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Abstract of Dissertation 

Organizational Learning:  

A Social Network Perspective 

 

 

The purpose of this quantitative study was to examine how social network 

structure affects organizational learning. The site studied was a research and development 

organization that assists its clients with solving their challenging problems. This 

quantitative study was based on social network theory, organizational learning theory, 

and their intersection. A survey administered online was the primary source of data. 

The study drew four conclusions from the findings: (1) at the individual level 

socialization opportunities exist; (2) at the group level opportunity exists to create social 

interactions that facilitate “shared meaning and understanding” (Crossan et al., 1999, 

p. 528); (3) intragroup connections are more prevalent than intergroup connections; and 

(4) sufficient network concentration must exist for learning at the organization level. 

This study provided a theoretical contribution to understanding how social 

networks that exist within organizations could aid in identifying structures that support 

learning, thereby supporting an organization’s ability to adapt and change. It was found 

that social networks had a positive effect on organizational learning, particularly at the 

organization level, while partial support for learning was found at the individual and 

group levels.  
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CHAPTER 1: 

INTRODUCTION 

Overview 

It is generally recognized that organizations exist in increasingly complex 

environments. For a modern, knowledge-based organization, survivability and 

maintaining a competitive advantage depend on its ability to adapt and change (Chiva, 

Ghauri, & Alegre, 2014; Chung & Yoon, 2015; Edmondson, 2012; Goll, Brown Johnson, 

& Rasheed, 2007; Lüscher & Lewis, 2008, Popova-Nowak & Cseh, 2015; Vohra & 

Thomas, 2016). Learning is a critical component of changing behavior. Many scholars 

have identified organizational learning as a change, whether it is a change in knowledge 

or a change in individual or shared actions or responses (Argote, 2011; Argote & Miron-

Spektor, 2011; Argyris & Schön, 1996; Huber, 1991; Levitt & March, 1988; Weick & 

Quinn, 1999). Maples and Webster (as cited in Merriam & Caffarella, 1999) defined 

learning “as a process by which behavior changes as a result of experiences” (p. 250). 

Weick and Quinn (1999) indicated that learning occurs when “a range of skills and 

knowledge are altered” and “that a change is not just substitution but could also include 

strengthening existing skills” (p. 377). Altering a repertoire “is also a change in the 

potential for action, which means action may not be manifest at the time of learning (Pye, 

1994)” (Weick & Quinn, 1999, p. 377). Huber (1991) argued in a similar fashion and 

stated that “an entity learns if . . . the range of its potential behaviors is changed” and that 

the learning does not always result in “observable changes in behavior” (p. 89).  

Argote and Miron-Spektor (2011) provided a framework for organizational 

learning that put forth that “organizational experience interacts with the context to create 
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knowledge” (p. 1123). The basis for the argument that context affects learning is found in 

the “‘situated cognition” research tradition, which argues that cognition can only be 

understood in context (Brown & Duguid, 1991; Lave & Wenger, 1991). A weaker form 

of this argument is that context is a contingency that affects learning processes and 

moderates the relationship between experience and outcomes” (Argote & Miron-Spektor, 

2011, p. 1127). Argote and Miron-Spektor (2011) maintained that aspects of context that 

were important for future research included “properties of the organization’s structure . . . 

and its social network” (p. 1127). In a similar fashion, Anderson and Lewis (2014) found 

that research related to transactive memory systems showed that  

as group members collaborate, they encode, interpret, and recall information 

together, and in so doing, they create knowledge that is embedded in a group’s 

structures and processes (Moreland 1999). A group’s structures and processes in 

turn affect what, and how much, group members learn (Hollingshead 1998a, 

2001; Lewis et al. 2005). (p. 360) 

Siciliano (2017) also argued that the “broader context of the network in which those 

individuals are embedded affects the likelihood of tie formation” (p. 108). 

Huning, Bryant, and Holt (2015) also examined the importance of structure. They 

indicated “that a large part of the work in an organization is done through social 

relationships,” which suggests “that informal social structures offer much explanation of 

organizational phenomena” to include organizational learning (p. 20). They, along with 

other researchers, recognized the importance of informal interactions for learning (Casey, 

2005; Marsick & Watkins, 1990; Siciliano, 2017). Huning et al. (2015) argued that the 

key to informal learning lay in social participation. Social participation is critical to 

informal learning (Huning et al., 2015; Wenger, 1998). Siciliano (2017) contended that 

social interactions are a driver of learning in organizations today.  
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Vohra and Thomas (2016) found that one challenge related to the study of 

organizational learning “has been the use of formal structures to predict patterns of 

information flow and learning. Contemporary organizations have reduced hierarchical 

levels, and their internal and external boundaries are becoming more permeable” (p. 588). 

While they argued that measuring organizational learning through informal networks 

would be more meaningful, they also found “that the formal structure does influence the 

formation of informal networks” (Vohra & Thomas, 2016, p. 597). In a similar manner, 

Balkundi, Wang, and Kishore (2019) in their work on network changes stated that team 

structure could potentially shape informal network structure. 

One approach to understanding the informal structures that support learning is 

social network analysis. A social network is defined 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, p. 2). Understanding social networks that exist within organizations 

could aid in identifying structures that support learning. A better understanding of social 

network structures in organizations and how these structures may positively influence 

organizational learning has the potential to contribute to an organization’s ability to take 

action and change (Cross & Parker, 2004; Thomas & Vohra, 2015; Vohra & Thomas, 

2016).  

This introductory chapter includes a statement of the problem, the purpose of the 

study, the research question being addressed, the potential significance of the study, the 

conceptual framework that shaped the study, a summary of the methodology and its 

limitations, and definitions of key terms. 
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Statement of the Problem 

Organizations are being driven to change their behavior in response to a world 

that is increasingly volatile, uncertain, complex, and ambiguous (VUCA). Organizational 

learning is a critical component of changing behavior (Argote, 2011; Argote & Miron-

Spektor, 2011; Argyris & Schön, 1996; Huber, 1991; Levitt & March, 1988; Weick & 

Quinn, 1999). Gubbins and Dooley (2011) argued that “mechanisms such as social 

networks promote both organizational and collective learning and participation in these 

social networks are a significant source of knowledge” (p. 95).  

While significant work has been done examining the relationship between aspects 

of knowledge management, such as knowledge transfer or retention, and social networks, 

little work has been done to explore the relationship between organizational learning as a 

construct and social networks. The work that has been done discussed themes such as 

absorptive capacity (Borgatti & Cross, 2003; Tsai, 2001), the balance between 

exploration and exploitation (Fang, Lee, & Schilling, 2010; Jansen, Van Den Bosch, & 

Volberda, 2006), and online social media networks and organizational learning 

(Churcher, Downs, & Tewksbury, 2014; Rienties, Heliot, & Jindal-Snape, 2013; 

Sheffield, 2014; Sundararajan, 2010). Understanding the connection between the two is 

potentially significant because of the importance of social relationships to learning. The 

research in this study sought to address this gap by exploring social network structures in 

organizations and how they may or may not promote organizational learning (Argote & 

Miron-Spektor, 2011; Moynihan & Landuyt, 2009; Rodan, 2008; Thomas & Vohra, 

2015; Vohra & Thomas, 2016). Bontis, Crossan, and Hulland (2002) identified structure 

as an important component of “organizational-level knowledge stocks” (p. 445). They 
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argued that building “stocks of learning . . . may be wasted if the flows of learning are 

obstructed” (p. 460). Additionally, Borgatti, Everett, and Johnson (2013) indicated that 

network structure is a critical factor in predicting actor outcomes—in the case of this 

study, organizational learning. Therefore, social network structure is emphasized because 

of its ability to hinder or facilitate flows of learning. The purpose of this study was to fill 

a void in the literature by examining whether social network structures affect 

organizational learning.  

Purpose of the Study and Research Question 

Given the challenges organizations are facing and the importance of continuous 

learning for the growth and survival of organizations (Chiva et al., 2014; Salge & Vera, 

2012; Vohra & Thomas, 2016), the purpose of this study was to better understand how 

social network structures affect organizational learning, thereby providing leaders with 

better information and providing for “more successful intervention” options (Cross, 

Laseter, Parker, & Velasquez, 2006, p. 56). Examples of intervention options are 

organizational or technical “changes to facilitate interactions within the existing 

community structure” (Cross et al., 2006, p. 36). One specific research question was 

addressed: How does social network structure affect organizational learning (Argote & 

Miron-Spektor, 2011; Moynihan & Landuyt, 2009; Rodan, 2008)?  

To address the research question, social network theory and organizational 

learning theory were examined. Central to social network theory are the concepts that 

relationships connect actors and that network properties account for network outcomes 

(Borgatti et al., 2013; Borgatti & Halgin, 2011; Borgatti, Mehra, Brass, & Labianca, 

2009; Wasserman & Faust, 1994). Within social network theory, Burt (1980) defined 
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social network structure as a “framework for describing social differentiation in terms of 

relational patterns among actors in a system” (p. 79). In their examination of network 

theory, Borgatti and Halgin (2011) emphasized the interaction of network structure with a 

process and the outcomes such interaction generates. 

Organizational learning theory is grounded in the work of Crossan, Lane, and 

White (1999), who defined organizational learning as a dynamic process that “occurs 

over time and across levels” and “creates a tension between assimilating new learning” 

and exploiting what has already been learned (p. 532). Their definition was one of the 

few organizational learning definitions that stressed the multilevel nature of the construct.  

