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Structural holes theory suggests a variety of possible explanations for the empirically observed relation-
ship between structural holes and individual managerial performance. However, little has been done to
disentangle one mechanism from another. This paper empirically tests a mediated moderation model that
distinguishes between the five different theoretical mechanisms: autonomy, competition, information
brokering, opportunity recognition and innovativeness. The findings suggest that of these five theoreti-
cal causal motors, innovativeness plays a key role in linking network structure and network content to

performance.

. Introduction

Empirical work in the area of structural holes theory has shown
robust relationship between social network structure and indi-

idual managerial performance. A manager whose network has a
igh proportion of structural holes is generally promoted faster,
aid more and assessed as higher performing than one whose con-
acts are densely interconnected (Burt, 1992; Burt, 2000). Structural
oles theory suggests five distinct mechanisms that might account

or this finding: autonomy, competition, opportunity recognition,
nformation arbitrage, and innovativeness.1 However, as yet we
ave no empirical evidence as to which are actually responsi-
le for the structure–performance relationship. Although Rodan
nd Galunic (2004) have taken a tentative step in this direction,
escribing the independent effects of knowledge heterogeneity and

etwork structure, their study showed only that knowledge mat-
ered, particularly for managerial innovativeness. While this could
e interpreted as suggestive of different mechanisms, their paper
oes not make this claim, nor does their empirical analysis dis-

� I would like to thank Patrick Doreian, Martin Kilduff, Anne Lawrence, Joel
odolny, Woody Powell, Marlene Turner, and Ezra Zuckerman and three anonymous
eviewers at Social Networks for their extremely helpful comments.

E-mail address: simon.rodan@sjsu.edu.
1 It might be argued that there is nothing that distinguishes opportunity recogni-

ion from innovativeness. Opportunity recognition is treated here as the process of
ealizing that an existing product or service meets an existing need. Innovation I con-
eive of as more cognitively demanding and complex, the imagining of a completely
ew concept; this is a more stochastic cognitive process (Amabile, 1990, 1996; Arieti,
976; Turner and Fauconnier, 1999). Prior literature (Burt, 2004; Rodan and Galunic,
004) makes the case that they are separate, though there is a relatively fine line
eparating the two constructs.
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tinguish explicitly between mechanisms. And while Reagans and
McEvily (2003) have looked at the relationship between network
structure and knowledge transfer, knowledge is not implicated all
of the possible mechanisms connecting structural holes to high per-
formance, thus the broader question of which mechanism gives
structural holes their potency is not yet completely answered.
A better understanding of the underlying causal mechanisms is
important because each could well have different implication at
higher levels of analysis; depending on the mechanism at work,
what is good for the individual may or may not be good for the
collective.2

While the social network literature is large, there is relatively
little that deals with questions of mediation and moderation, some
notable exceptions aside (e.g., moderation in Westphal et al., 1997;
Sorenson and Stuart, 2001; Tsai, 2001; Brass et al., 1998; media-
tion in Brass, 1981; Brass and Burkhardt, 1993; Yli-Renko et al.,
2001; moderation and mediation in Mehra et al., 1998). In this
paper I employ a mediated moderation model using ego-network
data collected at European Telecommunications Company to try to
disentangle the different mechanisms.

2. Linking network structure to managerial performance

A structural hole is the absence of a tie between two alters. Burt

originally proposed two broad categories of mechanism to account
for the association between structural holes and managerial per-
formance (1992, 2000): the first, under the heading of control
benefits, includes autonomy and competition; the second, labeled

2 Indeed whether structural holes are beneficial at all at higher levels of analysis
remains an unanswered empirical question, though not one addressed here.

http://www.sciencedirect.com/science/journal/03788733
http://www.elsevier.com/locate/socnet
mailto:simon.rodan@sjsu.edu
dx.doi.org/10.1016/j.socnet.2009.11.002
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Table 1
Summary of structural holes theory mechanisms.

Mechanism Constructs Description

Autonomy Network structure Depends only on the lack of a tie between ego’s contacts, and
does not depend on the heterogeneity of information among
contacts.

Opportunity recognition Knowledge heterogeneity Depends only on the diversity of information to which ego has
access, and does not depend on ties or lack of between ego’s
contacts.

Competition Knowledge heterogeneity and Network structure Requires disconnected contacts to prevent their collusion
against ego, and substitutability which requires a lack of
knowledge heterogeneity.

Information arbitrage Knowledge heterogeneity and Network structure Requires both a hole between contacts across which to broker
the information and heterogeneity of information across
contacts to motivate the transfer.
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The second mechanism linking structure to performance in
structural holes theory, opportunity recognition, depends on the
variety of information to which the tertius has access through her
network (bottom path in Fig. 1). People separated by a structural
Innovativeness Knowledge heterogeneity

nformation benefits, covers opportunity recognition and informa-
ion arbitrage. Reagans and Zuckerman (2008) have sharpened this
ccount by carefully distinguishing between competition, which
equires that contacts are structurally disconnected and alike, and
hus substitutable, and information arbitrage which depends on
isconnected contacts being different and therefore having infor-
ation to trade. A fifth mechanism has been proposed (Rodan and
alunic, 2004; Burt, 2004) suggesting that creativity and innova-

ion stemming from knowledge recombination (Galunic and Rodan,
998) might provide yet another explanation for the relationship
etween structural holes and performance.

Each mechanism depends on a particular combination of three
onstructs: the presence of structural holes in a manager’s net-
ork, the heterogeneity of his contacts in terms of what they know,
ossibly mediated by a third, managerial innovativeness. Build-

ng on earlier work (Rodan and Galunic, 2004) which argued that
nowledge heterogeneity and network structure were theoretically
istinct and showed them to be empirically separable constructs, I
ext show how the five mechanisms may be represented in reduced

orm using these three constructs. I then develop testable proposi-
ions to identify the presence of the different mechanisms. Table 1
ummarizes the mechanisms discussed below.

.1. Autonomy

An individual, i, who has ties to two people (j and k) who are
ot themselves connected3 is thought to have an advantageous
osition in the network by virtue of the absence of the j–k tie,
he structural hole between j and k. The autonomy afforded by
tructural holes reduces the degree to which i is constrained by his
ontacts. If i reveals only snippets of information about his activi-
ies to j and k, each may not have enough information to perceive a
attern and deduce what i is up to. However, if j and k confer, they
ay jointly have enough pieces of the puzzle to work out what i is

rying to do. For example, in garnering resources for a new project,
n R&D manager might not volunteer that he has already secured
unding from another part of the company when trying to solicit
dditional financial support. A structural hole between the two
epartment managers from whom he is seeking support reduces

he likelihood that this duplication of funding will be discovered
y either department.

Managers with structural holes in their networks also have
reater freedom to dissemble: “Structural holes are the setting for

3 Structural Holes Theory uses the term ‘tertius’ to refer to an actor spanning a
tructural hole. In this paper, i typically refers to the focal manager, sometimes called
he ego, while i’s contacts, j and k are referred to as his alters.
Stimulated by interaction with contacts with heterogeneous
knowledge.

tertius strategies. . .ambiguous, or distorted information is moved
strategically between contacts by the tertius” (Burt, 2000:11). In
securing backing for his project, our R&D manager might go fur-
ther than simply being economical with the truth. He might tell
one sponsor that her department’s requirements are of paramount
importance and that they will take precedence over all others, and
yet say exactly the same thing to a manager of another sponsoring
department. Both cannot be true, but unless the two sponsoring
department managers share information, neither manager is any
the wiser. A structural hole between them greatly reduces the like-
lihood that this deception will be discovered. An important point
here is that the benefit autonomy provides arises purely from the
structure of the network and does not depend on the properties of
the network nodes around ego. Autonomy is also about power; as
Emerson noted, if j and k depend on i while i may choose between j
and k, j and k’s dependence on i gives i power over them (Emerson,
1962). i’s power disappears when j and k form a coalition, in other
words when there exists a tie between j and k and the struc-
tural hole disappears. In terms of the reduced from representation,
autonomy depends only on network structure (top path in Fig. 1).

