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Abstract: Organizations are increasingly adopting technologies to promote knowledge sharing
across boundaries of specialized groups. Yet, prior research beginning with March (1991) suggests
that such knowledge-sharing technologies actually inhibit organizational learning by reducing
solution diversity. This line of reasoning stems from the prior literature’s assumption that the
knowledge shared will be transferred from one member to another perfectly and without distortion.
We challenge this assumption and argue, instead, that knowledge is often altered or transformed
when it is shared between members and that the degree of this transformation increases as the
social distance between the knowledge sender and receiver increases. Because the implementation
of knowledge-sharing technologies encourages learning between members across greater social
distances, it increases knowledge transformation. Thus, knowledge-sharing technologies present a
new opportunity to diversify solutions and lead to innovation.
Keywords: organizational learning; knowledge transfer; knowledge transformation; social distance
are increasingly adopting knowledge-sharing technologies
to promote internal knowledge sharing amongst employees and help them
identify experts. The intention of these knowledge-sharing technologies, such as
knowledge management systems, solution documentation systems, and expertise
directories, is to both democratize the access to internal knowledge and expedite
the dissemination of solutions amongst organization members (Haas and Hansen
2007; Levine and Prietula 2012). In the absence of such technologies, members
must rely on word of mouth to search for an expert or a solution, which is both
difficult and time consuming (Levinthal and March 1993). In addition, a circumstance in which employees must query their social connections for expertise or
solutions perpetuates unequal access to knowledge within the organization (Singh,
Hansen, and Podolny 2010; Sorenson, Rivkin, and Flemming 2006). By making
public to the organizational members both the experts and the potential solutions,
knowledge-sharing technologies would appear to address these twin challenges of
organizational learning and, in turn, should boost the organization’s performance.
Yet, simulation research on organizational learning beginning with March’s (1991)
seminal work suggests that these technologies instead reduce the organization’s
overall performance.
March (1991) argued that greater solution diversity coupled with the slow diffusion of solutions among members increases the likelihood that an organization
will identify the optimal solution. Although often difficult to accomplish, discovering the optimal solution improves the organization’s overall performance by
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providing an increased competitive advantage, such as an accurate knowledge of
the environment (March 1991) or the ability to develop innovative products and
services (Lazer and Friedman 2007). A key assumption of March’s (1991) model
and subsequent research is that the solutions are transferred perfectly and without
distortion between members. When solutions take a long time to reach individual
members, it encourages members to continue to iterate on the problem through
experimentation, and, in turn, increases the likelihood that the organization will
discover the optimal solution. By contrast, rapid diffusion of solutions leads to
solution homogeneity, and, consequently, the organization prematurely converges
on a suboptimal solution. For example, consider two organizational scenarios in
which the members are collectively trying to solve a problem, such as creating
nonpolluting fuel. In both scenarios, one member, A, happens to discover a solution that is slightly better than all the other members’ but is the not the optimal
solution to the problem. In the first scenario, in which there is rapid diffusion, the
socially proximate neighbors to A quickly adopt A’s solution because it is better
than their own solutions. Next, the neighbors of A’s neighbors also adopt the same
solution because it outperforms their solutions as well. With this rapid diffusion,
all the members ultimately have the same solution. Once everyone shares the
same solution, the members assume that the optimal solution has been discovered
and that there is no reason to continue to experiment or search for improvements.
Alternatively, in another scenario in which diffusion is slow, it is far less likely that
the organization will be quickly overrun with member A’s solution. As A’s solution
diffuses in this scenario, members have more time to continue to experiment, which
increases the odds that the members will discover the optimal solution. Hence,
subsequent work argues that various factors that delay diffusion of solution result
in the greater solution diversity necessary for organizational members to discover,
or at least approach, the optimal solution (Levinthal and March 1993). For instance,
organizational learning improves when the communication network is structured
into semi-isolated groups and limits the number of diffusion pathways (Fang, Lee,
and Schilling 2010; Lazer and Friedman 2007). Together, this work suggests that
efforts to accelerate knowledge diffusion within an organization often are counterproductive for organizational learning and innovation. Yet, these earlier studies
assume complete transmission fidelity of solutions or perfect knowledge transfer between organizational members and assume that the only means to achieve
solution diversity is through individual members’ experimentation. Given these
assumptions, the introduction of knowledge-sharing technologies would consequently accelerate diffusion and reduce solution diversity because members could
easily find and copy other members’ better solutions.
We challenge the assumption of perfect knowledge transfer. In particular, we
contend that, as the knowledge sender and receiver are separated by greater social
distance, the degree to which the knowledge will be transformed increases as
well. Here, we define knowledge transformation as the intentional or unintentional
modification of the original solution, which may or may not be an improvement. We
base our argument on the overwhelming finding in the knowledge transfer literature
that the process through which one organizational member learns from another
member is fraught with challenges (Argote and Ingram 2000). In particular, these
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studies find that group boundaries, such as domain specialization or functional
expertise, impede members from successfully transferring knowledge (Hansen
1999; Tortoriello, Reagans, and McEvily 2012). Carlile (2002) and Bechky (2003) both
observe that it is largely the social differences between members of disparate groups
that underlie the difficulties of knowledge transfer and that, in order for learning
to occur between such members, knowledge must instead be transformed. Hence,
because a greater social distance implies greater social differences between members,
it also implies a greater likelihood that the knowledge will be transformed. By
reducing search costs, knowledge-sharing technologies expand a member’s search
to include socially distant members and, thus, increase the likelihood that a solution
will be transformed in the process. In this way, knowledge-sharing technologies,
rather than reducing solution diversity and minimizing performance, can instead
benefit organizations by introducing another source of solution heterogeneity to
the system.
We examine the relationship between organizational learning and social distance using agent-based simulations in three computational experiments that reflect
three distinct organizational scenarios. Investigating the effect of social network
distance on organizational learning is particularly challenging, because real-world
organizations rarely present opportunities to disentangle the influence of social
distance from a host of other confounding variables such as organization size, network structure, density, and member characteristics. To address this challenge,
we extend Fang et al.’s (2010) model, which is based on March’s (1991) work, by
modeling organizational learning as a function of social network distance between
members. In our computational model, the likelihood of knowledge transfer decreases as the social network distance increases between members; however, when
knowledge is shared across a greater social network distance, it is more likely to
be transformed. In the first experiment, members can search for solutions only
via their social network contacts, which is akin to how most learning transpires in
organizations (Hansen 1999; Reagans and McEvily 2003; Tortoriello et al. 2012). In
the second experiment, we allow members to search for experts across the entire
organization via a public repository. Such public repositories, which convey who
are the experts to an organization’s members, such as knowledge management technologies, are becoming increasingly common in organizations (Haas and Hansen
2007; Hwang, Singh, and Argote 2015). The final experiment is a combination of the
first two, in which members can learn both from experts in their social network and
from the public repository. To measure organizational performance, we use two
key outcomes highlighted by research on organizational learning: the efficiency of
finding a solution (Hansen 1999; Levine and Prietula 2012) and effectiveness of the
solution (Haas and Hansen 2007; Lazer and Friedman 2007).
The main contribution of this work is twofold. First, our work offers a novel
perspective on organizational learning. Despite the growing simulation work on
organizational learning, these models assume homogeneous and perfect knowledge
transfer processes, whereas the knowledge transfer literature suggests a number
of social impediments to perfect transfer. To our knowledge, we are the first to
incorporate the concept of knowledge transformation into organizational learning
models and show how this change reverses the predictions of earlier models. By
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allowing for the transformation of solutions via social distance, our model suggests
that technologies and practices that promote diffusion amongst socially distant
members may promote heterogeneous solutions rather than reducing them. Second,
we provide a theoretical model linking social network distance to knowledge transformation and innovation. Although several studies suggest that bridging disparate
social boundaries increases innovation (Burt 2004), we specify that one underlying
mechanism is knowledge transformation. When members bridge groups, they are
more likely to learn from socially distant others, which increases the likelihood that
their solutions will be transformed, creating greater opportunities for innovation.