Drawing from social network theory and organizational learning theory, six 

hypotheses were proposed to address the research question: 

• H1a: At the individual level, more exposure to what is flowing through the 

network (centrality) increases the possibility of generating new insights and 

creating shared meaning and is therefore positively related to intuiting and 

interpreting. 

• H1b: Individuals in groups that are more densely connected tend to be better 

positioned to develop tacit knowledge and to share knowledge—processes that are 

positively related to intuiting and interpreting. 

• H2a: More central groups tend to transfer knowledge, a process positively related 

to the creation of a shared understanding and the undertaking of collective action 

(integrating). 

• H2b: Groups that are more densely connected tend to share knowledge, which is 

positively related to integrating. 
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• H3a: At the organization level, decentralized structures better facilitate the 

transfer of codified knowledge, which is positively related to institutionalizing. 

• H3b: An organization that is more densely connected tends to promote 

uniformity, which is positively related to institutionalizing.  

Significance of the Study 

It has been argued that organizational work has become more relational and 

interdependent (Carter, Dechurch, Braun, & Contractor, 2015; Hacker, Bernsmann, & 

Riemer, 2017; Parise, 2007; Parise, Cross, & Davenport, 2006). As such, “an appropriate 

lens is needed through which to examine the interactions among employees” (Parise, 

2007, p. 360). Kilduff and Brass (2010) contended that a core idea behind social network 

research was its emphasis on relations. Nohria (1992) maintained that a network 

perspective was a useful way to study organizations, and there is much to be gained by 

adopting a network perspective. Doing so could aid practitioners in diagnosing the 

current state and actively seeking ways to modify networks to improve organizational 

effectiveness. Thomas and Vohra (2015) concluded that “social interactions are a 

defining factor for organizational learning, and thus, social network perspective becomes 

a more appropriate and powerful tool for managers to understand the underlying social 

processes that nurture and sustain learning networks” (p. 137).  

While social network theory may be an appropriate lens to examine interactions, 

it has yet to have been examined in significant depth in relationship to organizational 

learning (Argote & Miron-Spektor, 2011; Borgatti & Cross, 2003; Moynihan & Landuyt, 

2009; Rodan, 2008; Thomas & Vohra, 2015). Theoretically and practically, this is an area 

of concern because of the significance of organizational learning for the success of 
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organizations (Argote, 2011; Argyris & Schön, 1996; Bontis et al., 2002; Crossan et al., 

1999; Hamra, Wigand, Hossain, & Owen, 2014).  

Implications for Theory 

The framework has the potential to contribute to two streams of literature: social 

network and organizational learning. Organizational learning and social networks have 

been largely separated in terms of offline networks, although there is a growing body of 

literature concerned with online networks and learning (Churcher et al., 2014; Rienties et 

al., 2013; Sheffield, 2014; Sundararajan, 2010).  

Borgatti and Cross (2003) argued there has been a relatively small amount of 

research into “organizational learning as a function of relationships,” which they found to 

be surprising given the importance of social relationships for acquiring information and 

learning how to do one’s work (p. 433). They suggested that a network perspective could 

enhance understanding of learning in organizations. Calls for this type of research have 

continued (Argote, 2011; Skerlavaj, Dimovski, & Desouza, 2010; Thomas & Vohra, 

2015; Vohra & Thomas, 2016). Casciaro and colleagues (2015) took an even broader 

approach and stated that organizational research in general rarely integrates “differing 

theoretical domains and perspectives” (p. 1162). In their work on knowledge asset 

measurement models, Chung and Yoon (2015) claimed that the “importance of an 

organization’s role as a social community in creating knowledge assets has not been 

adequately addressed” (p. 815). Siciliano (2017) contended that “the actual social 

structures that drive organizational and collective learning are treated as a black box” 

(p. 115). 
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Despite this call for more research, a lack of progress has been made, with a few 

exceptions. Thomas and Vohra (2015) took a “process-based view of organizational 

learning” and developed network measures based on four subprocesses: information 

acquisition, information distribution, information interpretation, and organizational 

memory. Their goal was to develop network measures that were multilevel in order to 

provide “a snapshot of the current processes of organizational learning within an 

organization” (p. 126). Vohra and Thomas (2016) used two of these measures to conduct 

a multilevel, empirical study of organizational learning from a social network 

perspective. 

A better understanding of the connection between social network theory and 

organizational learning theory could extend our understanding of organizational learning. 

Organizational learning theory is primarily based on the work of Crossan et al. (1999). 

Crossan et al. (1999) took a multilevel approach to defining organizational learning and 

emphasized balancing exploration and exploitation. In their work, they examined four 

organizational learning subprocesses: intuiting, interpreting, integrating, and 

institutionalizing (Crossan et al., 1999). These subprocesses form the basis for this 

study’s framework. 

While increasing attention is being paid to online social networking sites, 

networks that do not rely on such sites are not obsolete. This study addressed such 

networks. Nohria and Eccles (1992) explained that face-to-face interaction and online 

interaction differ in three main ways (p. 293). First, participants are “copresent—at the 

same time and place” during face-to-face interactions (p. 293). Second, face-to-face 

interaction covers all of the senses and allows for a broader approach to interaction 
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(p. 293). Third, face-to-face interaction “offers an unusual capacity for interruption, 

repair, feedback and learning (Schegloff 1987)” (Nohria & Eccles, 1992, p. 293). Nohria 

and Eccles (1992) argued that “electronically mediated exchange can help enable 

information flows useful for mobilizing action, but face-to-face interaction is vital to 

actually taking action” (p. 297). Cross and Parker (2004) noted the importance of face-to-

face interaction in building trust, which is important in determining who to reach out to 

for information. Like Nohria and Eccles (1992), Cross and Parker (2004) found 

technology to be a powerful enabler but maintained the importance of understanding 

relationships and how work is accomplished in an organization first and then “finding 

ways to enhance those processes with technical applications” (p. 121). They stated that in 

their research, in “no cases did we see any technology come close to the importance 

people gave to other people for finding information and learning how to get work done” 

(Cross & Parker, 2004, p. 12).  

Monti and Soda (2014) echoed this and argued that “some empirical evidence 

shows that” people are more likely to “rely on their network of contacts within an 

organization to obtain information and generate new knowledge” than they are to use 

knowledge management systems and institutionalized organizational systems (p. 358). 

Crossan et al. (1999) maintained that “organizational learning links cognition and action” 

(p. 524). Thomas and Vohra (2015) also indicated that dependence on “non-human 

repositories ignores the fact that a person’s information environment is built out of the 

interpersonal relationships that he or she accesses during information needs” (p. 126). 

In their work on knowledge repositories, Hacker et al. (2017) found that the 

complexity of current organizations has made knowledge become even “more embedded 
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in the specific context of an organization” and that this entrenchment has increased the 

difficulty of capturing knowledge in online systems (p. 141). Additionally, similar to 

other researchers, they found that employees are more inclined to seek information from 

their social networks than from an organizational knowledge repository. A better 

understanding of how network structures influence organizational learning has the 

potential to influence how organizations take action and affect change. 

This research aimed to extend the empirical work done by social network scholars 

to support the premise that networks are linked to positive outcomes, particularly those 

related to learning (Borgatti & Cross, 2003; Cross et al., 2006; Hansen, 1999; 

Haythornthwaite & de Laat, 2010; Nieves & Osorio, 2012; Parise, 2007; Rodan, 2008). 

This research adds to existing work by linking social network structure to organizational 

learning. Much of the organizational learning literature focuses on learning as the 

explanatory or independent variable used to examine outcome variables such as 

performance or financial performance (Bontis et al., 2002; Capece & Costa, 2009; 

Gibson & Birkenshaw, 2004; Jansen et al., 2006). However, in the social network 

literature, especially that which examines elements of knowledge management or 

learning, the learning or knowledge management component is most frequently the 

outcome variable. While not always the case, in the network literature “it is often asserted 

that there is more research examining the consequences of network variables than the 

antecedents” (Borgatti et al., 2013, p. 9). The results of this study help provide a 

framework for how social networks influence organizational learning. This is potentially 

significant because understanding the connection between the critical antecedents of 

network structure, particularly centrality and density, and organizational learning could 
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help organizations develop “solutions to the constantly changing legal, political, 

economic and social environment” (Gilson, Dunleavy, & Tinkler, 2009, p. 9). Learning 

will be a critical factor for organizations that are successful in achieving meaningful 

results. 

Implications for Practice 

Bennett, Pitt, and Owers (2008) stated that the “business advantages and benefits 

of social networking in the workplace are still very much underappreciated and 

undervalued” (p. 60). Cross et al. (2006) argued that leveraging connections can lead to 

less time spent reinventing the wheel and provide for increased consistency and higher 

quality services along with more innovative solutions. Cross, Liedtka, and Weiss (2005) 

said that executives should use structure to achieve results (p. 126). Understanding the 

structure of an organization by conducting a social network analysis could identify 

impediments to learning as well as connectors that facilitate learning. Being able to adjust 

structure to facilitate learning could increase the chances that “employee socialization 

and on-the job training” along with other human resource development initiatives have 

positive outcomes (Gibson, 2004, p. 205). Having an improved understanding of the ties 

between actors could lead to adjustments in structure to enhance participation of 

community members. A better understanding of how network structure could enable 

learning moves towards addressing the problem of lack of connection within 

organizations and the ability to change behavior and take action. “By making seemingly 

invisible interactions visible, network analysis helps community leaders make informed 

and ultimately more successful interventions” (Cross et al., 2006, p. 56). Carter et al. 

(2015) focused their work on leadership and social networks and examined how leaders 
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can use social network analysis for diagnostic purposes to change informal networks to 

better serve organizational needs. 