This suggests the first hypothesis:

Hypothesis 1. If performance depends only on the structure of
ego’s immediate network and not on the knowledge heterogeneity
of her contacts, autonomy is the most likely mechanism responsible
for the structural holes–performance association.

2.2. Opportunity recognition
Fig. 1. Influence diagram of the possible mechanisms linking knowledge hetero-
geneity, network structure and performance.
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Hypothesis 4. If information arbitrage is the mechanisms in use,
the extent to which ego-network sparseness increases manage-
rial performance will be contingent on the dissimilarity of alters
knowledge.

4 Exchange is not restricted to information; exchange can include tangible
resources, time and effort, or even relatively fungible social obligations.

5 Prior work (Reagans and Zuckerman, 2008) suggests that i will pursue arbitrage
when contacts are dissimilar and a competitive strategy when they are alike. Could
i do both? Could she convince dissimilar alters that they were substitutable while at
the same time brokering information between them? There is another symmetric
possibility: that i might play the role of a broker between similar alters who in fact
have nothing of value to exchange by manipulating the information in such a way
as to make it appear sufficiently different as to be of value in a dyadic exchange.
While both are theoretically possible, I suggest neither are likely to be very com-
mon because of the difficulty of maintaining the fiction in each case. Although holes
70 S. Rodan / Social Net

ole tend to know different things. If i knows j and k, but j and k do
ot know one another, j and k are likely to possess non-redundant

nformation (Burt, 1992). Thus i has access to a greater variety of
nowledge and information than if j and k were connected. Ties are
ore likely to form between people who share common attributes,

nowledge or ideas (Homans, 1950; Mark, 1998). Moreover, where
ies exist, knowledge tends to become more widely shared and
hinking increasingly similar (Carley, 1986). Common interests and
verlapping knowledge may lead to association at common focii,
uch as chess clubs and choirs (Feld, 1981), increased frequency of
nteraction and a higher probability of tie formation.

If dense networks are associated with homogeneity, sparse ones
hould be relatively heterogeneous. Granovetter’s (1973) weak ties
ridged disconnected social worlds and led to very different pools
f information; opportunity recognition was the mechanism that
elped his job seekers find employment more effectively. In struc-
ural holes theory, opportunity recognition connects structure to
erformance though an intermediary construct, the diversity of

nformation and knowledge in i’s network. Where the heterogene-
ty information and knowledge is not measured, a measure of
tructural holes will act as a proxy for contact heterogeneity, a point
oted by Reagans and McEvily (2003).

To the extent that information distribution in a network is
elated to its structure, one would expect to see an association
etween opportunity recognition and structural holes, but it is

mportant to note that what really drives opportunity recognition is
ot the structure of the network per se but the variety of knowledge
ith which sparse structures are usually thought to be associated.

hus my second hypothesis:

ypothesis 2. If performance depends only on the heterogeneity
f knowledge in ego’s immediate network and not on the structure
f her network, opportunity recognition is the most likely mecha-
ism responsible for the structural holes–performance association.

.3. Competition

The third mechanism in structure holes theory relies on the
reation and exploitation of competition. This has close parallels
n industrial organization economics: a firm dealing with frag-

ented buyer- or supplier-markets is likely to be able to exploit
he structural holes that are assumed to increase with falling
p- or down-steam market concentration. Porter (1980) discusses
his under the heading of bargaining power of buyers and sup-
liers. Indeed, Burt begins his detailed exposition of structural
oles theory in the context of market competition between firms
1992:83–114).

Competition requires that contacts are substitutable (Reagans
nd Zuckerman, 2008). A firm cannot play one supplier off against
nother to bargain down prices if their products are different. Sim-
larly, when a manager’s contacts each have unique knowledge,
reating a competitive situation between them is more difficult.
hus a second condition for this mechanism is not only the exis-
ence of structural holes but homogeneity of knowledge among
ontacts. In the context of the stylized example used earlier, if j and
have the same information, knowledge and skills, i can instigate

ompetition between the two for his time and attention by indicat-
ng to both that they are replaceable, just as Emerson’s children did
Emerson, 1962:35). Once j and k begin to compete for i’s attention,
acquires power over j and k. i would find this difficult if j and k had
ifferent knowledge and were thus both uniquely useful to i (the

eterogeneity condition), or if j and k were tied to one another and
ere thus able to present a united front in the face of i’s attempts

o divide them (the structural condition). Competition is shown in
olid lines as an interaction in Fig. 1; the coefficients associated with
his mechanism are explained in Appendix A.
32 (2010) 168–179

Hypothesis 3. If performance is contingent on the similarity of
alters knowledge and the presence of structural holes competi-
tion is the most probable mechanism driving individual managerial
performance.

2.4. Information arbitrage

A fourth way in which sparse networks can be of use arises
when contacts are sources of non-redundant knowledge or infor-
mation and the network structure affords ego the opportunity to
exploit it through arbitrage. As Burt notes: “Structural Holes are
the setting for tertius strategies. Information is the substance.”
(Burt, 1992:48)4 Given the same simple three person network
j–i–k, i can take information learned from j and knowing what
k might find useful, selectively pass that information to k, possi-
bly in exchange for some other piece of information that k has
which i thinks may be of value to j; i benefits by amassing more
information than those with less diverse contacts. In so doing
she acquires a reputation as a source of knowledge and might
emerge as a ‘market-maker’ of information, a process of posi-
tive feedback similar to that described by Gould (2002) in the
emergence of high status individuals. The exchange need not be
reciprocal; i, by passing k some piece of useful information, may
create in k a sense of social obligation to be drawn on at a later
date (Blau, 1964). Information arbitrage benefits i in several ways;
she acquires more information than others in the organization
becoming a focal point for information exchange, she generates
social obligations and debts in her favor, and gains a reputation
as a knowledgeable individual, as Blau noted in his description of
the tax office (Blau, 1955). All are likely to enhance i’s perceived
performance, and the likelihood of early promotion and higher
pay.

Absent the structural hole, i’s opportunity to create such debts
is reduced even when j and k have non-redundant information,
since j and k would likely exchange the information directly cut-
ting i out of the exchange (Obstfeld, 2004). Information brokering
therefore depends on the heterogeneity of information or knowl-
edge across contacts and on the holes themselves that enable this
heterogeneity to be exploited to the broker’s advantage (Reagans
and Zuckerman, 2008). This is the antithesis of competition, at
least with respect to the heterogeneity of contact knowledge; while
competition requires structural holes and homogeneity of contacts,
information brokering depends on holes and heterogeneity among
contacts.5
clearly support both of these strategies, the degree of deception involved is consid-
erably greater than that involved in simply protecting the identity of ones sources
(which would be all that brokering would require) or maintaining a state of competi-
tion that hinders the formation of alliances and bonds between the tertius’ contacts.
Thus if competition generally requires homogeneity and arbitrage heterogeneity,
the two mechanisms are likely to be mutually exclusive.
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Table 2
Network survey questions.