Organizational Learning and Social Distance
Organizational knowledge tends to be partitioned by group boundaries, such as
functional areas or domain expertise (Bechky 2003; Dougherty 1992). Within these
organizational groups, members commonly share similar knowledge, but across
these groups, knowledge tends to differ (Burt 2004). In addition to knowledge
differences, varied languages and mental models also separate groups and hinder
their ability to communicate and share knowledge effectively (Bechky 2003; Carlile
2002; Dougherty 1992). Moreover, members of disparate groups are also less likely
to trust one another, which, in turn, reduces their motivation to cooperate and share
information (Szulanski 1996; Szulanski, Cappetta, and Jensen 2004). And in the rare
cases when different groups do share connections, the connections are generally
weak and can only transfer simple, codified knowledge as opposed to complex,
tacit knowledge (Hansen 1999). Taken together, group boundaries pose a challenge
for organizational learning within organizations.
But group boundaries are not simply discrete barriers between collections of
homophilous organizational members. Instead, members are more or less similar to
one another on an array of sociodemographic factors (Blau 1977; McPherson 2004).
Importantly, members’ sociodemographic factors, Blau (1977) argued, are largely
reflected in their relationships—individuals who are homophilous are far more
likely to be socially proximate, whereas individuals who are heterophilous are likely
to be socially distant (McPherson 2004). Developing this argument, McPherson
and Ranger-Moore (1991) proposed that social distance could be understood from
a social network perspective. They argued that individuals who share attributes,
such as education, occupation, language, and knowledge, are more likely to have a
social tie or be socially proximate. In contrast, a pair of individuals with little to no
common characteristics will not only not share a social tie but also be separated by
many other individuals.
Within organizations, specialization and the division of labor also greatly exacerbate the social distance among members. Unsurprisingly, the social distance
of members is strongly influenced by the organization’s formal structure, such as
its functional departments, its hierarchy, and its geography (Kleinbaum, Stuart,
and Tushman 2013). Although it is often critical for different functional departments within an organization to coordinate with one another on products or for
geographically dispersed members to share information, organizational members
tend to share information only within their groups rather than across them (Hansen
sociological science | www.sociologicalscience.com
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1999; Reagans and McEvily 2003). Therefore, learning amongst different groups is
stymied.
One means of learning or identifying an expert is to search amongst socially
proximate others or amongst direct connections in the social network (e.g., Lazer
and Friedman 2007; Hansen 1999). Direct connections between organizational members can provide members with relevant knowledge about each other’s expertise,
which facilitates knowledge sharing (Borgatti and Cross 2003). Proximity in the social network also enhances interpersonal learning, because when individuals share
a common understanding such as jargon or mutual meanings they are much more
likely to be able to apprehend each other’s solutions (Bechky 2003). In addition,
knowledge sources are more likely to share knowledge with members who are
proximate, such as those with whom they are directly connected or with whom they
have a third party in common (Reagans and McEvily 2003; Tortoriello et al. 2012).
By contrast, the lack of shared mental models that coincides with social network
distance hinders the ability to communicate knowledge effectively (Dougherty
1992). Greater social distance can also undermine motivation, both for the sender’s
willingness to share knowledge and the receiver’s willingness to try to comprehend
the knowledge (Levinthal and March 1993; Szulanski 1996), and members can learn
only if the other members are willing to transfer knowledge (Borgatti and Cross
2003; Hansen 1999). Lack of a common mental model, language, or goal hampers
the ability of the knowledge source and recipient to transfer knowledge accurately
(Bechky 2003). Moreover, organizational members often have different understandings of the same situation, as well as different interpretive schemas (Tortoriello,
Taube, and Moebus 2014). As recipients attempt to learn solutions from distant
sources, they might not fully comprehend all of the subtleties and implied meanings
therein (Winter et al. 2012). In sum, learning via social networks facilitates local
knowledge transfer but hinders knowledge transfer across large social network
distances.
Paradoxically, when members search for solutions amongst those closest to them
in the social network, their neighbors’ solutions are less likely to be different from
their own. And, unfortunately, organizational members’ proximate contacts are
not necessarily the experts who are best suited to help them (Miller, Zhao, and
Calantone 2006). Levinthal and March (1993) argued that interpersonal learning
commonly suffers from “spatial myopia,” in which members learn predominantly
from proximate others while ignoring distant alternatives. A search for an expert
often begins with social network contacts because they are less costly to contact
(Cyert and March, 1963). The search for expertise or knowledge, then, is heavily
biased towards local connections. In addition, a circumstance in which employees
must query their social connections for expertise or solutions perpetuates unequal
access to knowledge within the organization (Singh et al. 2010; Sorenson et al. 2006).
Thus, learning via the social network facilitates only incremental improvements to
solutions and knowledge.
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We argue that, when the challenges of large social network distances for knowledge
transfer are overcome, knowledge is more likely to be transformed and can lead
to innovation. Carlile (2002) found that the languages and schemas of specialized
groups necessitated that knowledge be augmented for it to be successfully transferred. In other words, knowledge sources may have to adjust their language about
a product in order to communicate effectively, and recipients may need to change
their conceptualization of that product. Bechky (2003) also observed that misunderstandings commonly occurred when engineers, technicians, and assemblers
attempted to share information across their functional groups; however, once they
were able to transform their knowledge, they could overcome miscommunications.
Assuming that greater social network distance reflects greater differences amongst
organizational members, we argue that the likelihood of knowledge transformation
increases as the social network distance between the source and recipient increases.
By transforming knowledge across groups, organizational members create
opportunities for innovation (Burt 2004; Hargadon and Sutton 1997; Lingo and
O’Mahoney 2010; Obstfeld 2005). Specifically, when members in different groups
or departments share mental models or schemas, they promote the knowledge
sharing necessary for innovation (Dougherty 1992). Members who connect across
different groups are better able to recognize alternative solutions and unidentified
innovations (Burt 2004; Hargadon and Sutton 1997). Creative innovations are also
produced when members engage in “nexus work,” in which they integrate and synthesize the knowledge of distinct groups (Lingo and O’Mahoney 2010). Moreover,
members who forge connections between socially distant others foster creativity
and innovation development (Obstfeld 2005). Finally, learning from socially distant
sources allows recipients to infuse novel insights and information to solve problems
in a more innovative way (Bechky 2003; Carlile 2002). Therefore, the knowledge
transformations brought about by learning across great social network distances
are more likely to foster innovations.