Cullen, Palus, and Appaneal (2013) argued that “understanding informal networks 

is especially important in flat, team-based, and agile work environments where formal 

structure provides little guidance” (p. 18). Understanding the difference between how 

work occurs through informal structure versus formal structure can help identify network 

gaps and improve connections. They also maintained that “network knowledge is an asset 

in change efforts. Relying on formal, vertical channels alone hinders capacity to adapt to 

emerging issues” (p. 19). Understanding how learning occurs within the network has the 

potential to facilitate change. 

Borgatti et al. (2009) stated that “one of the most potent ideas in the social 

sciences is the notion that individuals are embedded in thick webs of social relations and 

interactions” (p. 892). Gilson, Dunleavy, and Tinkler (2009) maintained that 

organizational learning is relational by nature and is a social process that “happens with 

and through other people” (p. 7). Scott (2013) posited that “social network analysis is 

appropriate for ‘relational data’” (p. 3). He further argued that “structures are built from 

relations, and the structural concerns of sociology can be pursued through the collection 

and analysis of relational data” (p. 5).  

Conceptual Framework 

The conceptual framework—based on social network theory (Borgatti et al., 

2009, 2013; Freeman, 1977; Scott, 2013) and organizational learning theory (Crossan et 

al., 1999)—sought to provide a frame for examining how social network structure affects 

organizational learning. Specifically, the study examined how the structural components 
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of centrality and density affect the four subprocesses of organizational learning: intuiting, 

interpreting, integrating, and institutionalizing (Figure 1.1). The context for the study was 

a research and development organization. There were two primary constructs in this 

model: social network structure, defined as a “framework for describing social 

differentiation in terms of relational patterns among actors in a system” (Burt, 1980, 

p. 79), and organizational learning. This study used Mitchell’s (1969) definition of a 

social network 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” (p. 2). Organizational learning 

theory is grounded in the work of Crossan et al. (1999). The Crossan et al. (1999) 

definition of organizational learning was utilized because of its emphasis on exploration 

and exploitation. Balancing exploration and exploitation better allows organizations to 

adapt to a continuously changing environment (Crossan et al., 1999, p. 530). Their 

definition was also multilevel and therefore linked the individual, group, and 

organizational levels (Crossan et al., 1999, p. 522).  

 

 

Figure 1.1. Conceptual framework. 
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In common across the literature reviewed was agreement by many researchers 

that human beings exist in social contexts where relations and interactions are important 

(Borgatti et al., 2009; Choi, Gale, & Kariv, 2012; Gibson, 2004; Hatala, 2006; Rienties et 

al., 2013; Sheffield, 2014; Wenger, 2009). If this is to be believed, it follows that if we 

exist socially, we learn socially and networks are a socially constructed structure that may 

positively influence learning. This view serves as the basis for the conceptual framework. 

Summary of the Methodology 

This study used social network analysis (Borgatti et al., 2013; Cross & Parker, 

2004; Prell, 2012; Scott, 2013; Wasserman & Faust, 1994). Social network analysis was 

determined to be an appropriate method given the relational nature of organizational 

learning (Gilson et al., 2009; Scott, 2013). The study used a whole network study in order 

to encompass the multilevel nature of organizational learning.  

Data were collected via an online survey that combined the Bontis, Crossan, and 

Hulland (2002) organizational learning survey instrument with social network questions. 

The survey was administered to all employees in a division within an organization. 

Because whole network studies cannot be anonymous, particular care was given to 

maintaining confidentiality (Borgatti et al., 2013; Cross & Parker, 2004; Hennig, 

Brandes, Pfeffer, & Mergel, 2012). Network data were analyzed using the social network 

software package UCINET and were visualized using NetDraw. The organizational 

learning data were analyzed using SmartPLS 3 software (Ringle, Wende, & Becker, 

2015).  
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Limitations 

Missing data can be problematic in whole network studies (Borgatti et al., 2013; 

Gubbins & Dooley, 2011). If central actors are missing, then the network data collected 

could lead to results that vary significantly from the results if the actors had responded 

(Borgatti et al., 2013). Another limitation of whole network studies is that a high 

response rate is required. A sufficiently high response rate must be obtained to provide 

the overall structure of the network (Scott, 2013).  

Definition of Key Terms 

Key terms used in this study are defined in Table 1.1. 
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Table 1.1 

Definition of Key Terms 

Term Definition 

Social network “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, p. 2).  

Network structure A “framework for describing social differentiation in terms of relational 

patterns among actors in a system” (Burt, 1980, p. 79). “Structural 

variables measure ties of a specific kind between pairs of actors” 

(Wasserman & Faust, 1994, location 1304). 

Centrality “A family of node-level properties relating to the structural importance or 

prominence of a node in the network” (Borgatti et al., 2009, p. 894). 

Density “The degree of interlinkage between the persons” to whom the actor is 

directly tied (Kapferer, 1969, p. 226). 

Organizational 

learning  

A dynamic process that occurs over time and across levels and creates a 

tension between assimilating new learning and exploiting what has 

already been learned (Crossan et al., 1999, p. 532).  

Intuiting A “process of (past) pattern recognition” (Crossan et al., 1999, p. 526). 

Intuiting occurs at the individual level. 

Interpreting The explanation of an idea or insight to one’s self and to others (Crossan 

et al., 1999, p. 525). Interpreting moves from the subconscious, where 

intuiting resided, into the consciousness of the individual learning 

processes (p. 528). Interpreting takes place in relation to context. It is a 

social activity that creates shared meaning and understanding (p. 528). 

Interpreting occurs at the individual and group levels. 

Integrating “The process of developing shared understanding among individuals and 

taking coordinated action through mutual adjustment” (Crossan et al., 

1999, p. 529). Integrating occurs at the group level. 

Institutionalizing “The process of embedding learning that has occurred by individuals and 

groups into the organization” that “includes systems, structures, 

procedures, and strategy” (Crossan et al., 1999, p. 525). Institutionalizing 

occurs at the organizational level. 

Collaboration The process that occurs “when people from different organizations (or 

units within one organization) produce something together through joint 

effort, resources, and decision making, and share ownership of the final 

product or service” (Linden, 2002, p. 7). 

Information “(1) solutions (both know-what and know-how), (2) referrals (pointers to 

databases or other people), (3) problem reformulation, (4) validation, and 

(5) legitimation” (Cross & Sproull, 2004, p. 449). 
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CHAPTER 2: 

LITERATURE REVIEW 

Two bodies of literature informed this study: social networks, and in particular the 

structural features of networks, and organizational learning. The first body examines 

definitions of social networks and social network structure. The second body of literature 

examines organizational learning definitions along with differing streams, including those 

focused on the efficiency of organizational learning versus those focused on the social 

processes of learning; cognitive versus behavioral change related to learning; and levels 

of analysis when examining organizational learning. A section is also included that 

synthesizes the literature where social networks and learning intersect. The final section 

of the literature review discusses the conceptual framework for the study. 

Multiple search methods were used to conduct a review of the literature. To 

search for pertinent articles, books, and dissertations, a review was conducted of the 

academic literature databases ABI/Inform, Business Source Complete, Dissertations and 

Theses Online, JSTOR, and ProQuest. Key words used to initiate searches included 

social networks, social network analysis, social learning, and organizational learning. 

Combining social networks and social learning primarily produced work focused on 

online networks rather than offline networks. Combining the two also produced results 

from the fields of economics and resource management. Fewer works were found when 

combining organizational learning and social networks. Searches were conducted of 

literature going back 10 to 20 years, plus seminal works from earlier years. Once 

gathered, the documents were reviewed for information that would inform the study. 

References from each document were also examined to determine if there were other 
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sources that might be relevant. Finally, conversations with others were used to obtain 

additional sources and to inform the study. 

Social Networks 

Wasserman and Faust (1994) said that fundamental to network theory is the idea 

that relationships connect social units. Central to network theory is the concept that 

network properties account for network outcomes (Borgatti et al., 2009, 2013; Borgatti & 

Halgin, 2011). Borgatti et al. (2013) set forth that the general “hypothesis of network 

theory is that an actor’s position in a network determines in part the constraints and 

opportunities that he or she will encounter, and therefore identifying that position is 

important for predicting actor outcomes such as performance, behavior or beliefs” (p. 1). 

At the group level, they argued that what transpires for a group of actors occurs partially 

as a “function of the structure of connections among them” (p. 1). Borgatti and Halgin 

(2011) added that “network theory is about the consequences of network variables, such 

as having many ties or being centrally located” (p. 1168). Borgatti et al. (2009) 

maintained that “the default expectation has been that different networks . . . will have 

varying network properties and that these variations account for differences in outcomes 

for the networks (or nodes)” (p. 895).  

Borgatti and Halgin (2011) also stated that implicit to network theory is the 

concept that the “network function is the flow or distribution of information” (p. 1172). 

They identified two features, structure and position, that play a prominent role in network 

theory. For Borgatti and Halgin (2011), network theory is concerned with the interaction 

of network structure with a process and the outcomes that the interaction generates. Their 

emphasis on structure, process, and outcome does not ignore actor agency. In fact, they 
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argued that network theory must incorporate actors’ agency in the creation of the 

network. The issue with this “is that it is not the actors’ intentions and actions leading to 

occupying a certain position that creates the outcome but the actual occupation of the 

position” (p. 1178). 