Name generator questions
Advice contacts “Getting your job done on a daily basis as a manager often requires advice and information

from others. Who are the key people who you regularly turn to for information and
work-related advice to enhance your ability to do your daily job?”

Innovation contacts “Some contacts are particularly useful in helping you to be creative in your job, such as
helping you to generate new ideas. Who are the key people that help you the most to
formulate new ideas?”

Buy-in contacts “New ideas often require support from others without which you cannot proceed. Who
are the key people that provide essential support to new initiatives?”

Social support contacts “Most people rely on a few select others to discuss sensitive matters of personal
importance - i.e., ‘confidants’ on whom they rely for personal support. Who are the key
people in your work environment that you regard as your most important source of
personal support?”

Name interpreter question for knowledge similarity
Ego–alter knowledge distance “How much information or knowledge does each of your contacts normally bring to your

discussions, over and above what you already know?”(4 point Likert scale)
1 – “Very little”
4 – “A great deal”

Ego-network questions
Alter–alter tie strength (3-point Likert scale) How well do your contacts know one another?

The next set of questions deals with the relations BETWEEN each of your contacts.
Chose ‘Especially close’ if there is a close relationship between the person named in the
question and the person you are considering from the list underneath.
Chose ‘Distant’ if the person named in the question and person you are considering from
the list underneath rarely work together or are total strangers as far as you know.

Alter–alter knowledge distance (4 point Likert scale) How similar is your contacts’ knowledge?
The next set of questions deals with relative similarity or difference in knowledge
between your contacts.
Chose ‘Very similar’ if the knowledge of the person named in the question and person you
are considering from the list underneath is very similar, for example a football player and
the football-team coach. Here the two people should have a great deal of work related
knowledge in common.
Chose ‘Very different’ if the knowledge of the person named in the question and person
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.5. Innovativeness

The final mechanism is innovativeness, defined here as the con-
eiving of something that is thought likely to be both novel and
seful (Amabile, 1996). Innovative ideas rarely appear out of thin
ir; they are usually new combinations of existing knowledge, the
oming together of two or more disparate concepts (Aldrich and
iol, 1994; Zaleznick, 1985). People tend to be more creative when
heir cognitive frameworks are disturbed (Amabile, 1988:152).
nteraction with people all of whom have different knowledge and
erspectives can lead to a modification of one’s cognitive frame-
ork; each encounter with a concept that does not fit into one’s

urrent schema presents an opportunity for cognitive ‘reconstruc-
ion.’ When cognitive frameworks are dismantled and rearranged
o accommodate new knowledge, novelty may result as current
inks are broken and new ones established. Interaction with a vari-
ty of people each with different knowledge is therefore likely
o enhance creativity. The more contacts whose knowledge dif-
ers from ego’s and from that of ego’s other contacts, the more
go’s creativity will be stimulated. A number of empirical stud-
es (Pelled et al., 1999; Pelz, 1956; Reagans and Zuckerman, 2001;
ee also Milliken and Martins, 1996 for a review of other stud-
es) suggest that heterogeneity among one’s contacts contributes
o creativity and innovativeness. If performance depends on inno-
ativeness and innovativeness on knowledge heterogeneity which
tself is correlated with structural holes, holes should be correlated
ith performance.
The question arises as to whether innovativeness mediates

he relationship between heterogeneous contact knowledge and
erformance described in the earlier discussion of opportunity
ecognition. Moreover, since there is some evidence that innova-
nsidering from the list underneath is very different, for example an airline pilot
puter scientist. In this case, the two people should have almost no work related
e in common.

tion depends also on autonomy and thus on network structure
(Burgelman, 1991; Rodan and Galunic, 2004), it is possible that
innovativeness also mediates the relationship between network
structure and performance. Finally, to the extent that innovative-
ness depends jointly on autonomy and knowledge heterogeneity,
the effect of their interaction on performance, which was previ-
ously suggested as an indicator of information arbitrage, might be
mediated by innovativeness. Thus the final hypothesis is:

Hypothesis 5. Innovativeness will mediate the interaction of
knowledge heterogeneity and network structure on performance.

In summary, structural holes theory suggests five possible
mechanisms that might account for the association between
structural holes and managerial performance. By looking for
the patterns of coefficients for the three ‘primitives’, knowledge
heterogeneity, ego-network density and their interaction and
their possible mediation by innovativeness, I attempt to isolate
the mechanism or mechanisms that underpin the well-known
structure–performance relationship.

3. Methods

The data for this study were collected from a Scandinavian
telecommunications service provider with approximately eighteen
thousand employees. It operates both wire-line and wireless ser-

vices principally in its domestic market, though it has built and
operated wireless networks in Eastern Europe. Privatization and
the loss of its position as a regulated monopoly in the mid-1990s
meant that the company was looking increasingly to innovation to
defend itself against new entrants.
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Middle managers, identified as those having managerial respon-
ibility for people or projects from two departments, Project and
roduct Management and Product Marketing in the Residential
ervices Division were selected as the target sample for the study
y the company’s top management team. Twenty-two interviews
ere conducted prior to deploying the survey to gain a deeper
nderstanding of the firm. Information from these interviews was
sed to tailor survey questions to the particular context, replacing
eneral or academic terminology with more familiar wording. For
xample, ‘high school’ was replaced by ‘gymnasium’, a term more
amiliar in Scandinavian countries. As many of the interviewees
ndicated that they had regular contact with people outside the
epartments in which the company had originally elected to con-
uct the survey, it became clear that a snowball sampling approach
ould be needed (Wasserman and Faust, 1994).

Each manager in the sample was sent a package containing a
etter from the company’s senior management encouraging the
ecipient to participate, one from the research team with a gen-
ral overview of the research program of which the survey was a
art and assurances of confidentiality, instructions for completing
he survey, a diskette with a computer program for administering
he survey and collecting the responses, and a pre-addressed enve-
ope with which to return the completed survey diskette directly
o the researchers. The survey packages were sent by the research
eam to the company’s project liaison who then distributed them
o those in the initial sample and later to the snowball sample.

The survey comprised three sections. The first included gen-
ral demographic questions (age, organizational tenure, job tenure,
ob title, sex, highest level of education completed, college major
r area of concentration). Section two dealt with the respondent’s
ocial network. Four commonly used name generators were used to
olicit contacts for advice, task execution, idea generating exchange
nd friendship networks (top panel, Table 2). The name genera-
ors were accompanied by a list of the people in the target sample
o aid recall. However, any contact not in the list could be added
y the respondent if necessary. To avoid right censorship of large
etworks, no limit was stipulated as to the number of contacts
espondents could cite.

Next came a number of name interpreter questions for each
yadic (ego–alter) tie dealing with relationship strength and
elative knowledge contribution from each alter in ego’s net-
ork. Although several questions relating to knowledge similarity

etween ego and her alters were included, only one produced
eaningful results; that question is shown in the middle panel

able 2.6 Finally, respondents were asked to complete two ego-
etwork questions, one relating to the structure of their immediate
etworks and the other, the heterogeneity of knowledge among
heir contacts (bottom panel, Table 2). Ego-network questions ask
he respondent to make an assessment of each possible pair of con-
acts in his network. Typically this is used to elicit information about
lter–alter tie strength from which network structure is inferred.
he same approach was used here to gather ego’s assessment of the
imilarity, in terms of what ego thought they knew, of each contact
o each of her other contacts.

