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Abstract
This paper employs the network perspective to study patterns and structures of intra-
organizational learning networks. The theoretical background draws from cognitive
theories, theories of homophily and proximity, theories of social exchange, the theory of
generalized exchange, small-worlds theory, and social process theory. The levels of
analysis applied are actor, dyadic, triadic, and global. Confirmatory social network analysis
(exponential random graph modeling) was employed for data analysis. Findings suggest:
(1) central actors in the learning network are experienced and hold senior positions in the
organizational hierarchy; (2) evidence of homophily (in terms of gender, tenure, and
hierarchical level relations) and proximity (in terms of geographical and departmental
distances) in learning relationships; (3) learning relationships are non-reciprocal; and
(4) transitivity and high local clustering with sparse inter-cluster ties are significant for
intra-organizational learning networks.
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Introduction

O
rganizational learning is a source of sustainable
competitive advantage (de Geus, 1988), and driver
of corporate performance (Stata, 1989; Sorenson,

2003; Tucker et al., 2007). The literature on organizational
learning is vast and growing (for review papers see e.g.,
Shrivastava, 1983; Dodgson, 1993; Easterby-Smith, 1997;
Dimovski and Škerlavaj, 2008). To date, most of the
research on organizational learning in networked settings
has been conducted at the inter-organizational level (see
for e.g., Argote et al., 1990; Liebeskind et al., 1996; Powell
et al., 1996; Dussauge et al., 2000; Sorenson and Sorenson,
2001; Muthusamy and White, 2005). Even among studies
that examine intra-organizational learning in networks, we
find that they focus on a narrow and specific aspect of
learning – for example, information seeking (Powell, 1990;
Borgatti and Cross, 2003), advice seeking (Lazega, 1992,
2001; Lazega and Pattison, 2001; Rhee, 2004), learning-by-
doing (Reagans et al., 2005), balancing between exploration

and exploitation (Kang et al., 2007), and issues related to
transactive memory (Liang et al., 1995; Ren et al., 2006).

We hypothesize that one of the reasons for the lack of
studies examining the structure of intra-organizational
learning networks is the difficulty in obtaining data.
To study these networks the researchers must have access
to organizations at the deepest levels and be able to
systematically collect data over multiple time periods. In
addition, it is important to be able to access an organization
that is knowledge-intensive and has a high desire and
potential for organizational learning. These conditions
make it rare to capture the adequate data necessary to
examine the phenomenon of intra-organizational learning.
We were fortunate to get access to a knowledge-intensive
organization in which to carry out a systematic study.
The research site is a service-based, knowledge-intensive
company, and information technology (IT) organization
headquartered in Slovenia. Our access to the organization
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gave us the ability to collect network data, at the individual-
level, during two time periods. We were able to conduct
network analyses to explore the patterns and structures
of intra-organizational learning. To the best of our knowl-
edge, it is one of the first studies to examine and analyze
data on intra-organizational knowledge networks at two
discrete points in time. To date, linking intra-organizational
learning and networks has predominantly been tested
through the use of information seeking (Cross et al.,
2001; Borgatti and Cross, 2003), advice (Lazega, 1992,
2001; Lazega and Pattison, 2001), and networks. This
study builds upon this literature by introducing a novel
approach to the measurement of learning relationships,
using a straightforward name generator that asks organ-
izational members to identify the people from whom they
learn the most.

The study theoretically advances the network perspective
on intra-organizational learning using a multi-theoretical-
multi-level framework (Škerlavaj and Dimovski, 2007;
Pahor et al., 2008; Škerlavaj et al., 2010). The study
conceptualizes organizational learning as a multi-level
concept (Sanchez, 2001; Holmquist, 2004; Ibarra et al.,
2005) and focuses on intra-organizational levels, which
include the individual, group, and company. The network
perspective on intra-organizational learning integrates
both the acquisition (Huber, 1991) and participation
(Brown and Duguid, 1991; Lave and Wenger, 1991)
perspectives on organizational learning. The study employs
a multi-theoretical lens, drawing on various communica-
tion network theories: cognitive theories (Moreland, 1999;
Hollingshead, 2000), theories of homophily and proximity
(Brass, 1995), theories of social exchange (Homans, 1950,
1974; Blau, 1955, 1964), theories of generalized exchange
(Emerson, 1976), theory of small worlds (Milgram, 1967;
Pool and Kochen, 1978; Watts, 1999), social process theory
(Lazega and Pattison, 2001), and evolutionary theories
(Aldrich, 1972; Baum, 1996). The research objective was
to determine the patterns and structures that govern the
formation of intra-organizational learning networks.

This paper is organized as follows. We begin by
presenting the building blocks of the network perspective
on intra-organizational learning. We then present our
research hypotheses about the structures and patterns of
intra-organizational learning networks. Next, we present
the research methodology. Following that, we present the
results from the exponential random graph modeling of
the learning network. Finally, we discuss the results and
their implications, expose limitations, and suggest future
research opportunities (also for the further studies of
information-and-communication technology (ICT)-enabled
networks).

Theoretical framework
Organizational learning is a process concerned with
transforming information into knowledge and knowledge
into action (e.g., Argyris and Schön, 1978; Fiol and Lyles,
1985; Huber, 1991; Day, 1992; Crossan et al., 1995), which
is reflected in accompanying behavioral and cognitive
changes (Kim, 1993; Crossan et al., 1995). Organizational
learning occurs at multiple levels: individual, group,
organizational, and inter-organizational (Sanchez, 2001;

Holmquist, 2004; Ibarra et al., 2005; Boh et al., 2007). It
can be studied as a relational phenomenon involving
interactions among individuals (Schwandt and Marquardt,
2000; Borgatti and Cross, 2003). Individuals are more
likely to fulfill information needs as they arise through
consulting other people as opposed to searching through
impersonal sources, such as corporate repositories and
intranets (Cross et al., 2001).

In the current organizational learning literature, the
contrasting acquisition and participation perspectives for
organizational learning collide. The acquisition perspective
of organizational learning consists of the understanding of
learning as the individual acquisition of knowledge and
skills. The mind is viewed as a storage place, knowledge
as an essence, and learning as the transfer and accumula-
tion of essence of mind. Knowledge is a package that one
transfers to somebody else, which enables learning. The
acquisition perspective underlies much of the early
literature on organizational learning (March and Simon,
1958; Cyert and March, 1963; Huber, 1991). A major
critique of the acquisition perspective is that it neglects
the fact that learning is also a social process heavily
dependent upon the relations among organizational mem-
bers. The acquisition of information and its reformulation
into knowledge happen via interactions between people
and extend from the individual level to the group and
intra-organizational levels, which is not accounted for by
the acquisition perspective.

The participation perspective is derived from practice-
based studies, such as apprenticeship learning, in which
no teaching was conducted; that is, knowledge was not
directly imparted to participants through instruction-based
methods (Lave and Wenger, 1991). Within this perspective,
learning is understood as the function of participation
in communities of practice (CoP). Learning takes place
through sustaining a community where knowledge flows
richly among individuals, thereby ensuring participation
and interactions of individuals (Brown and Duguid, 1991).
While the participation perspective considers organiza-
tional learning as a relational phenomenon, it neglects the
acquisition perspective.