Early exploration in the field grew out of dissatisfaction with Merton and Parsons’ 

work on structural-functionalism (Cornwell & Laumann, 2016; Mitchell, 1969). Early 

researchers were also interested in “non-quantitative mathematical ways” of exploring the 

“implications entailed in a set relationships among a number of persons” (Mitchell, 1969, 

p. 1). Barnes (1954) recognized the importance of networks in his seminal work Class 

and Committees in a Norwegian Island Parish. He was interested in studying certain 

aspects of social life, mainly the “face-to-face relationships through which a class system, 

if there were one, might operate” (p. 40). He was interested in the organization of 

collective actions (p. 40). Mitchell’s (1969, 1974) work continued the examination of 

social networks. He was interested in using social networks “to interpret behavior in a 

wide variety of social situations” (p. 7). In examining seminal and more recent works, 

some modern scholars are now advocating for a significantly more quantitative approach 

to networks such as the work done in Pentland’s (2014) Social Physics. Pentland (2014) 

argued that innovation is dynamic and is generated by “the flow of ideas within 

networks” (location 133). He took a decidedly quantitative approach to examining the 

flow of ideas which he termed social physics. That being said, Borgatti et al. (2013) noted 

that visualizing network data, drawing a picture, “can provide a qualitative understanding 

that is hard to obtain quantitatively” (p. 100). Scott (2013) provided a succinct outline of 

the development of the field in his work, which can be found in Figure 2.1. 
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Figure 2.1. The lineage of social network analysis (Scott, 2013, p. 12). Reprinted with 

permission from Sage. 

 

 

Definitions 

Barnes (1954), considered by some scholars to be the seminal author on social 

networks, defined them as a system of ties between members who consider each other to 

be approximate social equals (p. 44). Mitchell (1969) defined a social network 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” (p. 2). Kapferer (1969) preferred the term reticulum 

over network because of the many meanings that had been attached to the word network 

(p. 181). He sought to define reticulum egocentrically and articulated it as “the direct 

links radiating from a particular Ego to other individuals in a situation, and the links 

which connect those individuals who are directly tied to Ego, to one another” (p. 182). 
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These early definitions came primarily from the field of anthropology. Barnes and 

Kapferer were social anthropologists and Mitchell was both an anthropologist and a 

sociologist.  

Wasserman and Faust (1994) succinctly defined networks as “the set of actors and 

the ties among them” (location 913). Their definition, like Barnes’ and Mitchell’s, is 

focused on ties. Their work strongly demonstrated both Wasserman’s statistical 

background and Faust’s work as a sociologist in their examination of the “relationships 

among social entities, and the patterns and implications of these relationships” 

(Wasserman & Faust, 1994, location 796). Tichy, Tushman, and Fombrun (1979) used 

Mitchell’s definition in presenting their argument in favor of using social network 

analysis in the study of organizations. Parise (2007) specified the nature of the 

relationship among members of the network when he defined social networks as “the 

informal connections and relationships among people where much knowledge sharing 

occurs and very often where critical work gets accomplished (Gubbins & Garavan, 2005; 

Storberg, 2002)” (p. 360).  

In relationship to social networks, Prell (2012) defined social capital as the “value 

found within social networks as well as the value one gains access to through social 

networks” (location 1325). Scott (2013) argued that while social networks are a form of 

social capital, “they are more than this—they may be, for example, networks of economic 

transactions and political conflicts as well” (p. 8). Prell (2012) defined a social network 

“as a set of relations that apply to a set of actors, as well as any additional information on 

those actors and relations” (location 175). 
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Borgatti et al. (2013), like Parise, emphasized the relationship between 

network actors and outcomes related to the network. They indicated that networks “are 

a way of thinking about social systems that focus our attention on the relationships 

among the entities that make up the system” (p. 22). The relationships between these 

entities, called either actors or nodes, are known as ties or links (Borgatti et al., 2013, 

p. 2).  

Mitchell’s (1969) definition is used because of its emphasis on interpreting social 

behavior. Now that definitions of the construct have been reviewed, it becomes important 

to examine the structural characteristics of networks. 

Social Network Structure 

Scott (2013) stated that “structures are built from relations, and the structural 

concerns of sociology can be pursued through the collection and analysis of relational 

data” (p. 5). Cross, Liedtka, and Weiss (2005) discussed the practical importance of 

understanding network structure. While work has become increasingly collaborative, they 

put forth that organizations must ensure that the right people are communicating at the 

right time. Leaving it to chance reduces the positive effects of networks. They also 

cautioned against the “darker consequences” of collaboration (p. 132). Too many 

meetings can be ineffective and draining. They argued for the undertaking of a strategic 

approach and establishing “the types of social networks that best fit their goals” (p. 132). 

Understanding the structure of a network is necessary for this to happen.  

Tichy et al. (1979) defined structural characteristics as those referring “to the 

overall pattern of relationships between the system’s actors” (p. 509). Wasserman and 

Faust (1994) defined structure as “the presence of regular patterns in relationship” 
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(location 802). Social network analysis “makes it possible to compare and contrast 

formally prescribed and emergent relationships in a coherent fashion” (p. 510). This 

provides an avenue for explaining and predicting organizational behavior.  

While there are many structural elements such as centrality, density, cliques, 

size, etc., this study examined only centrality and density. Centrality is a fundamental 

concept in social network analysis (Prell, 2012; Scott, 2013). It helps determine who is 

important in the network (DeJordy, 2015; Prell, 2012). It also serves as a means for 

accessing resources and influencing “the network by gatekeeping the information in the 

network” (Raider & Krackhardt, 2002, p. 61). Bontis et al. (2002) examined the “stocks 

of learning as those that reside within a level” as well as “the flow of learning across 

levels” (p. 441). They argued that aligning the stocks and flows of organizational 

learning supports positive business performance. Accessing resources and influencing 

the flow of information are fundamental constructs of organizational learning. It is for 

these reasons that centrality was selected as a structural element to examine in this 

study. 

Kapferer (1969) defined density as “the degree of interlinkage between the 

persons” to whom the actor is directly tied (p. 226). Reagans and McEvily (2003) posited 

that strong connections within a dense network facilitate the diffusion of knowledge, and 

Nieves and Osorio (2012) argued that a dense network facilitates the transfer of tacit 

knowledge. For these reasons, density was selected as a structural element to examine in 

this study.  

Centrality. Centrality is a fundamental and commonly used concept in social 

network analysis (Borgatti et al., 2013; Prell, 2012; Scott, 2013). It helps determine who 
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is important in the network (Borgatti et al., 2013; DeJordy, 2015; Prell, 2012). It also 

provides “central actors greater access to information and increased control over 

information flows” (Floyd & Wooldridge, 1999, p. 129). 

Wasserman and Faust (1994) maintained that a central actor is “one who is 

involved in many ties” (location 4817), adding that “central actors must be the most 

active in the sense that they have the most ties to other actors in the network” (location 

4910). Following their definition, central actors can more quickly interact with others and 

more readily gather information. Borgatti et al. (2013) described centrality as “a property 

of a node’s position in a network” and like Wasserman and Faust (1994) focused on the 

contribution the node makes to the network (p. 163).  

Ibarra (1993) also examined the contributions of a central actor but focused on 

centrality as a “structural source of power” (p. 476). She argued that the primary 

difference between formal and informal development of power is “actors’ positions in 

the actual patterns of interaction that define a social network rather than from their 

positions in the formally defined vertical and horizontal division of labor (Monde & 

Eisenberg, 1987)” (p. 476). Tichy et al. (1979) took a different approach and defined 

centrality as “the degree to which relations are guided by the formal hierarchy” (p. 508). 

Continuing her examination of centrality and power, Ibarra (1993) stated that “network 

centrality increases an actor’s knowledge of a system’s power distribution,” allowing 

him or her to “get things done or exercise power within that system (Krackhardt, 1990; 

Pfeffer, 1981)” (p. 494). This view contributed to the decision to measure centrality in 

this study. 



26 

Borgatti et al. (2013) stated that centrality “is not one thing but rather a family of 

concepts” (p. 164). They discussed centrality both “in terms of the contribution the node 

makes to the structure of the network . . . [and] in terms of the advantage that accrues to a 

node by virtue of its position in the network. This is often with respect to things flowing 

through the network, such as information” (p. 164). They argued that centrality falls 

“under the general rubric of social capital concepts, in which a node’s position is a source 

of opportunities and advantage” (p. 164).  

In his overview of social network analysis, Scott (2013) discussed the various 

“approaches to centrality” and indicated that what they most have in common “is a 

concern for the relative centrality of the various points in the graph” (p. 83). This is 

known as point centrality. Other than this commonality, he argued that approaches to 

centrality varied. Scott (2013) maintained that a “point is locally central if it has a large 

number of connections with the other points in its immediate environment” (p. 83). In 

contrast, a point is globally central “when it has a position of strategic significance in the 

overall structure of the network” (p. 83). 

There are four centrality measures: degree, closeness, betweenness, and 

eigenvector/beta centrality (Borgatti et al., 2013; DeJordy, 2015; Prell, 2012). Table 2.1 

provides definitions for each measure and distinctions between them. 
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Table 2.1 

Centrality Measures 

 

Definition Other actors 

Direction  

of ties Network placement 

Degree How well connected; 

direct influence; index 

of exposure to what is 

flowing through the 

network (DeJordy, 

2015). Number of lines 

coming in and out of a 

node: indegree and 

outdegree 

(Sundararajan, 2010). 

Does not 

consider 

degree 

centrality of 

other actors 

(Prell, 

2012). 

Does not 

consider 

direction of 

ties. In and 

outdegree do 

consider 

direction of 

tie (Prell, 

2012). 

Measures 

individual’s 

involvement. 

Indegree reveals 

popularity. 