Respondents who had not completed the survey were contacted
y email after a month and again after 6 weeks encouraging them
o respond. Based on the data collected from the 48 respondents

n the initial sample, a further 80 potential respondents who had
een cited as contacts were identified. A single snowball round was
dministered to these 80 additional managers who worked in five
ther departments; Network Administration (responsible for the

6 A corollary question to that of Table 1 dealing with ego’s knowledge contribu-
ion to each alter was also asked but there was no correlation between the two. In
indsight this was a poorly worded question.
32 (2010) 168–179

technical operation of the company’s network) Research and Devel-
opment, Information Technology, Finance, and Human Resources.
The snowball sample was contacted after a month and again after 6
weeks by email and after 8 weeks by telephone encouraging them
to respond.

Snowball sampling typically has some potentially serious lim-
itations (Heckathorn, 1997; Salganik and Heckathorn, 2004): the
initial sample is seldom random; respondents in the snowball
round are biased towards more cooperative individuals; respon-
dents may specifically not refer friends when there is some stigma
associated with the population; and snowball participants with
larger networks are likely to be oversampled. In this case the initial
sample was not found to be statistically different from the popula-
tion, suggesting that the first problem associated with the snowball
method does not apply. Heckathorn also notes that the number of
snowball responses is typically much larger than the initial sample,
which was not the case here. Second, since primary incentives were
used (a letter from the director of the division was sent to all poten-
tial participants asking them to respond) the response rate in both
the initial and snowball rounds depended on cooperation to the
same degree. Snowball respondents were not identified by personal
referral but by a more impersonal process of citation; the snow-
ball respondents did not know by whom they have been referred.
Thirdly, there is (one would hope) no stigma involved in working
for the company at which the data were collected.

The fourth potential problem, that the snowball approach
oversamples people with large networks who would not be rep-
resentative of the population, could well apply here. The snowball
sample was therefore checked for significant differences from the
initial sample. No significant differences were found in sent rela-
tions, degree, ego-network density, seniority, intrinsic motivation,
extrinsic motivation (measured by incentive strength), knowledge
heterogeneity or innovativeness. Particularly striking was the sim-
ilarity in size and dispersion of outdegree: the mean of 11.94 (std.
dev. = 7.3) for the snowball is only fractionally higher than that for
the initial sample (11.5, std. dev. = 5.9).

However some differences between the initial sample and the
snowball round are important to note; first the response rate from
the snowball round was far higher than that of the initial round.
58 out of the 80 snowball round surveys were completed, com-
pared to 48 out of an initial sample of 158. This difference might
be attributable in part to a higher level of encouragement from
the research team to respond; it had been assumed that the likely
response rate from the snowball round would be lower since partic-
ipants were not in departments initially selected by the company
for participation. Secondly, there were five dimensions on which
the snowball sample differed significantly from the initial sample.
Snowball respondents were about 5 years older (44 vs. 39), had
been with the company longer (13.8 years vs. 8.3 years), had been
longer in their current jobs (2.4 years vs. 2 years), were more likely
to have a bachelors degree or equivalent (67% vs. 48%) and were
much more likely to have an engineering or scientific background
(88% vs. 53%). While these differences may seem strange, for the
most part this is probably a function of the departments from which
the snowball sample was drawn. The initial sampling was done in
the Residential Services division in two departments; Product and
Project Management, and Product Marketing. The snowball round

sampled people from Network Administration, R&D, I.T., Finance
and H.R. The first three departments, from which 54 of the 58 snow-
ball responses came, require highly technical skills requiring either
long apprenticeships or more recently an engineering degree.7 This

7 The company had historically recruited its engineers from high school and
trained them itself; more recently the trend had been towards hiring engineering
graduates.
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Table 3
Performance assessment questionnaire.

“Please write the number from the 7-point scale that best corresponds
to your assessment of this manager’s performance over the last 12
months.
Managerial performance
Overall, to what extent is the manager performing his/her job the way
you would like it to be performed.
To what extent has she/he met your expectations in his/her roles and
responsibilities?
If you had your way, to what extent would you change the manner in
which he/she is doing the job?
To what extent are you satisfied with the total contribution made by
this person?
Managerial innovativeness
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To what extent is this person particularly creative: someone able to
come up with novel and useful ideas?
To what extent is this person good at implementing novel ideas?”

elps explain both the average age difference and the difference in
oth the type of educational background and the level of education.
inally, while the snowball sample was not significantly different
t the 0.1 level from the initial sample on overall performance and
nnovativeness, the probability that the two groups were the same

as 0.11 and 0.13, respectively. In order to account for this dif-
erence between the groups, the regressions were run with both a
ontrol for membership in the snowball sample and without this
ontrol.

Managerial performance was assessed independently from the
ain survey by two senior managers. They jointly assessed respon-

ents on six dimensions (Table 3) approximately 6 months after the
dministration of the main survey.

.1. Measures

The independent variables used in the models were ego-
etwork measures. However, unlike many ego-network based
tudies, the measures were not derived directly from the respon-
ents’ reporting of their networks. Instead, because respondents
nd the alters they cited were identified by their full names, the
esponses were used to recover a partial picture of the complete
etwork. Two kinds of information were collected; basic structural

nformation, who ego knows and which of ego’s alters knew one
nother, and information about similarity in knowledge, how sim-
lar was each alter’s knowledge to egos (middle panel, Table 2) and
ow similar was each alter’s knowledge relative to each of ego’s
ther alters (second question in the bottom panel, Table 2). The
ggregation rules by which the ego-network tie data were used to
onstruct a single network matrix are summarized in Table 4. In the

ase of the knowledge distance (or dissimilarity) matrix, responses
ere made using a four point Likert scale and a simple averag-

ng approach was used when either two people reported on the
ame alter–alter distance or when an ego–alter distance was com-
ined with an alter–alter distance from another respondent. Two

able 4
djacency matrix aggregation rules.

Rule 1 A tie from i to j exists if i cites j.
Rule 2 A tie exists from j to k if the average j–k tie

strength reported by i1. . .in is greater or equal to
0.5, where a response of 0 indicates “I believes j
and k have no relationship or a distant one”, 0.5
that “they are neither close nor distant” and 1 that
“they are especially close”. (The 3-point Likert
responses from upper section, middle panel,
Table 2 are coded 0, 0.5 and 1.)

Rule 3 A j–k reported by i1. . .in (Rule 2) does not exist if j
is a respondent and does not cite k and k is also a
respondent and does not cite j.
32 (2010) 168–179 173

full network matrices were constructed. One was a binary choice
adjacency matrix indicating the existence of absence of a tie; the
other was a matrix of knowledge distances, an indicator of how
similar each person’s knowledge was to that of each other person
in the sample. Using data from multiple respondents generates a
slightly more accurate representation of the network than would
be the case using only each respondent’s responses; the approach
is very similar to that suggested by Adams and Moody (2007). As
they note: “If multiple reports of the same relationship are found
to be in agreement, the use of these data collection approaches
should continue and greater confidence can be placed in similarly
collected singly reported network data.” (2007:46). In the second
part of Appendix A I report some testing for consistency across mul-
tiple respondent reporting of dyads. Generally the results suggest
the ego reporting of alter–alter ties was not altogether too shabby;
only about 10% of alter–alter ties that could be cross-checked were
incorrectly reported.

Ego-network measures of local density and knowledge hetero-
geneity were then derived from these aggregated matrices rather
than from the individual respondents’ ego-network data. The spe-
cific formulation of the measures is described below.