Promoting Learning among Socially Distant Members
Attempting to overcome unequal access to knowledge and promote knowledge
transfer among socially distant members, organizations are increasingly adopting
knowledge-sharing technologies such as public knowledge repositories (Kane and
Alavi 2007; Levine and Prietula 2012). Access to these public knowledge repositories permits organizational members to immediately identify experts and has
been found to expand search processes beyond social network contacts (Kane and
Alavi 2007; Levine and Prietula 2012). Organizations expect that, by overcoming
the knowledge barriers between members, public knowledge repositories help
members find socially distant sources of knowledge and obtain knowledge that
was previously unknown to them. Yet, theories of learning and knowledge transfer
suggest that, although these technologies reduce the clustering of information into
silos and promote quick diffusion of solutions throughout the organization, they
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may undermine innovation (March 1991; Fang et al. 2010; Lazer and Friedman 2007;
Schilling and Fang 2014).
As highlighted by March’s (1991) work on organizational learning, organizational innovation is highly contingent on how quickly and easily a solution spreads
among members. The rapid diffusion of an adequate solution among organizational members often inhibits the members from discovering a superior solution
(March 1991; Fang et al. 2010; Lazer and Friedman 2007; Schilling and Fang 2014).
For example, Lazer and Friedman (2007) showed that highly connected networks
quickly diffuse and converge on suboptimal solutions. Similarly, Fang et al. (2010)
showed that a highly efficient communication structure decreases the knowledge
diversity in an organization, which impedes the organization’s ability to discover or
even approach the best solution (Schilling and Fang 2014). Furthermore, knowledge
diversity has been cited as crucial to the success of an organization (Fleming, Mingo,
and Chen 2007; Rodan and Galunic 2004). By assuming perfect knowledge transfer
even between two very socially distant members, these prior studies argue that any
factors that increase diffusion will also thereby extinguish knowledge diversity and
the possibility of discovering the optimal solution (March 1991; Fang et al. 2010;
Lazer and Friedman 2007). We argue instead that, when organizations encourage
knowledge transfer over greater social network distances, they actually increase
the diversity of organizational knowledge.