Outdegree “focuses 

on the expansion of 

the actor’s network” 

(Prell, 2012, location 

2316). 

Betweenness Brokerage, 

gatekeeping, control of 

information (DeJordy, 

2015). 

Does not 

consider 

degree 

centrality of 

other actors 

(Prell, 

2012). 

Considers 

direction of 

ties (Prell, 

2012). 

How often an actor 

rests between two 

other actors (Prell, 

2012, location 

2135). “Placement 

of betweenness 

affords you certain 

advantages” (Prell, 

2012, location 

2119). 

Eigenvector 

and beta 

centrality 

Connection to the well 

connected; a measure 

of popularity and 

power (DeJordy, 2015). 

Considers 

degree 

centrality of 

other actors 

(Prell, 

2012). 

Considers 

direction of 

ties (Prell, 

2012). 

Whether the actor is 

connected to another 

actor who is well 

connected (Prell, 

2012). 

Closeness How far from all 

others; how long 

information takes to 

arrive (DeJordy, 2015). 

Does not 

consider 

degree 

centrality of 

other actors 

(Prell, 

2012). 

Considers 

direction of 

ties (Prell, 

2012). 

Emphasis on actor’s 

independence (Prell, 

2012). 

 

 

 

Of the centrality measures, degree, betweenness, and closeness were selected for 

this study because of their emphasis on flow and information. Cross and Parker (2004) 

discussed degree centrality in terms of “the number of direct connections” an actor has. 

Understanding who is connected and who is not can allow managers to understand who 
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may be overutilized or underutilized as resources within organizations. In a similar 

fashion, Hennig et al. (2012) and Prell (2012) viewed degree centrality as a means of 

measuring activity and involvement. 

DeJordy (2015) stressed access to the diversity of what flows through networks 

and the potential “for synthesizing or controlling those flows” in his discussion on 

betweenness centrality (slide 26). Sundararajan (2010) also highlighted betweenness 

centrality as allowing an “actor to be either a control or conduit for information flow” 

(p. 193). He argued that being a highly central node has a downside. Such a node “can be 

a single point of failure in a network”; specifically, “fully centralized nodes with one or a 

few well connected hubs (those nodes with high betweenness and degree centrality 

scores) can fail suddenly,” whereas decentralized or sparse networks have multiple 

central actors and therefore have a reduced risk of failure (p. 194). A network with a high 

degree of betweenness centrality allows actors to know more of what the other actors 

know. Sundararajan (2010) posited that a fully connected network prohibits the creation 

and diffusion of new information, while sparse networks encourage the spread of 

information. 

Closeness centrality is important in understanding how far an actor is from others 

and how long information takes to arrive (DeJordy, 2015). Cross and Parker (2004) 

indicated that the higher the closeness centrality of an actor, the more likely he or she is 

to hear information sooner. Prell (2012) synthesized the three centrality measures this 

way: degree emphasizes activity, betweenness emphasizes information flow control, and 

closeness emphasizes independence. This independence means that actors who are closer 

to other actors have easier access to information and can “more easily mobilize a 
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network”; they are not as dependent on others and have to use fewer intermediaries to 

access information (Prell, 2012, p. 107). 

Density. Kapferer (1969) defined density as the “degree of interlinkage between 

the persons” to whom the individual is directly tied (p. 226). Tichy et al.’s (1979) 

definition of density is concerned with connectedness and the actual “number of links in 

the network as a ratio of the number of possible links” (p. 508). Toikkanen and Lipponen 

(2011) defined density as “a property of the whole network” that “describes the general 

level of linkage among the nodes” (p. 366). According to Prell (2012), density is 

concerned with the extent to which network actors are linked together. Borgatti et al. 

(2013) also examined density as a measure of cohesion or connectedness and defined it as 

“simply the number of ties in the network, expressed as a proportion of the number 

possible” (p. 150). They argued that density is typically used in a comparative manner. 

Scott (2013) also emphasized the usefulness of density in comparing networks and 

defined the term as “the general level of linkage among the points in a graph” (p. 69). 

There is a general consensus among network scholars in defining density in terms of 

linkages. Figure 2.2 illustrates density comparisons. 

 

Figure 2.2. Density comparison (Scott, 2013, p. 71). Reprinted with permission from Sage. 
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In relation to density and learning, Reagans and McEvily (2003) stated that 

knowledge transfer is more likely to occur between individuals with close contacts and 

that strong connections within a dense network facilitate the diffusion of knowledge. 

Nieves and Osorio (2012) echoed this, stating that a “dense network increases the 

probabilities of developing strong ties and in doing so facilitates the transfer of tacit 

knowledge, which can have a positive impact on innovative performance (Koka & 

Prescott, 2008)” (p. 66). 

Toikkanen and Lipponen (2011) examined networked learning and found “a 

strong negative correlation between density and network size: the larger the network, the 

smaller the density value tends to be” (p. 366). They found that  

Density holds no bearing on the quality of the learning process, and as it is 

strongly correlated to group sizes, using it to compare groups of different sizes is 

actually misleading. If it has some bearing on collaborative NL [networked 

learning], its correlation seems to be in fact negative, the reverse of what most 

previous studies assume. (p. 377)  

In their work on network effects on learning during emergency events, Hamra, 

Wigand, Hossain, and Owen (2014) found that communication path density may be 

relevant to learning. They summarized that “previous studies have shown that dense 

networks are favourable for diffusion of innovation (Coleman et al., 1966), intellectual 

performance (Coleman, 1988) and knowledge sharing (Cross & Cummings, 2004)” 

(p. 388). Like Reagans and McEvily (2003), they found that dense networks strengthen 

links between actors and strong links facilitate the transfer of tacit and complex 

knowledge. On the other hand, they argued that high-density networks can promote 

uniformity, which may inhibit the reception of new information. 
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Types of Networks 

Wasserman and Faust (1994) described two types of networks: one-mode 

networks, those with a single set of actors, and two-mode networks, which focus on 

either two sets of actors or one set of actors and one set of events (location 1424). “The 

number of modes in a network refers to the number of distinct kinds of social entities in 

the network” (Wasserman & Faust, 1994, location 1438). 

Parise (2007) also identified two types of networks: bounded and ego (p. 365). In 

bounded networks, actors are predetermined by stakeholders such as senior management 

or human resources. Ego networks are personal and not predetermined by an external 

stakeholder; the individual is at the center of the network (Parise, 2007; Haythornthwaite 

& de Laat, 2010). Parise (2007) further defined network types to include information 

networks focused on connectivity; decision-making networks, which are important in 

understanding the location of power; idea generation networks, which are important in 

understanding innovation; and trust networks, which can provide a sense of corporate 

culture (p. 365). Cross and Parker (2004) also identified information networks as a type 

along with problem-solving networks, which “can identify experts and a capacity for 

innovation that information flow diagrams do not” (p. 45). 

Cross and Thomas (2009) identified two types of networks that allow 

organizations to detect both challenges and opportunities as well as to direct the 

appropriate response (p. 11). The first type is a customized response network, fostered to 

rapidly define a problem and “coordinate relevant expertise in response” (Cross & 

Thomas, 2009, p. 11). Customized response networks are characterized by decentralized 

decision rights and information access and are focused on output. The second type is a 
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routine response network, which functions best when work is standardized and solutions 

and problems are relatively predictable (Cross & Thomas, 2009, p. 11). Routine response 

networks are focused on reliability of delivery, and decision rights are embedded in 

structure. 

Table 2.2 summarizes the social network literature. 

 

Table 2.2 

Summary of Social Network Literature 

Author 

Social network 

component Main argument 

Borgatti et al., 2009, 

2013; Borgatti & 

Halgin, 2011 

Social network 

theory 

Network properties account for network 

outcomes 

Borgatti & Halgin 

(2011)  

Social network 

theory 

The “network function is the flow or 

distribution of information” (p. 1172).  

Barnes (1954) Social network 

definition 

System ties between members who consider 

each other to be approximate social equals.  

Mitchell (1969) Social network 

definition 

“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” (p. 2). 

Wasserman &  

Faust (1994) 

Social network 

definition 

“The set of actors and the ties among them” 

(location 913). 

Parise (2007) Social network 

definition 

“The informal connections and relationships 

among people where much knowledge sharing 

occurs and very often where critical work gets 

accomplished (Gubbins & Garavan, 2005; 

Storberg, 2002)” (p. 360).  

Prell (2012) Social network 

definition 

“A set of relations that apply to a set of actors, 

as well as any additional information on those 

actors and relations” (location 175). 

Prell (2012) Relationship 

between social 

networks and social 

capital 

Social capital is the “value found within social 

networks as well as the value one gains access 

to through social networks” (location 1325).  

Scott (2013) Relationship 

between social 

networks and social 

capital 

While social networks are a form of social 

capital, “they are more than this—they may be, 

for example, networks of economic transactions 

and political conflicts as well” (p. 8).  
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Author 

Social network 

component Main argument 

Scott (2013) Structural elements “Structures are built from relations, and the 

structural concerns of sociology can be pursued 

through the collection and analysis of relational 

data” (p. 5).  

Cross et al. (2005)  Structural elements Leaving structure to chance reduces the positive 

effects of networks. 

Cross et al. (2005)  Structural elements There are “darker consequences” of too much 

collaboration (p. 132). A strategic approach 

should be taken and networks should be 

established that best fit organizational goals.  

Tichy et al. (1979)  Structural elements Structural characteristics are those referring “to 

the overall pattern of relationships between the 

system’s actors” (p. 509).  

Wasserman &  

Faust (1994) 

Structural elements Structure is “the presence of regular patterns in 

relationship” (location 802).  