3.1.1. Ego-network density
The density of an individual’s immediate network provides a

simple and intuitive indication of the absence of structural holes. I
use density rather than constraint because the latter measure, by
construction, embodies some assumptions about mechanisms. The
constraint measure (Burt, 1992:54–61) moderates the influence of
ties between alters by the extent to which alters are themselves
widely connected to ego’s contacts. As Burt’s discussion of alterna-
tive formulations suggests, this relies on some assumptions about
behaviors of the nodes and the way they interact. In this sense is it
not a completely neutral measure of structure. Density, �i, was cal-
culated as the number of ties between alters divided by the number
of all possible alter–alter ties (Wasserman and Faust, 1994)8:

�i =
∑N

j=1,j /= i

∑N
k=1,k /= ixi,jxi.kxj,k

∑N
i=1xi,j

(∑N
i=1xi,j − 1

) (1)

3.1.2. Alter knowledge heterogeneity
The knowledge heterogeneity measure is an Eigen equation

based measure. It is derived from respondents’ perceptions of the
similarity or dissimilarity of their own knowledge with respect to
each of their alters and the perceived similarity or dissimilarity of
each alters knowledge relative to each of the respondents’ other
alters. The dissimilarity of each node relative to each other node
was assembled into a single knowledge distance matrix. From this
full knowledge distance matrix an ego knowledge distance matrix
was extracted, using only ego’s cited contacts. This ego knowledge
distance matrix was used to derive a measure of alter knowledge
heterogeneity – the contribution in terms of non-redundant knowl-

edge to ego of each of his alters – using the approach described by
Rodan and Galunic (2004). The measure takes into account not only
how different each alter’s knowledge is from ego’s but also how dif-
ferent each alter is from each of ego’s other alters: a set of alters

8 Density was calculated on the full ego-network matrix which was extracted
from the reconstructed full matrix; none of the matrices were symmetrized and so
the information on the direction of ties was incorporated in the calculation. Where
tie information came exclusively from respondents reporting of their assessment of
alter–alter ties, these ties had to be treated as symmetric. I considered symmetrizing
all ties, but this would mean recording as undirected ties that, according to the sur-
vey responses I had, were un-reciprocated. Ultimately I decided that it was better to
have this mix of directed (based on ego–alter data) and undirected (from alter–alter
data) rather than discard the more fine grained information in the ego–alter data.
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ho are only moderately dissimilar from ego but quite different
rom one another may bring as much non-redundant knowledge
o ego as a set of alters who are all very different from ego but iden-
ical to one another. The uniqueness, uj, of each contact is found in
he solution of the Eigen equation:

U = DU (2)

he vector U is an Eigenvector whose elements are the unique-
ess values of each of the ego’s key contacts and D is ego’s key
ontact knowledge distance matrix. The knowledge heterogene-
ty measure, h, uses the uniqueness values from the first solution
o Eq. (1) (sorted by size of Eigenvalue) and the ego–alter knowl-
dge distances to calculate the total contribution of non-redundant
nowledge from all of ego’s key contacts and is defined as:

i = �

N

N∑
j=1,j /= i

dijuj (3)

here N is the number of cited contacts in i’s network, � largest
igenvalue in the solution of Eq. (1), dij is the knowledge distance
etween i and j, and uj is the uniqueness of contact j. The measure
as relatively intuitive properties; it is an increasing function of the
istance between alters, the distance between ego and any of her
ontacts and of network size.9

.1.3. Performance
A measure of individual job performance was based on data

ollected in a separate performance assessment questionnaire
ompleted jointly by two senior managers in the company approx-
mately 9 months after the main survey had been conducted. The
ime lag was designed to reduce the likelihood that mechanisms
hat worked in the opposite direction would be detected (Davis,
985). The performance assessment involved rating all those who
ad responded to the survey on four items (Tsui, 1984), shown in
able 1. A principal component factor analysis yielded a single fac-
or with an Eigenvalue greater than one and a strong Cronbach
lpha (0.93). This factor was used as the measure of job perfor-
ance.

.1.4. Innovativeness
Two items relating to innovativeness were included in the same

enior management assessment of the respondents. These ques-
ions were designed to focus on innovation, specifically, new idea
reation, implementation and execution. Since they tap two quite
ifferent but jointly required aspects of innovation, a formative

ndex is appropriate (Bollen and Lenox, 1991; Diamantopoulos
nd Winklhofer, 2001). The measure of managerial innovation was
ormed as the square root of the product of managerial creativity
nd implementation/execution, modeling the necessity of the joint
resence of creativity and implementation skills likely needed for
uccessful innovation.

.1.5. Controls
In the modeling exercise, I ran the estimations with and with-

ut controls; while there were some small changes to the standard

rrors of the independent variables, the signs are the same and the
evels of significance almost identical10 and the arguments made
rom the findings are unchanged; I therefore chose to present the
esults of the estimations without controls principally because it

9 An alternative formulation, hi =
∑N

j=1
dijuj , has similar properties but is much

ess sensitive to network size.
10 The significance levels were slightly better with the inclusion of controls – that
he findings hold absent the inclusion of controls is a more conservative test.
32 (2010) 168–179

makes the tables simpler to interpret. In this section I explain the
controls that were tested.

I controlled for tenure in case the structural properties of man-
agers’ networks changed systematically with the length of time
they had been at the company. Longer-tenured managers may
retain contacts they made in prior jobs in other parts of the
company (Gargiulo and Benassi, 2000), leading to an association
between tenure and the presence of holes in their networks. At the
same time tenure may be related to experience and greater expe-
rience may lead to higher performance. By controlling for tenure
I distinguish between the direct effects of experience and effects
that are structural in origin. I controlled for level of education in
case people with differing levels of education developed differ-
ent kinds of network, since education and performance might be
directly related. For the same reason, I also controlled for gender
and seniority. I included dummy variables for departmental affilia-
tion to control for differences in performance that were principally
a function of departmental affiliation rather than network struc-
ture. For example, Research and Development works with people
from a variety of other departments and respondents from R&D
are therefore likely to have relatively sparse networks; they may
also be evaluated differently in a systematic way because of the
different job requirements and evaluation criteria in that depart-
ment. A control for network size was included since the density
of a network decreases with its size and I wanted to ensure that
the density measure was picking up the structure of the network
rather than its size. For the same reason, the number of key contacts
was included since the knowledge heterogeneity of key contacts
measure is highly correlated with the number of key contacts. I
also controlled for differences between the initial sample and the
snowball round. Finally, as suggested by Doreian (1981), I tested
for spatial autocorrelation in both the dependant variables using
the Moran measure of spatial autocorrelation (Cliff and Ord, 1973;
Moran, 1950). The autocorrelations were relatively low (0.122 for
performance and 0.138 for innovativeness) and autocorrelation
was not considered sufficiently problematic to render the ordinary
least squares assumption of independence inapplicable. While sev-
eral of the control variables were significant, their inclusion did not
affect the findings.

4. Results

Of the 238 surveys sent out, 108 were returned; two were
incomplete leaving 106 usable responses. Sample selection bias
was tested using limited available data on respondents and non-
respondents; although company policy at the data collection site
precluded the disclosure of any personal information including per-
formance data, the company did provide aggregate data for age,
tenure and gender for the company as a whole. No significant
difference was found in terms of gender, though there was a sig-
nificant difference between respondents and non-respondents in
terms of tenure (respondents had been with the company three
and a half years less than the company average, p < 0.005) and age
(respondents11 were on average 4 years younger than the average
age for the company, p < 0.05). However, there was no significant
relationship between either tenure or age and ego-network den-
sity or knowledge heterogeneity in the sample, suggesting that
while the sample may differ from the population in terms of age

and tenure (the two are strongly correlated), there is no rea-
son to believe that they differ in terms of the two independent
variables of interest in the study. While I would have preferred
to be able to have done some more rigorous testing for sample

11 We have age data for only 88 of the 108 respondents.
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Table 5
Means, standard deviations, and pair-wise correlations.