As such, both of the perspectives seem to be limited in
their explanations of the organizational learning process
within organizations. The acquisition perspective seems to
neglect the aspect of learning as a relational phenomenon
(Schwandt and Marquardt, 2000), while the participation
perspective downplays the role of individuals within the
organization. In terms of learning content and method,
the network perspective on intra-organizational learning
combines both the acquisition and participation perspec-
tives. In the network perspective on intra-organizational
learning, the synthesis of acquisition and participation
perspectives is proposed so as to recognize the individual
as a primary source and destination for learning, while
also acknowledge that learning takes place primarily during
social interaction. Moreover, the network perspective is
sensitive to the role that the organization plays in fostering
learning. Learning is embedded within the organization.
The organization has a critical role to play in the dev-
elopment and fostering of relational ties among individuals
to enable learning. The network learning perspective
extends the concept from a focus on individual actions
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to the organizational context. The network perspective
on intra-organizational learning builds upon the social
network communication theories and expands the under-
standing of organizational learning as both relational and
individual-level phenomena across multiple levels (indivi-
dual, group, intra-organizational, and relational).

Social network analysis is concerned with the study
of relationships among interacting units. Repeated patterns
of interaction create network structures that represent the
core artifact in social network analysis (Milgram, 1967;
Wellman and Berkowitz, 1988; Wasserman and Faust,
1994). As noted by Wasserman and Faust (1994: 5), ‘the
unit of analysis in network analysis is not the individual,
but an entity consisting of a collection of individuals
and the linkages among them. Network methods can focus
on dyads (two actors and their ties), triads (three actors
and their ties), or larger systems (subgroups of individuals,
or entire networks).’ Social networks are represented
as sociograms (Moreno, 1953), which are two-dimensional
diagrams that depict units and relationships among them.
Social network methods have been applied to a range of
problems. Applications of social network analysis can
be found in collective decision-making (Leavitt, 1951),
exchange and power structures (Cook and Emerson,
1978), community relations (Wellman, 1979), knowledge
transfer and human resource management (Kaše et al.,
2009) among others. In this paper, we apply the con-
cept of social networks to understanding the structures
and patterns of organizational learning networks within
organizations.

Research hypotheses
The network perspective on intra-organizational learning
draws on the extensive work of Monge and Contractor
(2003) and Contractor et al. (2006), and more specifically
on their multi-theoretical, multi-level framework of com-
munication networks. Drawing from Contractor et al.
(2006) the intra-organizational learning network perspec-
tive is based on theories of homophily and proximity
(Sherif, 1958; Brass, 1995), the theory of social exchange
(Homans, 1950; 1958; Blau, 1955, 1964), cognitive theories
(Gioia and Manz, 1985; Krackhardt, 1987; Kogut et al.,
1993), the theory of small worlds (Milgram, 1967; Watts,
1999), transactive memory systems (Liang et al., 1995;
Heald et al., 1998; Hollingshead, 2000; Cross et al., 2001,
2002; Lewis et al., 2005; Ren et al., 2006), social process
theory (Granovetter, 1985; Lazega and Pattison, 2001),
theories of evolution (Aldrich, 1972; Baum, 1996), and the
broader theory of collective action (Lazega, 1992, 2001).
It also addresses organizational learning at the actor,
dyad, triad, and network levels. Based on the theories that
form the network perspective on intra-organizational
learning, this study proposes hypotheses about (1) actor
centrality, (2) homophily and proximity, (3) absence of
reciprocity, (4) presence of transitivity, and (5) small-world
phenomenon.

Actor centrality
Cognitive theories of social networks – in particular,
transactive memory theory – explain how interdependent

people within a network with their own set of skills
and expertise develop cognitive knowledge networks
that help them identify the skills and expertise of others
in the network (Wegner, 1987, 1995; Moreland, 1999;
Hollingshead, 2000; c.f. Monge and Contractor, 2003).
Cognitive networks help organizational members find
out what others know and who to turn to when in need
of some kind of knowledge. Specialization in terms of
expertise and developing cognitive knowledge maps are
bound to produce inequalities among people, resulting
in some people being more sought out as a source of
learning than others.

Research on transactive memory systems (Wegner
et al., 1991; Hollingshead, 2000; Lewis et al., 2005) suggest
that an individual’s attractiveness as a source of learning
is related to the level of skills and expertise he/she
possesses. In research studies, proxy variables such as
experience (tenure within a company or industry) and
level of formal education are used as surrogate measures
for skills and expertise. Lewis et al. (2005) show that
knowing who knows what facilitates learning. Hollingshead
(2000) examined transactive memory systems using a
sample of clerical office workers in a laboratory setting
and found evidence that role-based expertise is important
for developing a cognitive map of who knows what within
an organization.

Formal education is another possibility for developing
skills and expertise. The process of education can help an
individual and his/her peers obtain useful skills and
knowledge. As such, it is probable that formal level of
education is also a determinant of an actor’s centrality
within a learning network. This might also be dependent
upon the average general level of education within an
organization. The more educated the workforce, the smaller
the impact of obtained education level on centrality and
vice-versa.

The organizational-hierarchy actor variable also plays a
salient role. Individuals might learn from people who are in
more senior positions, given the assumption that organiza-
tional members were promoted based on their merits. One
reason why we might assume so is that individuals may
want to seek the additional knowledge that is required in
order to get promoted. For example, if someone in a senior
manager position wants to get promoted, he/she may
need to learn from someone who holds a director position.
In this case, an individual would identify the skills and
experience that he/she needs for advancement and then
seek to learn from someone who is currently in the higher-
level position.

To test the determinants of actor centrality within the
intra-organizational learning networks, we propose three
hypotheses. The first suggests that people learn from
experienced members of an organization, as measured by
tenure. Hypothesis 1b tests whether formal education
determines the in-degree centrality of an actor. Hypothesis
1c proposes that people learn predominantly from their
superiors.

Hypothesis 1a: The extent to which actor i learns from
actor j is a positive function of actor j’s tenure within the
organization.
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Hypothesis 1b: The extent to which actor i learns from
actor j is a positive function of actor j’s formal education
within the organization.

Hypothesis 1c: The extent to which actor i learns from
actor j is a positive function of actor j’s hierarchical
position within the organization.

Homophily and proximity
The second set of hypotheses moves from actor to dyad
level and is based upon theories of homophily (McPherson
and Smith-Lovin, 1987; Brass, 1995; McPherson et al., 2001)
and theories of proximity (Festinger et al., 1950; Korzenny
and Bauer, 1981). The general idea behind these theories
is that being similar (homophily) or close (proximity) eases
the establishing and maintaining of social relationships.
This will in turn enable increased effectiveness and
efficiency in learning through social interactions. For
example, if two individuals already have a history of
collaboration and social interactions, it is quite possible
that it would be easier for learning to take place between
those two individuals than if they did not have a close social
relationship. Past studies have examined homophily
and proximity in varied manners (see e.g., Borgatti and
Cross (2003) for physical proximity, Brass (1985) and
Ibarra (1992, 1993) for gender homophily, Sorenson et al.
(2006) for geographic, organizational, and collaboration
proximity).