Computational Model
In computational models, a collective of simulated agents attempts to solve the
same problem (e.g., Schilling and Fang 2014; Lazer and Friedman 2007). And, like
actual members in real-world organizations, agents can either acquire solutions
from others or develop novel solutions independently (e.g., March 1991). We use the
NK model, which is commonly used to represent complex problems numerically,
as the problem agents must solve (Levinthal 1997). The NK model is named after
the two parameters that generate the problem spaces. N can be viewed as the
number of knowledge dimensions in the solution array, whereas K is the level
of dependence among those dimensions. In other words, in the NK model, the
complexity of a problem arises not only from the number of elements it involves
(N) but also from the interdependence of the elements (K). For example, if (N, K) =
(4, 2), four digits comprise the entire solution, and each digit value is contingent
on two other digits in the solution. Therefore, before the performance benefits of a
one-digit improvement can be realized, the correct combination of two other digits
must be satisfied. The NK models share several similarities with March’s (1991)
original organizational learning model. In particular, the parameter N is analogous
to the total number of beliefs in March’s model.
Our simulation model is based on the following five key features:
1. All agents work on the same NK problem throughout a given simulation.
There is an optimal solution to the complex problem that is independent of
any agent’s knowledge. The problem is modeled as an N-dimensional vector,
each digit of which has a value of either 1 or 0. Each of the n agents has her
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own solution to the problem. Initially, n agents are assigned values of 1 or 0
for each digit on a random basis with independent equal probability. At each
round of simulation, as with earlier work, agents can either exploit others’
solutions (learn) or explore by working independently on the problem.
2. Agents are connected with one another by predetermined social network
structures. Agents attempt to exploit the organizational knowledge base by
learning from others’ solutions. We construct three organizational scenarios
that reflect different but common organizational learning conditions. Detailed
specifications are explained in the subsequent subsection.
3. Each agent attempts to explore independently by randomly flipping one digit
of her solution until she improves her performance score. If an improvement
is found, the agent will stop experimentation for that round. She can try to
flip digits in her solution N times in one attempt to solve the problem before
an improvement is reached (N is the total number of digits in a solution, as
the “N” in the NK problem).
4. We assume “conservative update” for agents in both exploration and exploitation, according to which they retain their best-performing solution (Lazer
and Friedman 2007; Fang et al. 2010; Fang, Kim, and Milliken 2014). That is,
agents will return to their previous best solution if their recent updates do not
yield improved performance. In this way, agents’ solutions do not regress but
can only improve over time. An agent’s updated solution can then be shared
with other members in subsequent rounds.
5. An agent’s decision to exploit or explore is based on her previous outcomes.
We applied the “strategic persistence” assumption to agents; positive outcomes lead agents to continue with their current strategy, whereas negative
outcomes trigger a strategy change (Fang et al. 2014). For instance, if an agent
seeking solutions from others is successful, she will continue to seek solutions
in the following period. Otherwise, if she does not acquire a better solution,
she will switch to solving the problem independently.
Our key contribution involves differentiating knowledge transfer and knowledge transformation in our model by accounting for social distance between any
two agents. Knowledge transfer will occur only if the expert is willing to share her
solution (Borgatti and Cross 2003; Hansen 1999). Individuals are more likely to
share their solutions with those who are proximate in the social network (Hansen
1999). Therefore, we assume that the likelihood of an agent sharing a solution with
another agent is a function of her network distance from the other agent. Because a
direct connection or sharing a third-party connection to another greatly increases
the motivation to transfer knowledge (Reagans and McEvily 2003; Tortoriello et
al. 2012), we assume transfers will be far more likely when network distance is
less than or equal to two. Every agent’s willingness to transfer a solution to another, given a particular network distance, is randomly sampled from a normal
distribution. We assume that the likelihood of knowledge transfer between two
agents is a normal distributed N(m,s), but we sample from two distributions. The
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first distribution reflects the probability for two agents who are directly connected
or separated by one individual; we set a higher mean for this distribution because
of the greater likelihood of transfer, N(0.700, 0.100). The second distribution has a
slightly lower mean, N(0.350, 0.100), because it reflects the probability of transfer
between agents who are separated by two or more individuals, which is less likely.
Although selecting from the same distribution for both cases did not change the
pattern of results,1 drawing from two different probability distributions provides
greater fidelity to prior findings and our theory.

Social Distance and Knowledge Transformation
We operationalize knowledge transformation as a function of social network distance: path length between two agents (McPherson and Ranger-Moore 1991). We
assume that increasing path length increases the probability of knowledge transformation at a decreasing rate. We also assume that the challenges to knowledge
transfer arising from social distance do not increase much more when the solution’s
source and recipient are extremely distant from each other. Put differently, in our
model, the likelihood of transformation increases when path length increases but
not at a constant rate of increase. Hence,
q
P(K ij ) = Lij x ζ
(1)
where P(K ij ) is the probability of knowledge transformation between agent i
and j; Lij represents the geodesic path lengths between two agents in the network
in which directly connected agents have a path length of 1; ζ is the base probability
of knowledge transformation—that is, the probability of transformation between
directly connected agents. For example, suppose agent B agrees to share her solution
with agent A. ζ is a constant set at 5 percent. We explore additional values in the
following sensitivity analysis. If ζ equals 5 percent, the solution will have only
a 95 percent probability of accurately copying each digit shared if A and B are
directly connected. Suppose A and B are not directly connected but are separated
by a certain network distance; as the network distance increases, the probability
of knowledge transformation increases, respectively. Thus, if agent A and agent B
are four steps away, agent A will have only a 90 percent probability of accurately
copying each digit of solution from B. Moreover, the path length is transformed
with the square-root function, which indicates the decreasing rate of increased
probability. Accordingly, the probability of knowledge transformation increases
less when the two agents are socially distant than when they are socially proximate.
Another aspect of knowledge transformation is its implication for efficiency. In
the case of perfect knowledge transfer, we assume the time that is needed to change
a solution by experimenting is the same as the time needed to learn a solution from
others. Yet, this assumption may not hold across all scenarios, especially when
knowledge is communicated between socially distant organizational members and
can be transformed. We operationalized the effect of knowledge transformation
on efficiency by incorporating the ratio between the time needed to learn one
bit of solution (exploitation) and the time needed to experiment on one’s own
sociological science | www.sociologicalscience.com
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(exploring). This ratio represents the relative ease of learning and transforming
existing certainties compared to experimenting with novel possibilities. We model
the ratio as a function of path length between the source and the recipient of a
solution. We also assume a nonlinear effect that path length is transformed with
the square-root function, which indicates the decreasing rate of the decreased
exploitation efficiency. Hence,
R(K ij /Ei ) =

q

Lij x γ

(2)

where R(K ij /Ei ) is the ratio of agent i, capturing the time needed to acquire
one digit of solution from agent j in comparison to the time needed to experiment;
Lij represents the geodesic path lengths between two agents in the network in
which directly connected agents have a path length of 1; γ is the base difficulty
of learning from others—that is, the potential time needed for transfer between
directly connected agents in comparison to experimentation. γ is a constant set
to 0.050. We explore additional values in the following sensitivity analysis. Put
in an organizational context, the ratio is highly contingent upon how supportive
the organization is towards knowledge transfer versus experimentation. The more
supportive the organization is toward experimentation on one’s own, the less
effort required for experimentation and the higher the base difficulty γ would be,
suggesting a decreased efficiency of acquiring a solution from others compared to
experimenting on one’s own.