Mean Std. dev. 1 2 3 4

1 Job performance 0.00 1.00
2 Innovativeness 0.00 1.00 0.70***

3 Ego-network density 0.54 0.16 −0.38*** −0.41***

4 Knowledge heterogeneity 0.30 0.17 0.24* 0.27** −0.23*

5 Ego-net. Den. X Know. het. 0.16 0.09 0.01 0.00 0.27** 0.82***

* p < 0.05.
** p < 0.01.

*** p < 0.001.

Table 6
Regression models.

1 2 3 4 5 6
Job performance Knowledge heterogeneity Job performance Job performance Innovativeness Job performance

Constant 0.9853*** 0.3971*** 0.4712 −0.4931 −0.4506 −0.0562
(0.285) (0.056) (0.339) (0.415) (0.556) (0.257)

Ego-network density −1.9151*** −0.2044* −1.5179** 0.1514 0.0354 0.1458
(0.507) (0.1) (0.497) (0.723) (0.968) (0.449)

Knowledge heterogeneity 0.9334* 3.0536** 4.3081** −0.4933
(0.471) (1.142) (1.531) (0.722)

Ego-net. Den. X Know. het. −4.147† −6.0587* 0.2036
(2.175) (2.914) (1.361)

Innovativeness 0.7205***

(0.047)

R squared 0.1418 0.0522 0.1651 0.1549 0.2084 0.4643
P [F > Fcrit] 0.0003 0.0444 0.0004 0.0005 0.0001 0.0000
Adj. R sq. 0.1335 0.0431 0.1489 0.1301 0.1851 0.4431

N = 106. Standard errors in parentheses.
† p < 0.1.
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* p < 0.05.
** p < 0.01.

*** p < 0.001.

election bias this was all that I was able to do with the data
vailable.

Table 5 shows the correlations between the variables. Per-
ormance is positively associated with knowledge heterogeneity
nd negatively related to network density. Innovativeness shows
he same pattern of associations. There is a negative relationship
etween density and knowledge heterogeneity.

Table 6 shows the results of the regression model estimations.12

ecause there was some heteroscedasticity in the data, and
ulticollinearity between the knowledge–ego-network density

nteraction term and the main knowledge heterogeneity term (vari-
nce inflation factors of about 9), I used the Stata robust regression

rreg’ procedure for estimating the models. Two data points had
onsiderable impact on the models and the rreg weighting pro-
edure reduces this problem. While one solution to the issue of
ulticollinearity would be to mean center the variables, interpreta-

ion of mean centered interaction terms in which one has a positive
nd the other a negative influence on the dependant variable is
uch less straightforward than when the variables are bounded in

he range [0,1].
The first step in the analysis was to verify that if structure was
nfluencing performance, it was not doing so through its influence
n knowledge heterogeneity and the latter’s impact on perfor-
ance. I tested for the potential mediating effect of knowledge

eterogeneity in the structure–performance relationship (Baron

12 I also ran all the models with a control for potential autocorrelation, �Wy, where
is the autocorrelation coefficient, W is the weights matrix, in this case the row

tandardized adjacency matrix, and y is the dependant variable. Except for Model
, in which density is now significant and knowledge hterogeneity is no longer
ignificant, the results for all other models are unchanged when this control is
ncluded.
and Kenny, 1986) by first testing the relationship that will be medi-
ated (Model 1). There is a significant negative relationship between
ego-network density and job performance. There is also a signifi-
cant relationship between knowledge heterogeneity, the potential
mediator, and the independent variable whose effect may be being
mediated, ego-network density (Model 2). With the addition of
knowledge heterogeneity to the ego-network density job perfor-
mance estimation the coefficient for job performance declines in
magnitude by 20% but remains significant. This suggests that while
structure has been acting as a proxy for knowledge effects when
used in absent any variable that captures knowledge distribu-
tion in the network, knowledge heterogeneity does not completely
mediate the structure–performance relationship; there remains a
significant independent effect of structure, controlling for knowl-
edge heterogeneity.

Next the interaction term was added to test for the two con-
tingent mechanisms, arbitrage and competition. The lack of a
significant coefficient for density in Model 4 and the fact that
the coefficients for knowledge heterogeneity and the density-
knowledge heterogeneity interaction are both significant, of about
the same magnitude and positive and negative respectively, is con-
sistent with information arbitrage. Thus far, the analysis suggests
that of the four original mechanisms in structural holes theory,
autonomy, opportunity recognition, competition and information
arbitrage, only the last is present. There is no direct effect of density
outside of the interaction which suggests competition is not play-
ing a role. Knowledge heterogeneity is only beneficial when density

is low (the interaction term effectively cancels out its contribution
when density is high) which suggests that opportunity recogni-
tion, which should be independent of structure, is not contributing
while arbitrage, which depends on heterogeneity and sparseness is.
Were competition to be active, density would matter but only when
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eterogeneity was low; this would show as negative coefficients
or density and knowledge heterogeneity balanced by a positive
nteraction term (see Appendix A). Thus H1, H2, H3 are not sup-
orted; H4 may be as long as the mechanism is not mediated by

nnovativeness.
Model 5 tests the second potential mediating variable, inno-

ativeness for a relationship with all the independent variables,
ensity and knowledge heterogeneity and their interaction; all are
ignificant and have the same signs as in the prior model, sug-
esting that innovativeness may mediate the relationship between
ome or all of these variables and performance. The final model
ntroduces the potential mediating variable, innovativeness, into
he performance–density–knowledge estimation. Both the inde-
endent variables from Model 4 are no longer significant suggesting
hat innovativeness is the mechanism that connects structure and
nowledge heterogeneity to performance, rather than arbitrage. H4
s therefore not supported while H5 is.

. Discussion

The findings here are in essence twofold; first, while struc-
ure has been acting as a proxy for knowledge heterogeneity in
rior work which does not measure both, structure still matters.
econdly, these results suggest that managerial innovativeness
ediates the relationship between network structure, knowl-

dge heterogeneity, their interaction, and managerial performance.
nformation arbitrage, which seemed to be present when manage-
ial performance and the network variables were regressed against
ob performance without innovativeness to mediate the relation-
hip, appears not to be directly responsible for higher performance;
ensity, knowledge heterogeneity and their interaction are driv-

ng performance through the innovativeness of these managers,
hich in turn is related to their assessed job performance. It is also

nteresting that sparseness matters for innovativeness.
The principal conclusion is that structural holes, at least at

he company where these data were collected, are not used to
xploit individual autonomy, to create competition between con-
acts, to broker information, nor even to gain an advantage through
arlier and more frequent recognition of opportunities. Rather, it
eems that the heterogeneity of knowledge to which managers are
xposed leads to greater creativity and innovativeness, and it is
his that leads to managers being judged to be higher performers.
hat structure also matters for innovativeness suggests that inno-
ativeness is not only a matter of generating new ideas, but also
f having sufficient autonomy to act on them. Neither knowledge
eterogeneity not autonomy on its own is enough; innovativeness
eems to need both.