Homophily has been studied in terms of similarity in
gender, education, tenure, and occupation, as well as other
dimensions (Brass, 1985; McPherson and Smith-Lovin,
1987; Ibarra, 1992, 1993; McPherson et al., 2001). Brass
(1995) found empirical evidence of gender homophily
within a newspaper publishing company, whereas Ibarra
(1992) found evidence in an advertising firm. In line
with this research, we will examine the idea of gender
homophily in intra-organizational inter-personal learning
networks.

Educational homophily deals with the notion that people
with similar levels of obtained education will communicate
with each other more frequently and with greater ease than
they do with others. In order to be able to learn from
someone, a certain level of absorptive capacity has to be
present on the receiver’s side (Cohen and Levinthal, 1990).
The formal educational process provides one with the
ability to absorb information and turn it into knowledge.
Along these lines, it is more probable that people with
similar educational levels will learn more from each other
than they will from others. Learning technical knowledge
requires one to possess certain foundational knowledge
that is common among all participants (Lewis, 1969). For
example, if two engineers have to communicate on the
specifics of a certain software program, the basic knowledge
in software engineering forms the set of common knowl-
edge that allows the engineers to communicate with one
another.

Besides being a proxy for experience, tenure as length of
time in an organization increases the integration of
individuals into a learning community. If organizational
members come to the organization at similar points in time,
they are likely to go through similar stages of development

(Škerlavaj et al., 2008). As such, they share similar
problems and challenges and are more likely to commu-
nicate and learn from each other than they are with others
who are more distanced from their phase of development.
Hierarchical-level homophily can be explained in at least
three ways. First, superiors are expected to have the
answers and are often reluctant to go for answers to their
subordinates. Second, subordinates often need operative
and quick information. They are more likely to get this
information from their immediate co-workers than from
their busy bosses. Third, superiors more often search
for information at strategic or tactical levels of learning,
which they get from other managers. At the same time,
front-line workers are likely to collaborate with their
peers for learning and knowledge as they have established
relationships with these individuals. These relationships
may have a higher-degree of trust and proximity as well,
which will encourage swift learning.

Related to the issue of homophily is the notion of
proximity within social networks. Physical proximity
implies that working close to the potential source of
knowledge increases the probability of learning from that
source. In their four models of information seeking,
Borgatti and Cross (2003) claim that physical proximity
increases the probability of information seeking as it
affects knowing what a person knows and being able to
access the source. In addition, Borgatti and Cross (2003)
show that as distance increases between two individuals,
the likelihood of having effective and efficient information
flows decreases. The underlying reasons are issues of
information loss, delays, and lower accessibility. This paper
addresses physical proximity in terms of working at the
same geographical location and belonging to the same
organizational unit.

Given the fact that previous research (McPherson and
Smith-Lovin, 1987; McPherson et al., 2001) shows the
strong presence of homophily effect in various types of
social networks, it is reasonable to expect the same for
learning networks. This paper addresses homophily in
terms of gender, education, tenure, and hierarchical
position within the company. First, organizational mem-
bers of the same gender are likely to communicate and
learn more often from one another than with others. In
particular, the IT industry is characterized by a larger
presence of males than females in the workforce. In such
environments, minorities are likely to feel threatened
and may stick together even more. Next, the process
of formal education facilitates the development of a
person’s absorptive capacity and forms a common language
for communication. This leads us to hypothesize that
people of similar educational levels are likely to learn from
one another more often than by chance. Third, relation-
ships and various socialization processes take time to
develop. People who came to the firm at similar points
in time were likely exposed to the same apprenticeship
systems, attended joint seminars, shared similar career
paths, and had common problems to solve. Similarity in
terms of tenure is very likely to be a determinant of
homophily in intra-organizational learning networks as
well. Fourth, we hypothesize that the nature of work-related
issues and problems that call for learning is related to one’s
hierarchical level. Managers are likely to learn from other
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managers when in need of knowledge about strategic
issues, whereas programmers and consultants will turn to
other programmers and consultants for operative issues.
Fifth, geographical proximity facilitates communication
and learning. This is especially true for tacit knowledge
which often demands the physical presence of both people
in order for learning to happen. Working at the same
location is very likely a determinant of homophily in
learning. Similarly, working in the same department means
working on the same or similar substantive issues, which
increases the probability of learning between a pair of
organizational members. Hence, the following hypotheses
are proposed:

Hypothesis 2a: The probability of actor i learning from
actor j is significantly higher than chance if they are both
of the same gender.

Hypothesis 2b: The probability of actor i learning from
actor j is significantly higher than chance if they both
achieved the same educational level.

Hypothesis 2c: The probability of actor i learning from
actor j is significantly higher than chance if they are
similar in terms of tenure within the organization.

Hypothesis 2d: The probability of actor i learning from
actor j is significantly higher than chance if both occupy
the same hierarchical level.

Hypothesis 2e: The probability of actor i learning from
actor j is significantly higher than chance if they work at
the same geographical location.

Hypothesis 2f: The probability of actor i learning from
actor j is significantly higher than chance if they work in
the same department.

Non-reciprocity (asymmetry)
Previous studies of knowledge networks have found that
learning ties, in terms of advice and information seeking,
are not reciprocal (Borgatti and Cross, 2003). Knowledge
sources are not expected to be knowledge seekers at the
same time. This means that the sources of learning should
expect something else in return. Blau’s (1964) view of social
exchange theories puts status at the heart of learning and
supports the claim that learning is being exchanged for the
recognition of status (Lazega et al., 2006). One form of
status called cognitive status is salient in this context.
Lazega (1992) defines cognitive status as a special kind of
status that is measured by the in-degree centrality of
vertices and prominence in advice networks, which are
often treated as a proxy for learning networks. Simply put,
as people earn a higher cognitive status, they have a greater
number of connections with and become more valuable to
others in the network. Lazega (1992, 2001) studied learning
through advice seeking and examined the relationships
between authority, status, knowledge, and performance. He
found that knowledge as a resource is efficiently distrib-
uted/allocated through two processes: the selection of
exchange partners, also known as social niche seeking,

and a concentration of the authority to know through status
competition (Lazega, 2001: 124). He calls the exchange
of advice for the recognition of status ‘the Blau-learning.’
In an empirical study of a corporate law firm he finds
that status hierarchy is what provides a social incentive
for actors to share their knowledge and experience with
others (Lazega et al., 2006).

Therefore, learning networks are specific in terms of
social exchange, where predominant knowledge seekers
are not expected to also be predominant sources of
knowledge. In learning networks, cases are expected to be
rare where the teacher can also be the student. For example,
an expert in software programming or database design is
more likely to be a source of knowledge to his peers rather
than a recipient. Hence, we expect non-reciprocity, that is,
asymmetric ties within the learning networks.