Social Network Structures
Variations in network structures have been found to influence organizational performance and innovation (Fang et al. 2010; Tortoriello et al. 2012). Because our models
of knowledge transfer and knowledge transformation both hinge on social distance,
we also varied the total social network distance or average path length (APL). We
focus on the networks’ APL in our analysis, given APL relevance to our theory (e.g.,
Lazer and Friedman 2007; Mason and Watts 2012). APL is the mean number of
steps along the shortest distance between all member pairs (Lazer and Friedman
2007; Mason and Watts 2012). Information takes more time and is more likely to
become distorted as it moves through networks with long APL (Goel, Watts, and
Goldstein 2012). To this end, the networks were reconstructed by making a series
of “degree-preserving random rewirings” (Mason and Watts 2012). These changes
preserved the total number of connections for each agent while varying the overall
configuration of the social network and its APL.

Learning Efficiency and Effectiveness
As noted earlier, for each experiment we examine two system-level outcomes that
are common to organizational learning research: efficiency and effectiveness (Lazer
and Friedman 2007; March 1991). The computational models reach convergence
when agents can no longer improve their performance and all the agents have
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solutions that perform equally well. This shared solution represents the final
solution to the organizational problem. We measure the efficiency and effectiveness
after the model converges. For each model, we capture the simulated time needed
to converge on the solution. Lower values reflect that the model quickly converged
on one shared solution. To aid in interpretation, we reverse coded time to reflect
efficiency and scaled it between 0 and 1. As such, higher efficiency indicates less
time spent to reach convergence.
Each NK problem has an optimal solution. In the NK model, individual score
is a function of both N and K. System effectiveness is the average of all agents’
final scores; in most of the cases, all the agents share the same final solution. We
normalized the model’s final score against the theoretical maximum score. We also
applied an exponential function to transform the distribution. This transformation
makes the change in effectiveness easier to detect while preserving the ranked order
of agents’ performance (Lazer and Friedman 2007).

Organizational Scenarios
We construct three organizational scenarios to reflect different but common organizational learning conditions. In the first organizational scenario, we examine
the most commonly studied form of learning: learning through social networks
(Borgatti and Cross 2003; Fang et al. 2010; Hansen 1999, 2002; Lazer and Friedman
2007). In the second organizational scenario, we investigate a setting in which the
organizational members can learn via a public repository. As previously noted,
organizations are increasingly adopting public repository technologies such as expertise directories and documentation systems in an attempt to overcome unequal
access to knowledge and accelerate learning (Hwang et al. 2015; Levine and Prietula
2012). In the third organizational scenario, we combine both social network and
public repository learning to simultaneously capture the effect of both means of
learning.

Experiment 1: Learning via Social Networks
Social networks play a critical role in knowledge transfer and organizational learning. Factors that have been found to affect knowledge transfer include the strength
of the relationship (Hansen 1999), mutual third-party connections (Reagans and
McEvily 2003; Tortoriello et al. 2012), and the structure of the surrounding relationships (Burt 2004).
When organizational members learn through social networks, members are
made aware of the expertise of others either through direct connections or word-ofmouth communications. Connections between organizational members provide
members with relevant knowledge about each other’s expertise (Borgatti and Cross
2003). As we noted earlier, when members must depend on their social contacts
to pursue a superior solution, their search tends to be overly local (Levinthal and
March 1993). Knowledge transfer is more likely when members share a direct
relationship or have a third member in common (Reagans and McEvily 2003; Tortoriello et al. 2012). Therefore, in the learning via social network experiment, we
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limit the search for superior solutions to members directly connected to the focal
member or to those who are one connection apart from her. In other words, the
agent will search among her direct connections to find a solution that outperforms
her solution; if she cannot find a superior solution among the directly connected
agents, she will next search solutions among her connections’ connections.

Experiment 2: Learning via Public Repositories
The purpose of public repositories is to disseminate information to all members
of the organization. Because solutions to complex problems can be difficult to
document, organizations often provide public repositories in the form of expertise
directories that permit organizational members to immediately locate experts with
superior solutions (Ding et al. 2010; Kane and Alavi 2007; Levine and Prietula
2012). Public repositories, as such, facilitate organization-wide communication by
connecting members to distant experts, which in turn can overcome unequal access
to existing knowledge and aid knowledge transfer.
In this experiment, a list of the experts in the organization is publicly shared
with all of the agents and updated dynamically. We define experts as those whose
solutions score within the top 15 percent of all solutions present in the system. In
other words, the list of experts is not static but can change according to the experts’
fluctuations in performance. Agents rely on the repository to identify experts, and
their search is not restricted to local connections.