Wasserman &  

Faust (1994) 

Types of networks Two types: one-mode and two-mode networks. 

One-mode are those with a single set of actors. 

Two-mode networks are focused on either two 

sets of actors or one set of actors and one set of 

events.  

Parise (2007) Types of networks Two types: bounded and ego. In bounded 

networks actors are predetermined by 

stakeholders. Ego networks are personal and not 

predetermined by an external stakeholder; the 

individual is at the center of the network 

(Parise, 2007; Haythornthwaite & de Laat, 

2010).  

Parise (2007) Types of networks Multiple types of networks: information 

networks focused on connectivity; decision-

making networks important in understanding 

the location of power; idea generation networks 

important in understanding innovation; and trust 

networks that can provide a sense of corporate 

culture. 

Cross &  

Thomas (2009) 

Types of networks Two types: customized response networks 

characterized by decentralized decision rights 

and information access, with a focus on output; 

routine response networks focused on reliability 

of delivery, with decision rights embedded in 

structure. 

 



34 

Organizational Learning 

Literature Streams 

Efficiency versus social processes. The organizational learning literature can be 

divided into several streams or traditions. Easterby-Smith and Lyles (2011) put forth that 

the literature emphasizes either efficiency or the social processes of organizational 

learning (p. 12). They highlighted the special edition of Organization Science in 1991 as 

being extremely influential and said that many of the articles contained therein 

emphasized maximizing “the efficient use of knowledge in organizations” (p. 11). Huber 

(1991), in the special edition, highlighted efficiency by stating that “an organization 

learns if any of its units acquires knowledge that it recognizes as potentially useful to the 

organization” (p. 89). Interestingly enough, the same issue of Organization Science 

introduced the “alternative tradition that regards the social processes of organizational 

learning as pre-eminent” (p. 12). Schwandt and Marquardt (2000) argued that in addition 

to being process oriented, organizational learning is extremely dependent upon social 

interaction within an organization (p. 31). 

Behavior versus cognition. Other frameworks explored behavioral or cognitive 

change (Argyris & Schön, 1996; Crossan et al., 1999; Vera, Crossan, & Apaydin, 2011). 

Argyris and Schön (19996) articulated the relationship by recognizing “the importance of 

distinguishing between coming to see things in new ways and coming to act on the basis 

of insight” (p. xxiii). Vera et al. (2011) examined the interrelationship between the two 

and concluded “that the learning process encompasses both cognitive and behavioral 

change. Individuals and groups learn by understanding and then by acting or by acting 

and then interpreting (Crossan, Lane, White, and Djurfeldt, 1995)” (p. 154). Argote and 
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Miron-Spektor (2011) argued that the difficulty in assessing changes in cognition led the 

cognitive approaches, which had been popular in the 1990s, to “increasingly being 

complemented by practice” approaches (p. 1124). Argote (2013) put forth that the debate 

as to “whether organizational learning should be defined as a change in cognitions or in 

behavior” has largely declined and that many scholars now agree with “defining 

organizational learning as a change in the organization’s knowledge that occurs as a 

function of experience (e.g., Fiol & Lyles, 1985)” (p. 30). 

Levels of learning. The literature on organizational learning has also examined 

learning at the individual level versus multilevel learning (Argyris & Schön, 1978; 

Crossan et al., 1999; March, 1991; Popper & Lipshitz, 2000). Argyris and Schön (1978) 

noted that “it is the individuals who decide and act, but they do these things on behalf of 

the collectivity, as its agents” (p. 9). Crossan et al. (1999) argued that organizational 

learning is multilevel and occurs at the individual, group, and organization level (p. 523). 

“There is evidence that collective learning can perform better than the sum of 

individual learning, as demonstrated by the studies of organizational learning (Senge 

1990, Argyris and Schön 1996)” (Reed et al., 2010, para. 3). Organizational learning is 

more than the sum of individual learning; it is reliant on the “social synergy . . . that adds 

value to the knowledge creation process” (Schwandt & Marquardt, 2000, p. 22). Argote 

and Miron-Spektor (2011) contended that while individual learning is necessary for the 

other levels of learning, it is also insufficient for those levels. “For learning to occur at 

these higher levels of analysis, the knowledge the individual acquired would have to be 

embedded in the supraindividual repository so that others can access it” (Argote & 

Miron-Spektor, 2011, p. 1126). 
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Definitions 

Regardless of the stream or tradition being followed, most definitions of 

organizational learning address change, experience, or routines (Argote, 2011; Argote & 

Miron-Spektor, 2011; Argyris & Schön, 1996; Crossan et al., 1999; Easterby-Smith & 

Lyles, 2011; Levinthal & March, 1993; Levitt & March, 1988; Weick & Quinn, 1999). 

Vera et al. (2011) addressed all three when they defined organizational learning as “the 

process of change in individual and shared thoughts and action” (p. 154). They argued 

that when learning becomes institutionalized, “organizational learning occurs and 

knowledge is embedded in non-human repositories such as routines, systems, structures, 

culture, and strategy” (p. 154).  

Argote and Miron-Spektor (2011) also addressed change and experience and 

defined organizational learning as “a change in the organization’s knowledge that occurs 

as a function of experience” (p. 1124). Argote (2011) explained that this knowledge can 

be tacit or explicit and can manifest itself as “changes in cognition, routines and 

behaviors” (p. 440). Huber (as cited in Argote, 2013) recognized that knowledge can be 

acquired without an equivalent change in behavior and “defined organizational learning 

as a change in the range of potential behaviors” (p. 30). Marquardt (2011) also 

maintained that organizational learning built upon past knowledge and experience.  

Argyris and Schön (1996) put forth that organizational learning “refers broadly to 

an organization’s acquisition of understandings, know-how, techniques, and practices of 

any kind and by whatever means” (p. xxi). They further articulated that it occurs when 

members of an organization encounter a problem and seek to resolve it on behalf of the 

organization (Argyris & Schön, 1996, p. 16). This inquiry enables the development of 
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organizations when learning is embedded in identity and culture (Argyris & Schön, 1996; 

Schwandt & Marquardt, 2000). Gephart, Marsick, Van Buren, and Spiro (1996) argued 

that the primary purpose of organizational learning is to make companies more adaptive 

and responsive to changes in the environment (p. 45). 

Organizations build experience as they learn. Lyles and Schwenk (1992) used the 

term experience to describe “an organization’s contact with the environment which forms 

the basis for knowledge structures” (p. 164). Over time these experiences become 

increasingly complex and embedded in hierarchical structure (Lyles & Schwenk, 1992, 

p. 163). How members respond to change is impacted by their ability to access and 

retrieve embedded elements. Lyles and Schwenk (1992) argued that the more experience 

an organization gains, the more expertise it develops. As it does so, the organization 

builds a knowledge structure that allows it to respond to “a greater number of new 

situations and problems” (Lyles & Schwenk, 1992, p. 164). 

Schwandt (as cited in Schwandt & Marquardt, 2000) defined organizational 

learning as “a system of actions, actors, symbols, and processes that enables an 

organization to transform information into valued knowledge which in turn increases its 

long-run adaptive capacity” (p. 43). Popova-Nowak and Cseh (2015) also emphasized 

organizational knowledge when they defined organizational learning as “a social process 

of individuals participating in collective situated practices and discourses that reproduce 

and simultaneously expand organizational knowledge” (p. 316).  

Taking a different approach, Levinthal and March (1993) posited that 

organizational learning is a balance between exploration and exploitation. Exploration 

can be seen in terms of developing new knowledge, while exploitation focuses on 



38 

developing and using what is already known. In a similar fashion, Crossan et al. (1999) 

defined organizational learning as a dynamic process that “occurs over time and across 

levels” that “creates a tension between assimilating new learning” and exploiting what 

has already been learned (p. 532). They argued that recognizing and managing this 

tension becomes “a central requirement in the theory of organizational learning” (p. 522). 

Their definition is one of the few that stresses that organizational learning is multilevel, 

occurring at individual, group, and organizational levels (p. 523). 

Table 2.3 summarizes the organizational learning literature. 

 

Table 2.3 

Summary of Organizational Learning Literature 

Author 

Organizational  

learning component Main argument 

Easterby-Smith & 

Lyles (2011)  

Literature stream Efficiency: emphasizes maximizing “the efficient 

use of knowledge in organizations” (p. 12). 

Schwandt & 

Marquardt (2000) 

Literature stream Social processes: dependent upon social 

interaction within an organization. 

Argyris & Schön 

(1996)  

Literature stream Behavioral change: “coming to act on the basis of 

insight” (p. xxiii). 

Argyris & Schön 

(1996)  

Literature stream Cognitive change: “coming to see things in new 

ways” (p. xxiii). 

Argote (2013) Literature stream The debate as to “whether organizational learning 

should be defined as a change in cognitions or in 

behavior” has largely declined and many scholars 

now agree with “defining organizational learning 

as a change in the organization’s knowledge that 

occurs as a function of experience (e.g., Fiol & 

Lyles, 1985)” (p. 30). 

Argyris & Schön 

(1996)  

Levels of learning “It is the individuals who decide and act, but they 

do these things on behalf of the collectivity, as its 

agents” (p. 9).  

Crossan et al. 

(1999) 

Levels of learning Organizational learning is multilevel and occurs at 

the individual, group, and organization levels. 

Reed et al. (2010) Levels of learning “Collective learning can perform better than the 

sum of individual learning, as demonstrated by the 

studies of organizational learning (Senge 1990, 

Argyris and Schön 1996)” (p. 4).  