Hypothesis 3: Learning networks are characterized by
the structural property of asymmetric relationships.1

Transitivity
The next level of analysis in intra-organizational learning
networks is triadic. Generalized exchange (Emerson, 1976)
expands the idea of social exchange from dyadic to triadic
and to the global level. Generalized exchange is considered
to be a mechanism that enhances solidarity and referrals.
It helps locate useful sources of learning within intra-
organizational networks. In the context of learning networks,
a measure to test generalized exchange is transitivity.
Transitivity suggests that if person A learns from person B
and person B from person C, than A should also learn from
C. Brass (1995) defines it as the number of transitive triplets
divided by the number of potential transitive triplets.
Transitivity is often treated as a control structural variable
within network studies. Through time, this mechanism also
helps create the so-called preferential attachment phenom-
enon (e.g., Barabási and Albert, 1999), which causes central
people to become even more central. As such, it can be
cause for concern when it produces bottlenecks and
dependency on a few central employees and managers,
thus increasing the vulnerability of the organization. The
idea of preferential attachment can only be tested in
longitudinal data sets, such as the one we present in this
paper.

Hypothesis 4: Learning networks are characterized by
the structural property of transitivity.

Small worlds
At the global level, one might argue that learning networks
resemble small worlds (Milgram, 1967; Watts, 1999).
The small-world phenomenon (Milgram, 1967; Pool and
Kochen, 1978) occurs when there is high local clustering
and short global separation. Small worlds represent
a general feature of sparse, decentralized networks (Watts,
1999). These are sometimes called ‘caveman worlds’ due to
their graphical resemblance to several sparsely intercon-
nected but internally relative cohesive clusters. Pool and
Kochen (1978) were among the first to conduct a theoretical
investigation of the small-world phenomenon, which
contributed to the development of small-world theory.
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Watts (1999) formalized this notion by introducing two
concepts from the graph theory: (1) characteristic path
length, and (2) a clustering coefficient. The existence of
the small-world phenomenon is determined by comparing
these two parameters in the actual network with a random
network of the same size and density. Based on several
examples from social, biological, and technological (neural)
networks, Watts (1999) advocated that the small-world
phenomenon is a universal concept in real networks
regardless of their size or type. Support for this conception
arises from the comparison of the average shortest path
and clustering coefficients in actual vs random networks.
In actuality, networks have a significantly higher clustering
coefficient and an average shortest path, as evident from
the works of Kogut and Walker (2001), and Watts (1999).
As noted by Hollingshead (2000), groups might be
organized by departments, geographical locations, and
different fields of expertise. Owing to accessibility, similar-
ity, and proximity effects, people will learn more from their
colleagues at the same office or location. Owing to
similarity in terms of expertise, they will learn more
from people within the same department. With regard to
the learning networks, one might expect that people will
learn in smaller, well-connected groups, thus resembling
the small-world phenomenon. Hypothesis 5 tests the
validity of this theory for learning networks.

Hypothesis 5: Intra-organizational learning networks are
characterized by small-world phenomenon.

Method
In this section we will provide a brief background on
modeling of social networks. We will then present the data
set, our analytical approach, and the results from our
analysis.

Statistical modeling of social networks
Social networks are seen as a specific set of linkages
among a defined set of persons with the additional property
that the characteristics of these linkages as a whole may
be used to interpret the social behavior of the persons
involved (Mitchell, 1969). The social network approach
views organizations in society as a system of objects, such
as people, groups, and organizations, that are joined by a
variety of relationships. Network analysis is concerned
with the structure and patterning of these relationships
and seeks to identify both their causes and consequences
(Tichy et al., 1979; Brass et al., 2004). The fundamental
concepts in network analysis are actor, relational tie, dyad,
triad, subgroup, group, relation, and network (Wasserman
and Faust, 1994). Wellman (1988) ascertained that network
theory shifts the focus from atomistic explanations of
phenomena (attributes of independent cases) to relation-
ships among systems of dependent actors. None of the
statistical techniques that build upon the assumption
of independent observations are appropriate for such
an analysis. Instead, exploratory (e.g., Pajek software –
Batagelj and Mrvar, 2007; de Nooy et al., 2005; UCINET –
Borgatti et al., 2006) and confirmatory (e.g., StocNet and
SIENA – Snijders, 2001, 2002) network analysis tools and
techniques started to evolve to provide support for

researchers interested in the examination of relational
phenomena. This study uses the confirmatory social
network analysis technique of exponential random graph
modeling proposed by Frank and Strauss (1986), which
was further developed by Snijders et al. (2006) as
implemented in the StocNet software package and SIENA
(Snijders, 2001, 2002). Exponential random graph models
(also referred to as p* models) are probability models for
networks on a given set of actors that allow generalization
beyond the restrictive dyadic independence assumption
of the earlier p1 model class. Accordingly, they permit
models to be built from a more realistic construal of the
structural foundations of social behavior (Robins et al.,
2009). The usefulness of these models as vehicles for
examining multi-level and multi-theoretical hypotheses has
been emphasized (e.g., Contractor et al., 2006). Statistical
modeling of social networks allows for the combination
of both relational and actor characteristics in addition to
network-wide effects and draws inferences about whether
certain network substructures are more commonly ob-
served in the network than might be expected by chance
(Robins et al., 2009).

Company and sample profile
The research site is a service, knowledge-intensive company
that deals with software development, IT, and business
consulting. The company had h7.5 million in turnover in
2006, a 29% return on assets (c.f. IT sector: 5.6%), average
annual growth in revenues of 24% in the 2001–2006 period,
h49,980 value added per employee in 2006, and was
awarded the Dun & Bradstreet rating A1 and a ‘Rating of
2004’ award as one of the top-three Slovenian companies.
The three main business units (BU) are Enterprise Resource
Planning Solutions, Industry Solutions, and Banking
Solutions.

The company has a highly educated workforce. In both
observations, around three-quarters of the respondents had
a university degree or higher (including one Ph.D.),
whereas a majority of respondents who were secondary
school graduates are working students who are still
pursuing formal education. The company has a relatively
flat organizational structure with just three hierarchical
levels and wide spans of control. Around two-thirds of all
respondents can be considered front-line employees
who develop software or consult at customers’ premises.
The company is characterized by high efficiency and strict
goal-orientation.

Questionnaires were distributed among organizational
members at two discrete points in time – December 2004
and July 2006 – to control for the reliability of results. In
the first measurement there were 93 employees in the three
geographical units (Slovenia, Croatia, and Serbia). By the
second measurement the number of employees had grown
to 114. From 2004 to 2006, the proportion of employees
with post-graduate degrees more than doubled (from 3.6 to
7.9%). In terms of gender structure, males make up the
majority, with the organization being 74.0% male in 2004
and 67.4% male in 2006. In 2004, the average tenure in
the company was 38.9 months (ranging from 1 month to 15
years) whereas in 2006 it increased to 43.3 months (ranging
from 3 months to 17 years).