Experiment 3: Learning via Both Social Network and Public
Repository
In practice, most organizations that implement a public repository learning system
also have an extant social network. To address this common occurrence, we also
explore the combination of learning via both social networks and public repositories.
In such organizations, members can access solutions via those with whom they
are socially proximate through the social network and via the public information
repository. Of note, however, research suggests that, when public repositories are in
place, organizational members are reluctant to use them. Commonly, organization
members continue to rely exclusively on their social networks to learn, even when
a public repository is available (Hwang et al. 2015). Thus, members will prefer to
rely on socially proximate others for help; however, when socially proximate help
is not available, members will turn to public repositories and learn from socially
distant others.
When both forms of learning are available, members can access both socially
proximate and distant members with superior solutions. We apply a “strategic
persistence” decision rule by which agents use social network learning or public
repository learning, as explained in the subsequent subsection. Specifically, if
an agent’s seeking help from socially proximate members leads to an improved
solution, she will continue to use only social network learning. Once the social
network learning no longer leads to improved solutions, she will seek experts in
the public repositories, and vice versa. x
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Simulation Results
It is important to note that the benefits of knowledge transformation are contingent
on the complexity of the problem. As noted earlier, increasing the absolute value of
N increases the problem complexity, and, in addition, increasing the relative size
of K to N also increases the problem complexity. Smaller K to N ratios indicate
there is little interdependence among the N units, and the problem is relatively
simple, whereas, when the ratios are high, any unit of N is highly dependent on
other parts of the solution and changing any part of the solution fundamentally
changes the solution’s performance. In the case in which K is small relative to N,
reproducing a good solution is not challenging, and, as such, the value of knowledge
transformation in particular and learning in general is less beneficial for such simple
problems. Alternatively, when K is very large relative to N and any part of a given
solution is highly dependent on other parts of the solution, changing any part of the
solution would fundamentally change its performance. In essence, improvements
to such interdependent problems are found almost at random, and members cannot
incrementally improve the solution; thus, there is little benefit to learning from
others. Consequently, our model applies to problems that have an intermediate
level of interdependence and that are most common to organizations. For these
types of problems, learning from others is particularly advantageous (Sorensen et al.
2006), and, in turn, knowledge transformation will most likely lead to performance
gains. We present the results for models in which K is half of N. We also examine
and discuss the effect of varying K in the sensitivity analysis section that follows.
We ran the simulations with (N = 30, K = 15) and (N = 30, K = 16) 100 times each,
with 50 simulated agents and both network and mixed information under 13 unique
network configurations.2 We first present the results that assume perfect knowledge
transfer and then present the results that assume knowledge transformation for
each of the three organizational scenarios. Tables 1 and 2 present the summary of
model assumptions.
The results for models based on knowledge transfer and knowledge transformation are plotted in Figure 1. The upper plot in Figure 1 shows the efficiency
outcomes for the system, and the lower plot is the system effectiveness. Assuming
only knowledge transfer, learning via public repositories is the most efficient system
of the three, and learning via social networks is the most effective. An ANOVA
analysis shows that the differences between the three systems are significant (p <
0.001). Furthermore, when we assume perfect transfer, the mixed systems appear to
realize the benefits of both means of learning; mixed learning systems are almost as
efficient as public repositories and only moderately less effective than learning via
the social network.
When we account for knowledge transformation in models, the comparative
outcomes of public repositories and social network learning are reversed. The upper
plot of Figure 1 shows that learning via public repositories, as compared with social
network and mixed learning, is the least efficient system (p < 0.001). In addition,
the mixed learning systems parallel the efficiency of social network learning. The
mixed learning systems do not exhibit a significant increase in either efficiency (p =
0.220) or effectiveness compared with social network learning (p = 0.608).
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Table 1: Summary of the knowledge transfer model.
Independent Factors
Information Seeking
NK Complexity (N,K)
Network

Social Network, Public
Repositories, Mixed
(30,15), (30,16)
13 network configurations (Short to Long
APL)
Total
Replications
Total Runs

3
2
13

3 * 2 * 13 = 78
100
7,800

Constants
Persistence Strategy
Number of Agents
Memory Length
Solution Attempts
Outcomes
Efficiency

70% Persistent, 30% Alternate
50
10
N

Effectiveness

The reverse-coded value of the mean of all agents’ time spent problem solving
(the number of problem-solving attempts before system convergence)
Maximum final score from all agents’ solutions

Variables Explored
Persistence Strategy

{70% Persistent, 30% Alternate}, {30% Persistent, 70% Alternate}

In the knowledge transfer model, increasing APL in social network learning
systems delays agent convergence to a solution. In public repositories, by contrast,
efficiency is relatively unaffected by APL increase. Mixed information systems
behave similarly to public repositories. Figure 2 (the lower plot) shows the effects
of increasing network APL on system efficiency when organizational learning cost
is taken into account in the model. For this knowledge transformation model,
increases in the network APL continue to slow efficiency for the social network
learning systems. Because knowledge transformation is taken into account in this
model, public repository learning systems become sensitive to APL. Knowledge
transformation significantly reduces system efficiency in public repository learning
systems, and an increase in the network APL exacerbates this reduction. The mixed
information systems, respectively, no longer maintain stable efficiency as the APL
increases, as they did in the knowledge transfer model; instead, efficiency declines.
With the inclusion of learning costs, the mixed information systems’ efficiency
becomes sensitive to changes in the network structure as the public repository
learning systems’ does.
In the knowledge transfer model, public repository learning promotes knowledge homogeneity, because marginal solutions diffuse rapidly. With knowledge
homogeneity, agents can no longer learn from other agents; thus, they stop innovating and thereby reduce the likelihood of discovering the global optima. By
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Table 2: Summary of the knowledge transformation model.
Independent Factors
Information Seeking

Social Network, Public
Repositories, Mixed
(30,15), (30,16)
13 network configurations (Short to Long
APL)

NK Complexity (N,K)
Factors

3
2
13

3 * 2 * 13 = 78
100
7,800

Total
Replications
Total Runs
Constants (All from Knowledge Transformation Model, plus)
Problem Complexity
K = 3, 6, 9, 15, and 19
Persistence Strategy
30%, 40%, 50%, 60%, 70% Persistent
Likelihood of Sharing Path Length ≤2: (0.700, 0.100), Path Length >2: (0.350, 0.100)
Info
Transfer Time
γ * SQRT(Path Length) unit per bit transferred
Probability of Knowl- ζ * SQRT(Path Length)
edge Transformation
Time to Experiment
1 unit per bit flipped
Outcomes
Efficiency

The reverse-coded value of the mean of all agents’ time spent problem solving
(the number of problem-solving attempts before system convergence)
Maximum final score from all agents’ solutions

Effectiveness
Variables Explored
Organizational Support
for Experimentation
(Transfer Time vs. Time
to Experiment)
Likelihood of
Knowledge Transfer
Probability of Knowledge Transformation

Change "Time to Experiment” in comparison with knowledge transfer time;
the higher the organizational support, the lower time to solve

Tested models where the likelihood of sharing information does not vary
with path length
Varied base probability between 3% to 15%

contrast, agents in social network learning systems can learn only from agents with
whom they share a connection; hence, agents can become isolated by performance
islands where they cannot find superior solutions. Nevertheless, these performance
islands preserve knowledge heterogeneity and prevent the system from premature
convergence on suboptimal solutions. Knowledge transformation, which we operationalized as the inclusion of learning costs in the forms of interpersonal challenges,
reverses these results. Assuming knowledge can be transformed, public repository
systems incur more losses in efficiency than social network learning systems incur,
while simultaneously stemming knowledge heterogeneity from the very beginning.
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Finally, when social barriers are accounted for, mixed information systems, rather
than providing the benefits of both public repository and social network learning
systems, only improve short-term effectiveness compared to social network learning
systems.