39 

Author 

Organizational  

learning component Main argument 

Schwandt & 

Marquardt (2000) 

Levels of learning Organizational learning is more than the sum of 

individual learning; it is reliant on the “social 

synergy . . . that adds value to the knowledge 

creation process” (p. 22). 

Argote & Miron-

Spektor (2011) 

Levels of learning While individual learning is necessary for the 

other levels of learning, it is also insufficient for 

those levels.  

Vera et al. (2011)  Definition “The process of change in individual and shared 

thoughts and action” (p. 154).  

Argote & Miron-

Spektor (2011) 

Definition “A change in the organization’s knowledge that 

occurs as a function of experience” (p. 1124).  

Argyris & Schön 

(1996)  

Definition “Refers broadly to an organization’s acquisition of 

understandings, know-how, techniques, and 

practices of any kind and by whatever means” 

(p. xxi). 

Schwandt (as cited 

in Schwandt & 

Marquardt, 2000)  

Definition “A system of actions, actors, symbols, and 

processes that enables an organization to 

transform information into valued knowledge 

which in turn increases its long-run adaptive 

capacity” (p. 43).  

Levinthal & 

March (1993)  

Definition A balance between exploitation and exploration, 

that is, balancing between what is already known 

and developing new knowledge. 

Crossan et al. 

(1999) 

Definition A dynamic process that “occurs over time and 

across levels” that “creates a tension between 

assimilating new learning” and exploiting what 

has already been learned (p. 532).  

 

 

Intersection of Networks and Learning 

Borgatti and Cross (2003) argued that there has been a relatively small amount of 

research into “organizational learning as a function of relationships,” which they found to 

be “surprising given the importance of social relationships for acquiring information” and 

“learning how to do one’s work” (p. 433). Much of the literature that explores the 

relationship between networks and learning comes from economics (Acemoglu, Dahleh, 

Lobel, & Ozdaglar, 2011; Bowden & McDonald, 2008; Chandrasekhar, Larregey, & 
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Xandri, 2012; Lamberson, 2010) or resource management (Pahl-Wostl, Mostert, & 

Tabara, 2008; Pahl-Wostl et al., 2007) or is focused on online networks as opposed to 

offline networks (Churcher et al., 2014; Rienties et al., 2013; Sheffield, 2014; 

Sundararajan, 2010).  

Borgatti and Cross (2003) conducted an empirical study of the social network data 

of two different global pharmaceutical organizations by exploring dyadic relationships. 

The purpose of their study was to contribute to the organizational learning literature by 

examining which types of relations contribute to information flow and learning in 

networks (p. 433). They asked participants to complete a questionnaire concerning the 

relational characteristics of knowing, value, access, cost, and information. They also 

collected demographic information to include the participant’s location in the hierarchical 

structure of the organization. They found that three of the relational characteristics 

identified above—knowing what another person knows, valuing that knowledge in 

relation to one’s own work, and having access to the individual in a timely manner—

were “predictive of the behavior of information seeking” (p. 440). They concluded that if 

information seeking results from the characteristics they proposed, then it is possible to 

assess which relation—knowing, value, or access—is problematic for any given network 

(p. 443). This has practical implications for opening the flow of information, which could 

enhance the capability to innovate.  

Moll and Greenberg (1990) conducted a three-pronged research project that 

examined the social histories of multiple households and aimed “to derive instructional 

innovations from such an analysis” (location 8240). Their study included an ethnographic 

analysis of the households, an experiment at an after-school laboratory, and case studies 
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of classroom instruction. Following Vygostky, they considered the households to be 

zones of proximal development and the after-school laboratory as a “mediating” structure 

(location 8256). Moll and Greenberg (1990) concluded that “by developing social 

networks that connect classrooms to outside resources, by mobilizing funds of 

knowledge, we can transform classrooms into more advanced contexts for teaching and 

learning” (location 8835).  

Sundararajan (2010) utilized social network analysis to identify factors that 

impacted learning and collaboration at the individual level in chat and bulletin board 

conversations in a computer-supported collaborative learning system. He found that at the 

beginning of a course, the instructor was the most knowledgeable other (MKO) and 

“entrusted with the charge of helping the student(s) cover the Zone of Proximal 

Development (ZPD) for a particular subject area” (p. 204). As the course progressed, he 

found that students’ knowledge levels increased, as did their willingness to share 

knowledge with their peers, which facilitated the rise of student MKOs. Sundararajan 

(2010) argued that being able to identify and nurture peer MKOs could create an 

environment that could lead to increased learner participation and engagement (p. 205).  

Churcher et al. (2014) advocated for further discussion on how existing learning 

theories at the individual level can integrate collaborative media and social networking 

sites to enhance learning. They stated that “pedagogically speaking, the theory of social 

constructivism, with its emphasis on groups in the construction of knowledge to promote 

learning, is a natural pairing for how to use social media” (p. 34). Churcher et al. (2014) 

conducted two case studies to study the reactions and outcomes of using collaborative 
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media (p. 37). They found the social benefit of using collaborative media manifested “in 

the shared experiences, discussions and self-disclosure of the students” (p. 46).  

Addicott, McGirven, and Ferlie (2006) conducted an organizational process study 

of the impact of multiple managed clinical cancer networks to test whether networks 

increased the capacity to transfer knowledge and expedite organizational learning. They 

used three qualitative methods to collect data and triangulate the results: semistructured 

interviews, observation, and document analysis. The study analyzed networks’ responses 

to three key issues—structural reconfiguration, budgetary allocation, and training and 

education activity—in order to gain an awareness of the networks’ impact (p. 88). The 

authors found that competition for resources impeded knowledge sharing across 

boundaries. They also found that while some knowledge was shared during the creation 

of networks, formal networks corroded the pre-existing informal networks. Addicott et al. 

(2006) concluded that knowledge management and organizational learning were 

diminished due to the networks’ focus on lengthy restructuring activities and work to 

meet network-imposed performance measures.  

Argote (2013) expanded on the framework of Arrow, McGrath, and Berdahl 

(2000) regarding organizations and context. Organizational elements included “members, 

tools and tasks, and the networks formed by crossing the basic elements” (Argote, 2013). 

Further, the “member-member network is the organization’s social network” (Argote, 

2013, p. 33). She expanded on this and argued that the elements, including networks, 

were the principal means through which organizational learning takes place. She stated 

that “knowledge acquired by learning” can be embedded in context and that networks are 
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considered an active context (Argote, 2013, p. 33). The addition of the knowledge 

changes the context, in this case the network, which impacts future learning.  

Organizational structure and its effects on organizational learning have been 

studied. Jansen et al. (2006) contended that a centralized structure has a negative effect 

on exploration but did not support exploitation to the degree anticipated. However, they 

found that a degree of connectedness between units was an antecedent for both 

exploration and exploitation. Fang et al. (2010) indicated that structure is a possible 

“mechanism for managing the balance between exploration and exploitation” (p. 627). 

They used the example of Steve Jobs separating the division responsible for developing 

the Macintosh computer from the rest of the organization. Fang et al. (2010) argued that 

decentralizing learning processes to organizational subunits encouraged exploration and a 

more diverse collection of solutions. Conducting a series of simulations to study how 

“interpersonal network structure affects organizational learning” (p. 631), they found 

“that subgroup structure, which fosters the diversity of ideas or beliefs within an 

organization, is conducive to learning as long as there is a small fraction of random, 

cross-group links” (p. 633). They concluded that specific structural design could maintain 

a balance between exploration and exploitation. That design could be achieved “by 

breaking an organization down into small semiautonomous subunits with a small fraction 

of cross-group links” (p. 636).  

Tsai (2001) examined organizational learning utilizing a network perspective 

conducted at the unit level. He stated that organizational units occupying central network 

positions experience increased innovation and enhanced performance. Network position, 

however, was moderated by the organizational unit’s absorptive capacity. Tsai (2001) 
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defined absorptive capacity as the “ability to successfully replicate new knowledge” 

(p. 996). He concluded that both network position and absorptive capacity are critical for 

an organizational unit to gain knowledge. 

In their work on interfirm networks, Shipilov and Li (2014) argued that in relation 

to organization learning, “boundaries between intraorganizational units, such as 

departments or divisions, are necessary consequences of organizational tendency toward 

internal specialization; however, these boundaries also make these units inward-looking 

entities that communicate internally more frequently than they do across departmental 

boundaries (Argote & Ophir, 2002)” (p. 99). They stated that it was important to 

understand how formal intraorganizational boundaries influence “the transfer of 

information and routines inside the firms” (p. 99). Shipilov and Li (2014) also echoed 

Tsai (2001) in arguing that “formal intraorganizational boundaries . . . increase the 

intensity of information and knowledge exchange within function units” rather than 

between units (p. 101). 

Vohra and Thomas (2016) noted that previous studies failed to simultaneously 

examine organizational learning across different levels and so took a multilevel approach 

in their study. They focused on how informal relationships influenced organizational 

learning, using social network analysis to study the organizational learning subprocesses 

of information acquisition and distribution. To measure information acquisition, they 

used indegree centrality at the individual level, density at the group level, and the 

centralization index at the organizational level. To measure information distribution, they 

used outdegree centrality at the individual level, density at the group level, and network 

centralization at the organizational level. They found that for information acquisition, 
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higher indegree centrality at the individual level was better. Higher density was also 

better at the group level, while a lower centralization index was better at the 

organizational level. For information distribution, they found at the individual level 

higher outdegree centrality was better. At the group level, higher density was better, and 

a lower centralization index was better at the organizational level. They argued that 

understanding the “structure and patterns of learning . . . helps identify key players who 

can either become facilitators or bottlenecks of information” and that this information 

“should be a standard aid for managers while making decisions” (p. 598). 