Intra-organizational learning networks M Škerlavaj et al
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Data collection
To collect socio-metric data on learning networks we used
a complete network approach. We used a roster (complete
list of all employees with the organization) and pretested
valid and reliable name generator questions on learning
networks (Pahor et al., 2008; Škerlavaj et al., 2008). We
measured the learning networks by asking respondents
to name people in their organization from whom they learn
the most. They were given a coding scheme with the names
and IDs of all employees and co-workers in the company.
Next, we asked respondents to name people from whom
they learn and indicate the extent of learning. A 3-measure
scale was used to characterize the level of learning;
1 corresponded with ‘I do not learn from this person,’
2 with ‘I learn from this person occasionally,’ and 3 with
‘I learn from this person frequently.’ (Value 1 was included
in order to allow for full coverage of scale, while
respondents only ascribed values 2 and 3 to the selected
names). In addition, we also collected demographic
variables related to respondents both using the question-
naire and company human resource database. Data were
collected on two occasions: first, during December 2004,
and second, during July 2006.

According to Steglich et al. (2006), response rates in
2004 (87.1%) and 2006 (80.2%) were high enough to
construct complete networks (Table 1). The responses
were recoded so that those that had a value on the scale
lower than 2 were given a value of 0 and others a value
of 1. We checked data validity and reliability using an
in-depth interview with a member of middle management
in 2004 and a Human Resource (HR) specialist in 2006.
They both confirmed the fit between their subjective
view on the matter and the results obtained from SNA. A
two-hour focus group was also arranged with six members
of top and middle management to assess the validity of the
data gathered and to gain further exploratory information.
Comparing the results of the same models in the same
setting at two different points in time (December 2004 and
July 2006) offers the opportunity to evaluate the reliability
of the measurement instrument itself (Table 2). Models 1
and 3 (explained in the results section) yield consistent
values of effects, which provide evidence of the reliability of
the measurement instrument.

Results
For exponential random graph modeling, we used two
observations: the company in 2004 and the company in
2006. For each of these time periods, we ran two models

(see Table 2) that both exhibited adequate convergence.
Learning networks were treated as dependent variables
and several of the actor covariates as explanatory. We
included education level, gender, hierarchical level, tenure
within the company, department or sector that a certain
organizational member belongs to, and the geographical
locations of their workplace as actor and dyadic covariates
(see Table 3).

We treated the first four explanatory variables (educa-
tion, gender, hierarchy, and tenure) as individual actor
covariates, while inserting department and geographical
location as dummy and dyadic covariates since they are
nominal variables. Besides several control effects, Models 1
and 3 involve ego, alter, and similarity effects of the first
four actor variables, as well as the dyadic effects of
department and location. Models 2 and 4 incorporate the
same control and actor-based effects as the other three
models, with the exception that they have dummies, but
not dyadic covariates to test the ego and alter effects of
department, sector, and location partitions. As reference
variables, we chose the most central locations and sectors,
which in our case was the location Ljubljana, sector ERP.

For each model, we reported the parameter estimate
(Est.), standard error of estimation (Se) and corresponding
t-value (Table 3). Alter effects for actor, covariates, tenure,
and hierarchical position are statistically significant in all
four models; however, the education alter effect is not
significant in either one of the models. This supports
hypotheses 1a and 1c, but not 1b.

We proposed and tested six hypotheses concerning the
homophily and proximity effects using similarity effects
for gender, educational level, tenure, hierarchical level,
department, and location. We tested the latter two variables
in separate models using (a) dyadic covariates (to test
proximity in general) and (b) dummy covariates (to test
proximity in specific locations or departments). The results
of testing similarity effects offer strong support for
hypothesis 2a, as three out of four gender similarity
effects are statistically significant. There is no support for
hypothesis 2b regarding the educational level similarity.
Hypotheses 2c and 2d are both fully supported as all four
tenure similarity effects and all four hierarchy similarities
are statistically significant. All of the effects are positive
with the exception of hierarchy, where lower hierarchical
levels are coded with higher numbers.

We tested hypotheses 2e and 2f in two pairs of separate
models. Models 1 and 3, which use dyadic covariates for
location and department, offer full support for the inference
that the probability of actor i learning from actor j is higher

Table 1 Employees by location and response rate

December 2004 July 2006

All Received responses Percentage All Received responses Percentage

Ljubljana (Slovenia) 59 47 79.7 72 60 83.3
Zagreb (Croatia) 11 11 100 19 15 78.9
Belgrade (Serbia) 11 11 100 20 14 70.0

Total 93 81 87.1 111 89 80.2
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Table 2 Model specification

Effect Explanation Model 1
(2004)
Model 3
(2006)

Model 2
(2004)
Model 4
(2006)

Reciprocity A measure of (non-) reciprocity in learning relationships. X X

Alternating out-k-stars The alternating k-out-stars effect to represent the distribution of
the out-degrees.

X X

Alternating in-k-stars The alternating k-in-stars effect to represent the distribution of
the in-degrees.

X X

Direct+indirect connections A measure of hierarchy. X X

Alternating k-triangles For alternating transitive k-triangles effect to represent the tendency
to transitivity.

X X

Alternating independent
two-paths

The alternating independent two-paths effect to represent the
preconditions for transitivity, or alternatively, the association
between in-degrees and out-degrees.

X X

Education ego Measure of in-degree centrality for educational level. X X

Education alter Measure of out-degree centrality for educational level. X X

Education similarity A measure of educational homophily effect. X X

Gender ego Measure of in-degree centrality for gender. X X

Gender alter Measure of out-degree centrality for gender. X X

Gender similarity A measure of gender homophily effect. X X

Hierarchy ego Measure of in-degree centrality for hierarchical level. X X

Hierarchy alter Measure of out-degree centrality for hierarchical level. X X

Hierarchy similarity A measure of hierarchy homophily effect. X X

Tenure ego A measure of in-degree centrality for tenure. X X

Tenure alter Measure of out-degree centrality for tenure. X X

Tenure similarity A measure of tenure homophily effect. X X

Dyadic Department A measure of departmental homophily effect. X

Dyadic Location A measure of geographical location proximity effect. X

Dummydep2Ind ego A measure of in-degree centrality for department Industry solutions. X

Dummydep2Ind alter Measure of out-degree centrality for department Industry solutions. X

Dummydep2Ind similarity A measure of departmental homophily effect for department Industry
solutions.

X

Dummydep3ban ego Measure of in-degree centrality for department Banking Solutions. X

Dummydep3ban alter Measure of out-degree centrality for department Banking. X

Intra-organizational learning networks M Škerlavaj et al
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Table 2 Continued

Effect Explanation Model 1
(2004)
Model 3
(2006)

Model 2
(2004)
Model 4
(2006)

Dummydep3ban similarity A measure of departmental homophily effect for
department Banking.