Sensitivity Analysis
We conducted a series of sensitivity analyses to confirm the robustness of the model
and test our assumptions. The analyses included the probability of knowledge
transformation (Equation 1), the agent’s strategies for learning, and organizational
factors such as the organization’s size (the total number of agents). Our results were
robust to variations in simulation assumptions, as we discuss below.

The Probability of Knowledge Transformation
In Equation 1, we set ζ, the “base” probability of knowledge transformation, to 5
percent. To examine the effect of varying the probability of knowledge transformation, we varied ζ from 3 percent to 15 percent. Results with three milestone points (3
percent, 5 percent, and 9 percent) are presented in Figure 3. Varying ζ, as would be
expected, introduces more variance into the system, which, in turn, slows down the
system’s convergence at a decreasing rate. Thus, the effects indicate that network
distance is stronger when the base probability of transformation increases. When ζ
is lower than 3 percent, the model behaves similarly to the “transfer” model.

The Effect of Strategic Persistence Assumption
Strategic persistence is a risk-averse behavior in which the agents tend not to change
their strategy if it proved successful in the prior round. In general, the systems
in which agents are less risk averse and attempt to alter their strategy tend to
achieve higher effectiveness. To ensure that our results were stable, we ran two
variations in the knowledge transfer model. In the first, we applied the strategic
persistence assumption to 70 percent of the agents, with the remaining 30 percent
alternating between solving and seeking. In the second, we ran the model with 70
percent of the agents alternating between solving and seeking and the remaining
30 percent maintaining strategic persistence. We found our results to be robust to
both proportions of strategic persistence agents in the knowledge transfer model,
as indicated in Figure 4. In the knowledge transformation model (where ζ was
set to 5 percent), we ran five variations to check the robustness of our results. We
applied the strategic persistence assumption to 30 percent, 40 percent, 50 percent,
60 percent, and 70 percent of the agents. When the percentage of agents that persist
with their successful strategy was assumed to be lower than 30 percent, that is, 70
percent of the agents would alter their previously successful strategy, we found that
learning via public repositories can no longer yield effectiveness advantages, as
indicated in Figure 5. When the majority of the agents in the system were assumed
to be risk seeking and persisting with unsuccessful strategy in the knowledge
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Public Repositories

Social Network

1.0

0.972

Mixed

0.974

System Efficiency

0.912

0.809

0.8

0.768

0.6

0.6

0.4

Knowledge Transfer model

Knowledge Transformation model

System Effectiveness

0.4
0.325
0.296

0.285

0.3

0.286

0.247
0.227

0.2

0.1
Knowledge Transfer model

Knowledge Transformation model

Figure 1: Effects of learning via public repositories, learning via social networks, and mixed information on
system efficiency and effectiveness (the knowledge transfer model versus the knowledge transformation
model). Maximum efficiency and effectiveness in both models are normalized to 1. Results are based on 50
simulated agents solving 2 problems (100 times each) with 13 unique network configurations.
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Public Repositories

Social Network

Mixed

Knowledge Transfer Model

System Efficiency
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0.7

0.6

0.5

Short APL

Medium APL

Long APL

Knowledge Transformation Model

System Efficiency

0.9

0.8

0.7

Short APL

Medium APL

Long APL

Figure 2: Effects of network APLs for information systems on efficiency (upper plot: the knowledge transfer
model; lower plot: the knowledge transformation model).
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System Efficiency
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0.985

Social Network

Mixed

0.975
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0.966

0.969

0.919

0.8

0.756

0.6

0.4
3%

5%

9%

System Effectiveness

0.7

0.6

0.474

0.5
0.395

0.4

0.349

0.349

0.390
0.355

0.329

0.398

0.343

0.3

0.2
3%

5%
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Figure 3: Effects of public repositories, social network, and mixed information on system efficiency and
effectiveness (with a varied probability of knowledge transformation) in the knowledge transformation
model. The maximum efficiency and effectiveness in both models are normalized to 1.
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transformation model, learning via social network leads to higher effectiveness
because it encourages mainly experimentation.

The Effect of Organizational Support for Individual Learning
We varied the ratio of time to experimentation and sharing to examine the effects
by varying γ in Equation 2 (setting γ to 0.050 and 0.100, respectively); the results
are shown in Figure 6. As the organization becomes more supportive towards
experimentation (as is reflected by a higher value of γ), public repository systems
become less efficient as compared to either the social network or mixed learning
systems. Nonetheless, the pattern of the results of organizational learning, as
reported in the main article, remained robust.

The Effect of Problem Complexity
We varied the problem complexity, K, and examined the effects of knowledge
transfer and knowledge transformation by setting K to 3, 6, 9, 15, and 19 while
holding N constant at 30. We did not simulate beyond K equal to 19, as the problem
became so complex that solving it would be due more to random chance than to
learning. The results are presented in Figure 7. As shown, the pattern of results
stabilizes when K equals only 6 and persists up to 19. Thus, our results are consistent
for a range of problems with intermediate levels of complexity.

Discussion and Conclusion
In the knowledge transfer model, in which solutions are perfectly transferred from
one agent to another, learning via public repositories promotes knowledge homogeneity, in that all of the agents quickly learn from a small set of experts. This
increased knowledge homogeneity leads the system to converge quickly on a solution, which reduces the likelihood of discovering the global optima. By contrast,
agents in social network learning systems have access only to socially proximate
experts; hence, they are stranded in performance islands, where they may not be
able to reach experts. These performance islands preserve knowledge heterogeneity and prevent the system from premature convergence on suboptimal solutions.
When we account for knowledge transformation, these results are reversed. In
the knowledge transformation models, public repository learning systems are less
efficient than learning via social network learning systems, while simultaneously
stemming knowledge homogeneity. In other words, when we account for transformation when learning from socially distant others, rather than reducing knowledge
heterogeneity, public repositories increase it.
We extend traditional organizational learning models of knowledge transfer
to account for the effects of social network distance through knowledge transformation and show how accounting for knowledge transformation can reverse the
expected results of classical models of knowledge transfer (e.g., Fang et al. 2010;
March 1991; Schilling and Fang 2014). In particular, we focus on three systems
common to organizational learning: social networks, from which members learn

sociological science | www.sociologicalscience.com

1122

December 2016 | Volume 3

Aven and Zhang

Knowledge Transformation
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Social Network