Several caveats are in order. First, the results may be an artifact
f a form of common method bias. Although the performance and
nnovativeness measures were not provided by the survey respon-
ents (thus avoiding a common method bias problem between
he performance and network variables), the performance and
nnovativeness measures were both derived from the same senior

anagers’ assessments and in one model, Model 6, innovation
ppears on the right-hand side of the equation while performance
s on the left. The greater the extent to which these senior man-
gers saw innovativeness as synonymous with performance, the
ore closely the two outcome measures would be correlated which

ould artificially inflate the mediating effect of innovativeness. It
s also unfortunate (though understandable) that given the task of

ssessing 106 managers our two senior managers who provided the
erformance ratings split the task and then compared notes before
eturning a single set of ratings, since it precluded any assessment
f inter-rater reliability. That being said, only 48% of the variance in
heir assessment of overall performance is accounted for by their
32 (2010) 168–179

assessment of innovativeness. This suggests firstly that they do
not see the two constructs as one and the same and second, that
there is plenty of unexplained variance for any direct causal link,
not mediated by innovativeness, to be exploited in the estimation.
Moreover, any bias arising from the confounding of performance
and innovativeness in the minds of the managers who carried out
the performance evaluations may in fact reflect an organizational
reality. The managers who provided the performance data were
also those who made promotion decisions and shaped the orga-
nization. If they considered innovativeness an important part of
individual performance, this would likely be communicated within
the organization and become part of the organizational culture. This
shaping of the organizational context will likely lead to more inno-
vative activity; thus what appears to be a methodological bias may
reflect factors that have created exactly the phenomenon that the
findings have uncovered.

Second, the lack of any finding for control or arbitrage may be
context dependent. The data were collected from a Scandinavian
company; since Scandinavian culture tends to downplay individual
competitiveness, the tertius strategies Burt describes, particularly
those relying on competition and arbitrage, may have been cur-
tailed by societal norms. Although Burt does not explicitly test
the relative magnitudes of the mechanisms discussed in structural
holes theory, it is possible that the control and information benefits
he described, although not found here, may have been present in
the settings from which his data were collected. Since this study
was carried out in one company, caution must be used in general-
izing too broadly from the results.

Thirdly, the finding that innovation trumps the other mecha-
nisms of structural holes theory might be attributable to bias in the
sample. Because the respondents were younger on average than
the company as a whole, the study may have oversampled peo-
ple who were less set in their ways and more willing to suggest
innovative solutions to problems. These people may have turned
to innovation first before thinking about the other ways that their
holes might be exploited. However, dropping observations with
the 20 shortest tenures, which brings the sample mean up to the
mean for the company as a whole, actually strengthens the findings
slightly.

Finally, because there was no restriction on the number of
contacts respondents could cite, and because the length of the ego-
network question grows with the square of the number of cited
contacts, the time needed to complete the survey can be some-
what onerous for people who cite a large number of contacts. It
is possible that people with large networks failed to complete the
survey and did not return the diskette. If so, the sample would be
biased towards those with smaller networks. I tested the models
dropping the bottom quartile in terms of ego network size and the
results were unchanged. Symmetrically I also re-ran the models
dropping the largest quartile in network size and again the results
remained unchanged. Although this is obviously not a definitive
test, and though it is possible that those with large networks gave
up on the survey, it does not seem as though this would prevent
generalizing the overall conclusions from the sample to the popu-
lation.

While the level of analysis in this work is the individual man-
ager, the results may also have implications for levels of analysis
such as departments within firms or firms within an industry.
However, considerable caution should be exercised generalizing
from one level to another; while the mechanisms may be the
same, their relative importance may be quite different. Competi-

tion between departments within a firm may apply when those
departments are assigned the same task or goal; for example, large
firms often have several R&D departments competing with each
other to solve a particular problem. Moreover, while all managers
are treated in a broadly similar way, at the firm level of analysis
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hether network nodes are competitors, buyers or suppliers will
ave a significant impact on the dominant mechanisms in any dyad
r triad. For example, autonomy may be useful to firms trying to
enchmark their competitors; when a firm has at least some infor-
ation regarding many of its competitors while they have a more

estricted set of reference firms, the focal firm may have an advan-
age. Competition is also likely to be the dominant mechanism
hen considering both a firm’s relationships with its buyers and

uppliers. Large firms very often engage many suppliers of the same
art to enable them to play one off against another, and prefer not
o be beholden to a single buyer for their outputs. Firms often bene-
t from arbitrage; for example consulting companies gain insights

nto problems in one client which are helpful in providing advice to
ther clients in the same industry.13 Innovation may occur when
ompanies see how certain products and services available from its
uppliers may be combined to solve client problems; the greater
he variety of supplier technologies the firm deals with and the
ider its array of customers – and potential problems to be solved
the more likely innovation will be. While the mechanisms asso-

iated with structural holes theory may be found at many levels
f analysis, it is unlikely that the results regarding their relative
ontribution will be generally applicable to other levels.

.1. Implications for research

A reasonable question remains: why do these findings matter?
f all roads lead to Rome (higher individual performance) should we
are about which mechanism is responsible? I believe the answer
s ‘yes’ because each causal mechanism is likely to have a differ-
nt effect at a more aggregate level. As DiMaggio notes (1991),
ggregation across levels of analysis requires care and higher level
utcomes cannot simply be extrapolated as the sum of lower
evel ones. Whether structural holes between managers benefit the
epartment, division or firm will likely depend on the way in which
hey are exploited and thus on the mechanism in use.

When sparse networks are exploited for the autonomy they
rovide, there will likely be variance in activities across an orga-
ization. By reducing autonomy dense networks should increase
he extent to which actions are congruent with the firm’s strate-
ic context (Bower, 1970) reducing the variety of avenues being
ursued. Variation is important to successful exploration (March,
991) and the less dense organizational networks are, the more
xploration one would expect. To the extent that exploration and
earning are drivers of firm performance, autonomy should there-
ore be beneficial at the firm level.

Creating competition might benefit the organization as a whole
hen it leads to greater effort. However, competition depends on

ow knowledge heterogeneity and therefore is likely to be asso-
iated with low creativity and innovation. Thus while increased
ompetition and effort may be helpful at the collective level in sta-
le environments, in dynamic environments this may come at the
ost of innovation and adaptability. Moreover, if control is exer-
ised by passing ambiguous or distorted information, managers will
n occasion be misinformed which will impede decision making
nd the exploitation of their organization’s collective knowledge
Conner and Prahalad, 1996). Furthermore, should those who
eceive distorted information discover they have been misled, trust

nd extra role behavior (Kim and Mauborgne, 1996) – doing more
han is required by the organizations rules and standard operating
rocedures, often vital to collective performance (Barnard, 1938;
rozier, 1964; Crozier and Friedberg, 1980) – may decline.

13 Although the specifics of a client’s operations are typically protected by confi-
entiality agreements, general principles and a sense of the problems an industry
aces are transferable between one client and another.
32 (2010) 168–179 177

Opportunity recognition is at the heart of entrepreneurship
(Kaish and Gilad, 1991) and much has been written that attests
to the importance of entrepreneurial activity inside the firm (e.g.,
Burgelman, 1984; Kogut and Zander, 1992). Opportunity recog-
nition also encompasses the recognition of usefulness of internal
information in the pursuit of the development of a new product,
market or firm capability (Doz et al., 2001; Stuart and Podolny,
1996) and is therefore likely to be beneficial to the organization.

However, when information is bartered, some is likely to be held
back until it can be exchanged to best advantage. As Reagans and
McEvily (2003) argue, absent cohesion, a desire to remain useful
and non-substitutable will reduce information sharing. Thus while
information flow occurs as a result of arbitrage, less transfer occurs,
and in a less timely manner, than would have been the case had the
broker simply closed the hole between his two contacts (Obstfeld,
2004).