X

Dummydep045r ego Measure of in-degree centrality for other departments. X

Dummydep045r alter Measure of out-degree centrality for other departments. X

Dummydep045r similarity A measure of departmental homophily effect for other departments. X

Dummyloc2ZG ego Measure of in-degree centrality for Zagreb unit. X

Dummyloc2ZG alter Measure of out-degree centrality for Zagreb unit. X

Dummyloc2ZG similarity A measure of geographical location proximity effect for Zagreb unit. X

Dummyloc3BG ego Measure of in-degree centrality for Belgrade unit. X

Dummyloc3BG alter Measure of out-degree centrality for Belgrade unit. X

Dummyloc3BG similarity A measure of geographical location proximity effect for
Belgrade unit.

X

Sources: Snijders et al. (2006), Robins et al. (2009).

Table 3 Results of the exponential random graph modeling

Effect 2004 2006

Model 1 Model 2 Model 3 Model 4

Est. Se t-value Est. Se t-value Est. Se t-value Est. Se t-value

Reciprocity 0.53 0.28 1.89 0.74 0.30 2.49* 0.04 0.27 0.16 �0.18 0.27 �0.66
Alternating out-k-stars, par. 2 �0.67 0.21 �3.16** �0.65 0.22 �3.00** �0.78 0.22 �3.62* �0.46 0.23 �1.96*
Alternating in-k-stars, par. 2 0.27 0.16 1.75 0.19 0.17 1.11 0.27 0.15 1.80 0.44 0.17 2.66*
Direct þ indirect connections 0.13 0.20 0.65 0.24 0.19 1.24 0.49 0.19 2.51* 0.24 0.21 1.12
Alternating k-triangles, par. 2 0.78 0.13 6.13** 0.92 0.12 7.43** 0.49 0.12 4.04** 0.62 0.14 4.56**
Alternating independent
two-paths, par. 2

�0.19 0.03 �6.81** �0.19 0.03 �6.85** �0.19 0.02 �8.01** �0.14 0.03 �5.42**

Education ego 0.06 0.14 0.46 �0.08 0.14 �0.57 0.17 0.12 1.38 0.19 0.12 1.58
Education alter 0.06 0.09 0.64 0.01 0.09 0.09 0.10 0.09 1.14 0.10 0.09 1.18
Education similarity 0.07 0.21 0.31 0.01 0.20 0.03 �0.39 0.20 �1.97 �0.38 0.21 �1.85
Gender ego 0.19 0.16 1.20 0.11 0.15 0.72 0.28 0.13 2.17* 0.26 0.14 1.83
Gender alter 0.01 0.11 0.12 �0.07 0.12 �0.54 0.03 0.10 0.25 �0.01 0.10 �0.13
Gender similarity 0.42 0.13 3.11** 0.21 0.12 1.75 0.55 0.11 4.88** 0.54 0.12 4.41**
Hierarchy ego �0.02 0.06 �0.27 �0.02 0.06 �0.26 �0.13 0.06 �2.30* �0.05 0.06 �0.75
Hierarchy alter �0.14 0.04 �3.46** �0.10 0.04 �2.18* �0.18 0.04 �4.14** �0.15 0.05 �3.10**
Hierarchy similarity 0.56 0.18 3.21** 0.47 0.18 2.67** 0.73 0.21 3.47** 0.76 0.21 3.62**
Tenure ego �0.08 0.06 �1.20 �0.07 0.07 �0.93 �0.04 0.07 �0.51 �0.01 0.07 �0.20
Tenure alter 0.09 0.04 2.10** 0.09 0.05 1.73 0.13 0.05 2.59** 0.13 0.05 2.61**
Tenure similarity 0.48 0.19 2.56* 0.47 0.16 2.94** 1.06 0.21 4.99** 0.99 0.21 4.62**
Dyadic Department/Sector
(centered)

0.74 0.10 7.50** 1.28 0.15 8.81**

Dyadic Location (centred) 1.70 0.26 6.53** 1.69 0.21 7.94**
Dummydep2Ind ego �0.06 0.21 �0.31 0.27 0.22 1.22
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than chance if they work at the same department and/or at
the same location. Models 3 and 4 introduce dummy
variables to test for the presence of the proximity effect
within each of the separate locations and departments.
Hypothesis 2e is supported in three out of four cases, and
hypothesis 2f is supported in full.

The reciprocity effect is consistently non-significant in all
models, except for the second one. Exploratory research
revealed only a few mutual and reciprocal ties between
pairs of people in observed learning networks. They were
mostly members of senior management who learned from
each other (and in a few instances, also in three-person
cliques). These results offer evidence that in the vast
majority of cases, the learning relationships are asym-
metric, thus supporting hypothesis 3.

Regarding the control variables involved, in all four
models alternating out-k-stars effects are statistically
significant and negative. This means that there is little
variation in out degrees. In other words, everyone stated
nearly the same number for the number of people from
whom they learn. We controlled for hierarchy in addition to
testing for variation in out degrees, which is exhibited in
the effect ‘directþ indirect connections.’ An indication of
clustering and possible evidence of the small-world
theory are statistically significant and positive alternating
k-triangles,2 and statistically significant and negative
alternating independent two-paths. To further test

hypothesis 5, we calculated the average cluster coefficients
(CC) and average shortest path (L)3 for the learning
network in both observations and the corresponding
random network with the same number of vertices and
ties (see Table 4).

The results show that clustering is much more present in
the learning networks than it is in the random networks
(the ratio actual/random clustering coefficient varies
from 2.25 to 4.5). The difference between the average
shortest paths between vertices is lower (but still in favor
of actual networks), whereas the ratios of actual/random
average shortest path vary from 1.02 to 1.94. While these
ratios are not as far apart as those in the sparser and
larger networks used to confirm the small-world hypothesis
in previous research (Kogut and Walker, 2001; Watts,
1999), it can still be said that learning occurs in clusters
around departments, sectors or geographical locations,
which supports hypothesis 5.

Discussion
The findings derived from this study, as shown in
Table 5, emphasize several issues. The results suggest
some common features among the most important
employees for organizational learning within this knowl-
edge-intensive company, which include tenure and higher
status in the formal hierarchy, but not formal education.

Table 3 Continued

Effect 2004 2006

Model 1 Model 2 Model 3 Model 4

Est. Se t-value Est. Se t-value Est. Se t-value Est. Se t-value

Dummydep2Ind alter 0.21 0.15 1.39 0.02 0.19 0.10
Dummydep2Ind similarity 0.37 0.16 2.38** 1.24 0.21 5.92**
Dummydep3ban ego 0.32 0.17 1.89 �0.01 0.23 �0.02
Dummydep3ban alter 0.31 0.12 2.48** 0.44 0.21 2.09*
Dummydep3ban similarity 0.42 0.12 3.60** 1.16 0.21 5.41**
Dummydep045r ego 0.64 0.30 2.13* 0.47 0.28 1.68
Dummydep045r alter �0.61 0.29 �2.09* 0.04 0.25 0.14
Dummydep045r similarity 1.08 0.28 3.83** 1.60 0.27 5.83**
Dummyloc2ZG ego �0.10 0.23 �0.45 0.10 0.31 0.32
Dummyloc2ZG alter 0.13 0.17 0.78 0.29 0.26 1.14
Dummyloc2ZG similarity 0.52 0.14 3.66** 0.70 0.30 2.35*
Dummyloc3BG ego �0.11 0.19 �0.58 0.50 0.37 1.37
Dummyloc3BG alter 0.17 0.15 1.14 0.14 0.36 0.38
Dummyloc3BG similarity 0.28 0.17 1.67 1.93 0.37 5.21**

Parameter values significant at * P40.05, **Po0.01.