1.0

0.809

0.8
0.7

0.768

0.688
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0.6

0.556

0.4

70% agents persist

30% agents persist

System Effectiveness
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0.4

0.306
0.285

0.3
0.259

0.266
0.247
0.227

0.2
30% agents persist

70% agents persist

Figure 4: Effects of public repositories, social network, and mixed information on system efficiency and
effectiveness (70 percent agents versus 30 percent agents persist with successful strategy) in the knowledge
transfer model. The maximum efficiency and effectiveness in both models are normalized to 1.
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Figure 5: Effects of public repositories, social network, and mixed information on system efficiency and
effectiveness (30 percent∼70 percent agents persist with successful strategy) in the knowledge transformation
model. The maximum efficiency and effectiveness in both models are normalized to 1.
sociological science | www.sociologicalscience.com

1124

December 2016 | Volume 3

Aven and Zhang

Knowledge Transformation

Social Network

Public Repositories

System Efficiency

1.0

0.966
0.893

Mixed

0.975

0.919

0.859

0.8
0.663

0.6

0.4

Experimentation Encouraged

Experimentation Not Encouraged

System Effectiveness

0.5

0.4

0.372

0.371
0.351

0.34

0.335

0.323

0.3

0.2

Experimentation Encouraged

Experimentation Not Encouraged

Figure 6: Effects of public repositories, social network, and mixed information on system efficiency and
effectiveness in the knowledge transformation models when individual experimentation is encouraged
versus when it is not encouraged. The maximum efficiency and effectiveness in both models are normalized
to 1.
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Figure 7: Effects of public repositories, social network, and mixed information on system efficiency and
effectiveness (with a varied problem complexity K in the NK model) in the knowledge transformation
models. The maximum efficiency and effectiveness in both models are normalized to 1.
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only from those with whom they share a social connection; public repositories,
from which members can learn from any top performers in the organization; and
mixed systems, from which members can learn either from social contacts or from
top performers. Prior theories uniformly suggest that certain contingencies that
accelerate the diffusion of a solution to members, such as public repository systems,
will lead to premature convergence and undermine organizational effectiveness
(March 1991; Fang et al. 2010; Schilling and Fang 2014).
We argue that, rather than accelerating convergence to a suboptimal solution,
public repository systems such as knowledge management systems can actually
be less efficient but more effective in discovering solutions than social network
learning systems. Despite the challenges to efficiency, the learning over social
network distance fostered by public repository systems benefits the organization
by preserving solution heterogeneity through the transformation of the knowledge.
Just as in ecological settings in which random mutation introduces variety into
a species, knowledge can also mutate. We thus conclude that, by neglecting the
social network distance in knowledge sharing, traditional models of knowledge
transfer run the risks of overestimating a system’s efficiency in diffusing solutions
and underestimating a system’s effectiveness for innovating solutions.
Our findings are particularly relevant to recent research on the development of
organizational-level transactive memory systems (Lewis, Lange, and Gillis 2005).
Transactive memory system research suggests that when groups leverage existing
knowledge and develop an understanding of “who knows what,” they can better
use existing knowledge and achieve greater levels of performance. The majority
of this research has been conducted with small groups, and little is known about
the upper limits of group size for transactive memory systems (Argote and Ingram
2000). And yet, the rationale for the implementation of many knowledge management systems is that they extend to all employees the knowledge of “who knows
what” or of the experts beyond their proximate relations. Our results for mixed information systems suggest that there might be limits to transactive memory system
implementation via the introduction of certain technologies. In other words, an
organization’s competitive advantage depends not on what the organization knows
but on the extent to which employees can learn from each other.
Although we focus on intra-organizational knowledge transfer and transformation, the mechanisms would readily apply to interorganizational networks. In
fact, Posen, Lee, and Yi (2013) investigate imitation amongst firms and find that
imperfect imitation can lead to improved outcomes; that is, the outcomes for the
copier surpass the outcomes of the firm being copied. Drawing on the Carnegie
School tradition (Cyert and March 1963), Posen et al. (2013) assume that firms cannot correctly identify their industry leaders and that firms cannot perfectly copy the
leader. Our theory suggests that firms would rely on copying their social networks
but switch to copying industry leaders when outcomes no longer improved. In
addition, we contend that as the social distance between the industry leader and the
firm seeking to copy increases, so, too, does the likelihood that the imitation will
be imperfect. Stuart and Podolny (1996) propose a similar model of social network
distance for firm knowledge; however, in contrast to organizational members, as
firms become more similar, they are at greater risk of becoming competitors. Thus,
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factors such as competitive pressures should be considered when considering the
effect of social network distance on interfirm learning.
Building on recent advances in the understanding of organizational structures
and performance (e.g., Schilling and Fang 2014), our work incorporates how organizational learning is affected by social network distance. In addition to social
network distance, other antecedences of “knowledge transformation” exist, such
as deliberately withholding or misrepresenting information (Fang et al. 2014). We
speculate that social network distance would moderate these less collaborative
forms of knowledge transformation and that it would be easier to alter or withhold
information if individuals had few shared contacts with whom to corroborate information. Future studies might test the moderating effect of social network distance
on these types of behaviors.
Our results suggest that social network structures moderate the relationship
between social network and public repository learning; however, our models assume stable network structures. Current work on the effect of technology-based
knowledge management systems on networks does not suggest that knowledge
management systems can alter social network structures over time. For example,
Hwang et al. (2015) show that, despite the implementation of an organizationwide knowledge management system, organizational members are still confined
by geographic and social boundaries. Thus, knowledge management systems are
unlikely to encourage connections among socially distant members. Nonetheless,
future research should examine the effect of organizational information systems
with dynamic social networks. We would anticipate that tie formation is more likely
if organizational members successfully learn from a socially distant expert.

Notes
1 We also ran simulations drawing from the same distribution, N(0.700, 0.100), and the
patterns of results remain robust.
2 The simulation model was implemented in NetLogo and built on the NK and smallworld models in the available in NetLogo public library (Watts and Gilbert 2014).
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