243 20,637 25,168 21,735
R-squared 0.059 0.008 0.135 0.154 0.055 0.008 0.136 0.154

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 9.b Generalized least square regression results for medium firms (50 < employees <250)

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES ROE Debt/EBITDA d:gz:zz:‘ce Productivity ROE Debt/EBITDA d:;::;';'me Productivity
Degree -0.0595%** 0.0142 0.0183* 0.0178** 0.00603 0.0119 -0.000872 0.0141**
(0.0102) (0.0139) (0.00943) (0.00809) (0.0114) (0.0101) (0.00783) (0.00664)
Eigen centrality 0.0766*** -0.00815 -0.0190%** -0.00500
(0.00681) (0.00560) (0.00464) (0.00378)
Clustering coef. -0.00373 -0.0200* 0.0150* -0.00221
(0.00935) (0.0107) (0.00862) (0.00728)
Size 0.122%** 0.00692 0.0825*** 0.780%** 0.111%** 0.00875 0.0841*** 0.781%***
(0.0177) (0.0240) (0.0154) (0.0160) (0.0177) (0.0239) (0.0154) (0.0159)
Age -0.0492*** 0.0269** 0.195%** 0.0889*** -0.0484*** 0.0254* 0.195%** 0.0886***
(0.0140) (0.0135) (0.0104) (0.00950) (0.0140) (0.0135) (0.0104) (0.00950)
Latitude 0.0287** -0.0162 0.0524*** 0.0364*** 0.0209 -0.0143 0.0537*** 0.0370%***
(0.0133) (0.0110) (0.0117) (0.0102) (0.0133) (0.0110) (0.0117) (0.0102)
Longitude 0.0325** -0.0289%** 0.00522 -0.0201* 0.0216* -0.0272%** 0.00746 -0.0194%*
(0.0129) (0.0134) (0.0120) (0.0112) (0.0130) (0.0133) (0.0119) (0.0111)
Constant -0.395*** 0.0123 -0.188** -1.021*** -0.433*** 0.0237 -0.184** -1.018***
(0.0624) (0.0952) (0.0862) (0.0908) (0.0628) (0.0950) (0.0861) (0.0909)
Sector controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 7,819 7,655 8,111 8,064 7,819 7,655 8,111 8,064
R-squared 0.065 0.042 0.176 0.389 0.048 0.043 0.175 0.389

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 9.c Generalized least square regression results for large firms (employees =250)

(1) (2) (3) (4) (5) (6) (7) (8)
ROE Debt/EBITDA _ Mancidal o ictivity ROE Debt/EBITDA . [mancial o ctivity
VARIABLES independence independence
Degree -0.0260* 0.0327 -0.00913 0.0258** 0.0159 0.0261 -0.0188* 0.0244**
(0.0146) (0.0483) (0.0112) (0.0127) (0.0168) (0.0409) (0.00981) (0.0106)
Eigen centrality 0.0723%*%* -0.0126 -0.0114%** 0.00156
(0.0233) (0.0144) (0.00527) (0.00563)
Clustering coef. 0.0317* -0.0147 0.0281* 0.0274*
(0.0172) (0.0281) (0.0154) (0.0141)
Size 0.0297 0.0410 0.0232 0.517*** 0.0183 0.0423 0.0264 0.519***
(0.0248) (0.0588) (0.0192) (0.0286) (0.0250) (0.0600) (0.0191) (0.0284)
Age -0.00301 -0.0565 0.134*** 0.0962*** -0.00456 -0.0563 0.134*** 0.0965%**
(0.0267) (0.0473) (0.0193) (0.0225) (0.0267) (0.0471) (0.0193) (0.0225)
Latitude 0.0302 -0.00765 0.0458* 0.0387* 0.0214 -0.00601 0.0469* 0.0382*
(0.0230) (0.0424) (0.0243) (0.0217) (0.0227) (0.0417) (0.0243) (0.0219)
Longitude 0.0427** 0.0384 0.00831 0.0196 0.0323 0.0401 0.0104 0.0198
(0.0207) (0.0255) (0.0223) (0.0211) (0.0207) (0.0252) (0.0221) (0.0211)
Constant -0.417%** -0.0505 -0.399** -1.694*** -0.454%** -0.0378 -0.408** -1.713%**
(0.0686) (0.179) (0.184) (0.140) (0.0714) (0.170) (0.184) (0.140)
Sector controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 2,495 2,450 2,580 2,403 2,495 2,450 2,580 2,403
R-squared 0.089 0.068 0.195 0.362 0.074 0.068 0.196 0.362

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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