Finally, innovation is important for survival in turbulent envi-
ronments, and generates opportunities for economic value creation
and appropriation (Dougherty, 1992; Dougherty and Heller, 1994;
Henderson and Clark, 1990; Kanter, 1988; Moran and Ghoshal,
1999; Nonaka and Takeuchi, 1995); individual innovativeness is
therefore likely to be positively related to organizational perfor-
mance. The finding that innovativeness seems to be the dominant
mechanism, at least in the context of the firm studied here, might
therefore be construed as encouraging for managers and strategy
scholars alike.

Much work remains to be done however. Since the relative
strengths of mechanisms reported here may not be found in other
cultural settings, it would be worthwhile to undertake a similar
study in a cultural context that is more individualistic and indi-
vidually competitive, perhaps the UK or the US. Another useful
extension would be to test the effect of different kinds of formal
organizational structure. Podolny and Baron (1997) found that the
use of networks for buy-in requires cohesion rather than struc-
tural holes and it is clear that the general results presented here
for aggregated networks comprising task, friendship, buy-in and
advice ties, will apply only for some activities and within certain
kinds of network. A useful line of empirical inquiry would be to
investigate the contingent relationships between each mechanism,
and types of network, elements of context, such as structure, and
shared norms and values. Further work on the linkages between
structure and individual performance, perhaps using more qualita-
tive methods, would also be useful.

Finally, and perhaps most importantly, data is needed to assess
the aggregate level effects of these mechanisms. While I have spec-
ulated briefly as to their possible implications, and isolated them
in the context of one firm, further work is clearly needed here.
It is almost two decades since “Structural Holes” was published;
an answer to the question “how do individual structural holes
influence business unit or firm performance?” seems somewhat
overdue.

6. Conclusion

This paper shows how the different mechanisms by which
network structure has been linked to individual performance
may be represented in reduced form using three underly-
ing constructs: network density, knowledge heterogeneity and
innovativeness. Using this framework, it fills a gap in the
literature by answering the question: which of the five mech-
anisms in structural holes theory actually drives managerial

performance? The findings suggest that innovation mediates the
relationships found in earlier work between knowledge het-
erogeneity and performance (Rodan and Galunic, 2004), and
between network structure and performance (Burt, 1992, 2000).
Of the different mechanisms suggested in structural holes the-
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ry, in the company from which the data were collected
nnovativeness seems to be the principal operative mecha-
ism.

ppendix A.

.1. Sign of interaction coefficients

Suppose the dependent variable, y exhibits an interaction with
1 and x2 such that it increases fast with x1 when x2 is small and
ore slowly when x2 is large and does not change at all when

2 reached its maximum value. This would be the case for infor-
ation arbitrage, which rises with an increase heterogeneity of

ontacts when ego-network density is low (i.e. there are holes in
he network) but is zero when density is high since there are no
rbitrage opportunities in a completely closed network. Thus one
ould write:

= barbk(1 − d) + ε (4)

ere y might represent performance, k knowledge heterogeneity
nd d density; barb is a scaling factor. When density is 1, knowl-
dge heterogeneity has no effect on performance; when it is 0,
erformance increases by barb for a unit increase in knowledge
eterogeneity. Expanding this gives:

= barbk − barbkd + ε (5)

If the following regression model is estimated:

= ˇ0 + ˇ1k + ˇ2d + ˇ3kd + ε (6)

he coefficient for the main effect of knowledge, ˇ1, will be positive
hile that for the interaction term, ˇ3, will be the same size but
egative. The density coefficient, ˇ2, will be zero (or small) and not
ignificant.

Next, consider the case in which k and d jointly cause a reduction
n y. This would be the case of competition. When density is low, the
tructural opportunity exists for creating and exploiting competi-
ion. When knowledge heterogeneity is high, competition cannot
e created because individuals are not substitutable. Given a sparse
etwork structure, competition is thought to increase with substi-
utability and thus decline with knowledge heterogeneity. When
ensity is high, few if any structural opportunities exist for compe-
ition and the effect of increasing heterogeneity will be negligible.
n dense networks (d = 1), heterogeneity does not matter; similarly,
n networks with maximum heterogeneity (k = 1) substitution is
ot possible changes in density will also have no effect. Perfor-
ance will be maximized by the joint absence of heterogeneity

nd density:

= bcomp(1 − k) × (1 − d) + ε (7)

Expanding this gives:

= bcomp(1 − k − d + kd)

= a + bcomp − bcompk − bcompd + bcompkd + ε (8)

If the following regression model is estimated:

= ˇ0 + ˇ1k + ˇ2d + ˇ3kd + ε (9)

ere the coefficient for both main effects, ˇ1 and ˇ2, will be neg-
tive, while interaction term, ˇ3, and the intercept ˇ0 will be
ositive. All coefficients should have about the same absolute value.
Although I have argued that is unlikely that one individual would
imultaneously employ both arbitrage and competition strategies
t is certainly possible that some people would be exploiting their
oles by information arbitrage while others are using competition.
o assess the implications for the modeling strategy used here I
Fig. 2. Coefficient patterns for mixed population of competition and arbitrage.

generated some Monte Carlo data with varying proportions of the
two mechanisms where ˛ observations had y defined as in Eq. (4)
and ˛ − 1 where y was defined by Eq. (7). ˛ was varied from 0 to 1
in steps of 0.01. The results are shown in Fig. 2.

With mostly competition and little arbitrage operating, the main
effects of both density and knowledge heterogeneity are negative
while their interaction is positive. When there are equal propor-
tions of both mechanisms the interaction term and the knowledge
heterogeneity term are both zero and not significant; this pattern
of coefficients could be seen as evidence for either autonomy (only
a structural effect) or equal proportions of arbitrage and competi-
tion. As arbitrage increases and competition declines the pattern
becomes clearer again with no main effect from density, a positive
main effect from knowledge heterogeneity balanced by a negative
interaction term.

A.2. Dyad confirmation

Adams and Moody (2007) suggest checking where possible
to see whether reporting of ties is corroborated. I checked each
alter–alter dyad reported by respondents against all other respon-
dents’ reports for that tie, and against any reports in which either
end of the dyad was also a respondent. Of the 14,772 alter–alter
ties which were reported on by two different respondents, 20.5%
were reported inconsistently. Of course this does not mean that
79% of ties identified in the ego-network data collection question
were accurate, only that there is a high level of agreement. Since
only 19% of ego-network dyads were reported as missing, there
may be a tendency to over-attribute alter–alter ties. The higher this
over-attribution the greater the level of agreement will be, so this
relatively low error rate may be misleading.

Some insight into the actual error rate rather than the extent
of reporting agreement can be gleaned from comparing the cases
in which: either an ego reports an alter–alter tie as present and
neither alter, both themselves being respondents, mentions this
tie; or ego reports as absent an alter–alter tie and one of the ends
of that tie is a respondent. Of the 1473 cases in which alter–alter
reports could be verified in this way, all were case in which ties were
reported by one respondent and missed by a third party; none were
reported ties that were confirmed as absent. Of these, 160 (10.85%)
were misidentified. If this figure represents a ‘true’ error rate, then
correct assessments were made in about 89% of cases. The joint
likelihood of a correct prediction in two people making assessments

of alter–alter ties is the square of this, or 79%. This is about the same
as the measured alter–alter to alter–alter comparison error rate of
20%. Taken together, these findings seem to suggest a fairly high
level of reporting consistency.
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