Table 4 Small worlds in learning networks

Average shortest path Clustering coefficient Ratios

L actual L random CC actual CC random L actual/random CC actual/random

Case A 2004 5.37 3.36 0.09 0.03 1.6 3
Case A 2006 3.83 3.30 0.09 0.02 1.02 4.5
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10



This can be explained by the nature of the IT business.
In the current Slovenian labor market, demand far
exceeds the supply of experienced IT programmers and
consultants. Companies attract students from computer
sciences, mathematics, physics, business informatics,
and other similar fields to work as programmers and
consultants, which are the two most prevalent jobs within
this specific company. Hence, employees collect work
experience even before they have completed their formal
education. The demand for an experienced workforce
is such that it is common for HR firms who focus
on executive recruiting to routinely target experienced
employees, especially for middle to top management
positions within this particular company.

Another significant determinant of actor centrality is
hierarchical level. Employees at higher levels tend to be

more central within the learning network, thus showing
how formal and informal organizational structures are
aligned. Since we find that learning relationships are
asymmetric, we can draw on social exchange theory to
explain the prominence of hierarchical levels. While
sources of knowledge cannot expect reciprocity in learning
relationships, they can expect returns in terms of higher
cognitive and formal status for providing knowledge to
their subordinates and co-workers.

Homophily and proximity are important antecedents to
the structuring of intra-organizational learning networks.
Similarities in gender, tenure, and hierarchical level
facilitate learning relationships. Closeness in terms of
geographic location and belonging to the same department
also ease the formation of learning ties. We did not find
support for the role of formal education in the context of

Table 5 Empirical support for the hypotheses regarding intra-organizational learning networks

# Hypothesis Support

Determinants of actor centrality
H1a The extent to which actor i learns from actor j is a positive function of actor j’s tenure within

the organization.
FULL

H1b The extent to which actor i learns from actor j is a positive function of actor j’s formal
education within the organization.

NONE

H1c The extent to which actor i learns from actor j is a positive function of actor j’s hierarchical
position within the organization.

FULL

Homophily and proximity
H2a The probability of actor i learning from actor j is significantly higher than chance if they are

both of the same gender.
STRONG

H2b The probability of actor i learning from actor j is significantly higher than chance if they
both achieved the same educational level.

NONE

H2c The probability of actor i learning from actor j is significantly higher than chance if they are
similar in terms of tenure within the organization.

FULL

H2d The probability of actor i learning from actor j is significantly higher than chance if both
occupy the same hierarchical level.

FULL

H2e The probability of actor i learning from actor j is significantly higher than chance if they
work at the same geographical location.

STRONG

H2f The probability of actor i learning from actor j is significantly higher than chance if they
work at the same department.

FULL

Asymmetry
H3 Learning networks are not characterized by the structural property of reciprocity but are

rather asymmetric.
FULL

Transitivity
H4 Learning networks are characterized by the structural property of transitivity. FULL

Small-worlds
H5 Intra-organizational learning networks are characterized by small-world phenomenon. YES
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homophily and proximity. One possible reason for this in
the organization examined is that the average level of
education was very high. It is reasonable to expect that
in a classic manufacturing company, there will be a divide
between the knowledge-intensive, well-educated part of
the company and the more work-intensive manufacturing
part.

The results also support the transitivity hypothesis. It
seems that in learning networks, mechanisms of referrals
and solidarity are present. In addition, these processes
apparently cluster densely within certain sub-networks,
such as departments and the same geographical locations,
and have a sparser structure of relationships among these
different clusters. Compared to previous research (Kogut
and Walker, 2001; Watts, 1999), this suggests observation
of small-world phenomenon within intra-organizational
networks.

This study makes several contributions to the literature.
First, while it is known that organizational learning affects
organizational performance, research is less clear on how
the individual positions of people within the learning
network affect their individual performances. In this
paper, we have shown how social network analysis can
be used to examine who the central employees are that
drive organizational learning. Central employees that drive
organizational learning play a critical role in learning
networks, either because they are the source for knowledge
themselves or because they are intermediaries (e.g.,
boundary spanners) to other valuable sources. The manage-
ment of these sources represents a critical challenge for
learning networks. These sources can either enhance or
suppress learning within an organization. For instance,
through a preferential attachment mechanism, central
people become even more central to the extent that they
become overloaded with work and, in turn, block work-
processes. Is this overload reflected in lower individual
and group productivity? We assert that further research,
especially by IT researchers, can result in the creation of
novel IT artifacts to help organizations manage their
learning networks. For example, through the development
of innovative mapping tools based on emerging visualiza-
tion and graphing technologies, organizations can have
real-time dashboards that gauge how loaded their most
valuable employees are and whether interventions, such
as having new requests routed to an alternative source,
are useful.

Another challenging idea is related to the ‘similar-to-me’
bias, which can result from too much homophily and
proximity. Recognizing that diversity facilitates creativity,
it is reasonable to assume that excessive homophily and
proximity can hamper creativity, especially in its initial,
idea generation phases. Similarly, learning from identical
others is easier. However, this ease is traded for diversity
in experiences and knowledge. Further explorations and
investigations of learning networks in different contexts
will allow the research and practitioners communities to
understand the consequences of learning networks, how
to expand the list of possible antecedents, and what
management interventions can help attain desired organi-
zational goals. This study has furthered the understanding
of relational perspective on organizational learning from
information processing and advice-seeking to incorporate

the entire organizational learning process, from informa-
tion acquisition to execution of actions.

Today, most organizations deploy ICTs to enhance
knowledge flows within and across their organizations
(Erat et al., 2006; Awazu et al., 2009). ICTs have the
potential to enhance learning and knowledge flows
within the organization. The research presented in this
paper can be used to further the study of ICT-enabled
networks. First, ICTs are only useful if they are used
adequately and effectively by humans. To this end, it is
important to understand how the individuals learn from
others within a network, so as to provide adequate support.
The findings of the research, such as the drive towards
learning from others with similar backgrounds and
interests (homophily), and the criticality of transitivity
within learning networks, can provide useful ICT design
considerations. For example, internal knowledge manage-
ment systems, an instantiation of ICT-enabled networks,
can be designed using similar rules found in popular
social networking sites such as Facebook. Employees can
post details on their backgrounds, areas of interest, their
friends they connect with, etc. These can be used by
employees to seek out sources for learning and form
channels for knowledge exchanges. The organization can
gain from such a system by analyzing changing patterns of
interactions and visualization of the learning network.
Sources of learning that are in high-demand can then be
given special attention, such as an employee with the
highest number of connections and the highest frequency
of interactions, or an employee who is a source of
knowledge on a topic of significant organizational interest.
The bottom-up approach, wherein each employee manages
his/her own profile and interactions, may prove to be quite
fruitful as opposed to top-down knowledge management
systems.

Second, ICT-enabled networks are data rich. Data are
available on the members involved in the interaction,
and the nature of the interaction, such as topic and
duration, among others. These kind of data remain an
untapped resource in most organizations. As we have
shown, the analysis of data on networks can prove to be
useful in the devising of management protocols. Consider
the following, Desouza (2003) notes that one reason why
experts as sources of learning are reluctant to share
knowledge is their fear of being pigeon-holed. If an
individual is recognized as an expert, they may be
pigeon-holed in terms of how they are viewed by their
organization, which will limit the possibilities for them to
work on novel projects and learn new skills. Hence,
expert status, while beneficial, might actually hinder the
development of the individual in the long run. Using
network data, we can begin to uncover answers to questions
such as who the experts are, what their sources of expertise
are, who else in the organization has similar expertise, etc.
Answers to these questions and others will help in the
management of robust ICT-enabled learning networks
and enhance the performance of the overall organization.
For example, if the organization only has a single expert
on a given topic, then the organization might be flirting
with disaster. Mechanisms need to be put in place for others
to learn from the expert and become sources of expertise.
A possible intervention might be to limit the number of

Intra-organizational learning networks M Škerlavaj et al
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direct requests the expert receives and to route some
of these to others who have similar expertise. These
individuals can then work with the expert to learn how
to resolve issues, craft solutions, and manage interactions.
Hopefully, over time, the organization will have built
backups and alternatives to the experts. In a similar vein,
analysis of ICT-enabled network data can help in recruiting
(e.g., identifying gaps in the organizational knowledge
structure), training (e.g., imparting foundational knowledge
that allows employees from two departments to commu-
nicate more effectively), and socialization (e.g., connecting
diverse groups to help bridge holes and gaps in the
network).

Conclusion
This study has several limitations that should be acknowl-
edged. First, it is based on two observations of a mid-sized,
knowledge-intensive company operating in three central
to south-east European countries. As always, the context
of the research is important. To generalize the findings,
future research will need to examine learning networks
in other countries to test for the impact of national culture
and in other companies to test for the impact of
organizational culture, company size, and industry. Re-
search may be needed to test the hypotheses about learning
networks in less knowledge-intensive settings. Second,
the network perspective on intra-organizational learning
suggests that learning ties are dynamic as well as embedded
in other types of social networks. Future research will
need to collect more longitudinal data and test for the
dynamic development of learning networks. In this
respect, a set of hypotheses regarding preferential attach-
ment will be interesting to examine. Third, future
studies could examine the concept of embeddedness by
situating learning networks within other networks such
as advice, friendship, creativity, and information proces-
sing. Future research could test whether age, education
level of employees and management, organizational culture
and values, national culture, professional culture, or
other factors have an impact on the level of embeddedness
of learning and other types of networks. Fourth, from
a theoretical point of view, the network perspective on
learning could be integrated at the inter-organizational
level. Expanding to this level of research may further
provide support for the small-world phenomenon
and introduce other types of antecedents to learning
networks.

This paper presents the network perspective on intra-
organizational learning. Using longitudinal data from a
Slovenian-based IT firm, we examined the following
research question: what patterns and structures govern
the formation of intra-organizational learning networks?
In particular, this study addressed actor similarity and
proximity, determinants of actor centrality, asymmetry,
transitivity, and the small-worlds phenomenon as the
antecedents of intra-organizational interpersonal learning
networks. The most central people in learning networks
of knowledge-intensive organizations seem to be experi-
enced individuals at higher levels of a formal hierarchy.
Homophily and proximity are two mechanisms that drive
the structuring of learning networks. Learning ties are not

reciprocal, though sources of learning gain higher cognitive
and formal status within the organization. Transitivity
is present in learning networks. Local clustering and
sparse inter-cluster connections are also evident in intra-
organizational learning networks.
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Notes

1 The set of structural properties of networks involves size,
inclusiveness, component, connectivity, connectedness, density,
centralization, symmetry, and transitivity (Brass, 1995). They
are used to describe networks as a whole.

2 Alternating k-triangles are a higher order measure of transitivity
(Snijders et al., 2006), whereas alternating independent two-
paths (Robins et al., 2009) represent a particular combination
of k-independent-2-path counts into the one statistic and are
used to examine clustering in networks. They are referred to
as higher order because they include configurations with more
than three nodes.

3 Clustering coefficient of a vertex in a graph quantifies how close
the vertex and its neighbors are from being a clique. Watts and
Strogatz (1998) introduced the measure to determine whether a
graph is a small-world network. Average clustering coefficient
(CC) is calculated by summing up all the clustering coefficients
and dividing them by the number of vertices. Average shortest
path (L) is simply the sum of all the shortest paths between any
pair of two vertices divided by the number of vertices.
Comparison of CC and L for observed and random network
allows for testing of the small-world phenomena. It is present
when ratios CC for actual network divided by CC for random
network exceed ratio L actual network divided by L random
network.
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Škerlavaj, M. and Dimovski, V. (2007). Towards Network Perspective of

Intra-Organizational Learning: Bridging the gap between acquisition and

participation perspective, Interdisciplinary journal of information,

knowledge, and management 2: 43–58.
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15



recognized journals. His academic research interests cover
learning organization, competitiveness, corporate strategy,
developing knowledge-based organizations, and labor
markets. Besides his university position, professor Dimovski
was the State Secretary for Industry (1995–1997), the
president of Center for International Competitiveness
(1997–2000), and Minister for Labour, Family and Social
Affairs (2000–2004).

Dr. Kevin C Desouza is on the faculty of the Information
School at the University of Washington. He is also an
Adjunct Assistant Professor in the College of Engineering
and at the Daniel J. Evans School of Public Affairs. He
currently serves as the Director of the Institute for
Innovation in Information Management (I3M) at the
University of Washington. He has held visiting positions
at the Center for International Studies at the London School

of Economics and Political Science, the University of the
Witwatersrand in South Africa, Groupe Sup de Co
Montpellier (GSCM) Business School in France, and the
Accenture Institute for High Business Performance in
Cambridge, Massachusetts (USA). Dr. Desouza has seven
books to his name. In addition, he has published over
100 articles in prestigious practitioner and academic
journals. His work has also been featured by a number of
publications such as Sloan Management Review, Harvard
Business Review, Washington Internet Daily, Computer-
world, KM Review, Government Health IT, and Human
Resource Management International Digest. He has been
interviewed by the press on outlets such as Voice of
America, Manager (Slovenia), among others. Dr. Desouza
has received over $1.2 million of research funding from
both private and government organizations. Dr. Desouza is
a fellow of the Royal Society of Arts.

Intra-organizational learning networks M Škerlavaj et al
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