Methodologies 

A work frequently cited by scholars interested in conducting social network 

analysis is Wasserman and Faust’s (1994) Social Network Analysis. They took a strictly 

quantitative approach to social network analysis. Their goal in writing the book was to 

present a wide range of methods and to provide “guidance in selecting the most 

appropriate method for a given research application” (location 749).  

Cross and Parker (2004) approached social network analysis from a consultant’s 

point of view. They provided a framework of six steps in conducting and interpreting a 

social network analysis intended to provide specific actions the impacted organization 

could take to improve a process. The first step was to identify a strategically important 

group “in which effective collaboration is important for the organization” (p. 144). After 

the group was identified, it was important to “assess meaningful and actionable 

relationships” (p. 147). This constituted the data collection phase. Cross and Parker 

(2004) also took a quantitative approach to this step and provided several survey 

examples in their work. The third step was to visually analyze the data using a network 
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software package such as “UCINET, NetDraw, and Pajek” (p. 154). Their fourth step was 

the quantitative analysis of the results. Their fifth step brought in qualitative research to 

conduct interviews to gain a better understanding of the network dynamics. Their sixth 

and final step was to assess effectiveness and progress by repeating the process 6 to 9 

months later to determine whether or not there had been a change in the network. 

Reagans, Argote, and Brooks (2005) examined predicted learning rates by looking 

at data from archival sources. They identified three factors that affect learning rates: 

individual proficiency, individuals’ ability to benefit from the knowledge of others, and 

“the capacity for coordinated activity inside the organization” (p. 869). Their quantitative 

study was set in an orthopedic department in a teaching hospital, and they looked at 

individual and team experience. Utilizing “reductions in procedure time as an indicator of 

organizational learning” (p. 872), they found that an increase in experience was 

associated with a shorter procedure completion time (p. 874). 

Rodan (2008) conducted a simulation to “explore the impact of network structure 

and individual choice heuristics on a mutual learning system” (p. 224). The object of the 

simulation was to “determine the effect at the organizational level of different network 

structures and individual learning strategies. The outcome of interest was some measure 

of collective learning” (p. 234). Rodan (2008) followed March (1991) and defined 

learning as “an increase in the accuracy of the collective’s knowledge about the 

environment” (p. 225). In this study, he measured organizational knowledge “as the 

average level of knowledge across all agents” (p. 234). He found that ego network degree 

had a slight but not statistically significant positive effect on “learning if individuals’ 

propensity to experiment is unaffected by the constraint of a dense local network” 
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(p. 244). He also found that where network autonomy was required, a high ego network 

degree was counterproductive (p. 244). Rodan (2008) argued that collective learning was 

possible through repeated interactions between individuals and that learning did not 

require “the organizational infrastructure of standard operating procedures and routines 

(represented in March’s model by the organizational code)” (p. 244). 

Hamra et al. (2014) conducted a social network analysis to study the network 

effects on learning during crisis events. They also used archival source data and 

conducted their study at the individual level of analysis. Their results suggested that 

network structure did play a critical role in learning and performance (p. 392). Hamra et 

al. (2014) argued “that the structure of an organization provides a basis for understanding 

the patterns of learning of members within emergency management” (p. 393). Their 

results suggested that personnel with denser networks were better able to adapt 

appropriately to threats compared with those with less dense networks (p. 393). 

Additionally, their research suggested that decentralized structures are more conducive to 

learning than centralized structures are (p. 394). 

Hansen (2002) conducted a quantitative study aimed at using knowledge networks 

to develop an understanding of why some business units are able to utilize knowledge 

that resides in other parts of the organization and why others are not able to do so. 

Hansen (2002) began his study with open-ended interviews used to develop survey 

instruments. He surveyed both research and development managers and project managers 

in a large electronics company. Hansen (2002) proposed two main arguments in his 

study: (1) task teams with short paths in a knowledge network are more likely to acquire 

knowledge from other business units than are teams with longer paths, and (2) a focal 
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unit with direct established relations in a network is both a benefit and a detractor to the 

unit’s success. Findings showed that direct established relations were a benefit when the 

knowledge to be transferred among units was noncodified and a detriment if the 

knowledge was codified. This finding ties back to Crossan et al.’s (1999) examination of 

institutionalization.  

Willem and Buelens (2006) conducted a quantitative survey study of public-sector 

workers in Belgium. Their level of analysis “was a cooperative episode between two 

departments” based on responses from individuals (Willem & Buelens, 2006, p. 588). 

Willem and Buelens (2006) argued that, to be exploited, knowledge must be shared 

among different departments (p. 581). They found that little work had been done on 

knowledge management in public-sector organizations despite the fact that they were 

knowledge-intensive organizations. They examined how public-sector organizations were 

designed and what coordination mechanisms existed within them. From there, Willem 

and Buelens (2006) developed propositions that suggested that “informal and lateral 

coordination should complement each other for intense knowledge sharing in cooperative 

episodes” (p. 587). Willem and Buelens (2006) did not find that bureaucratic effects 

negatively impacted knowledge sharing (p. 596). They did find that lateral coordination 

was critical to the effectiveness of knowledge sharing and that informal coordination led 

to more effective knowledge sharing (Willem & Buelens, 2006, p. 596).  

Social network analysis lends itself to quantitative research, while organizational 

learning theory may best be approached through either quantitative or qualitative 

examination. The conceptual framework supported the research study by providing a 

quantitative approach to the research question, which allowed for a generalizable 
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understanding of the relationship between social network structures on organizational 

learning at the organizational level.  

Conceptual Framework 

The conceptual framework was based on social network theory (Borgatti et al., 

2009, 2013; Burt, 1980) and organizational learning theory (Argote & Miron-Spektor, 

2011; Crossan et al., 1999; Huber, 1991). This study used Mitchell’s (1969) definition of 

a social network 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” (p. 2). Organizational learning 

theory is grounded in the work of Crossan et al. (1999).  

Social Network Theory 

Wasserman and Faust (1994), in their seminal work covering social network 

methodology, set forth the following basic assumptions of the network perspective: 

(a) actors and their actions are interdependent, not independent; (b) relational ties are 

channels for the flow of resources; (c) network models focus on whether or not the 

structural environment constrains or encourages opportunities for action; and 

(d) “network models conceptualize structure . . . as lasting patterns of relations among 

actors” (location 824). Grounding their work in the social and behavioral science 

communities, Wasserman and Faust (1994) argued that “social network analysis provides 

a precise way to define important social concepts, a theoretical alternative to the 

assumption of independent social actors, and a framework for testing theories about 

structured social relationships” (location 1055). 
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Network structure. Understanding network structure is important to the conduct 

of any network analysis. Borgatti et al. (2013) argued that “the structure of the network 

and the position of the individual nodes within it are crucial factors in predicting 

outcomes” (p. 7). While there are many structural components such as centrality, density, 

cliques, size, etc., this study examined only centrality and density. Centrality is a 

fundamental concept in social network analysis (Prell, 2012; Scott, 2013). It helps 

determine who is important in the network (DeJordy, 2015; Prell, 2012; Robins, 2015; 

Wasserman & Faust, 1994). Kapferer (1969) defined density as the “degree of 

interlinkage between the persons” to whom ego (the focal actor) is directly tied (p. 226). 

Boissevain (1979) defined interlinkages as either “outward links between individuals and 

between groups” or “inward links, setting out the interrelations between members of a 

group or other unit of analysis” (p. 392).  

Cross and Thomas (2009) took a practice-based approach to density and argued 

that decreasing the density of a decision-making network dramatically decreases “the 

number of costly and time-consuming interactions with extraneous roles” (p. 97). Degree 

of multiplexity is measured by dividing the number of multiplex relationships (two or 

more exchanges) by the “total number of all relevant relationships” (Kapferer, 1969, 

p. 226).  

Tichy et al. (1979) added size as another structural characteristic and defined it as 

the number of participants in the network (p. 508). Their definition of density is more 

similar to Kapferer’s (1969) definition of span than to his definition of density. Pentland 

(2013) found that maintaining a balance in network density and diversity facilitated the 

flow of ideas (p. 82).  
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While researchers have identified multiple structural characteristics, this study 

focused primarily on network centrality and density since they appear in many key works 

on social networks and are measures of whole networks, which this study examined, 

versus ego networks (Cross & Thomas, 2009; Kapferer, 1969; Tichy et al., 1979).  

Organizational Learning Theory 

The 4I Framework of Organizational Learning. Crossan et al. (1999), in their 

Academy of Management Review Article of the Decade, argued that managing the tension 

between exploration and exploitation is “a central requirement in a theory of 

organizational learning” (p. 522). They proposed a framework of organizational learning 

that contained the four subprocesses of intuiting, interpreting, integrating, and 

institutionalizing (p. 524). Their framework occurs on three levels: individual, group, and 

organization (Table 2.4).  

 

Table 2.4 

Learning/Renewal in Organizations: Four Processes Through Three Levels  

Level Process Inputs Outcomes 

Individual Intuiting Experiences 

Images 

Metaphors 

 
Interpreting Language 

Cognitive map 

Conversation/dialogue 

Group Integrating Shared understandings 

Mutual adjustment 

Interactive systems 

Organization  Institutionalizing  Routines 

Diagnostic systems 

Rules and procedures 

Note: Reprinted with minor modifications from Crossan et al., 1999, p. 525, with permission 

from the Academy of Management. 

 

 

“Intuiting is the preconscious recognition of the pattern and/or possibilities 

inherent in a personal stream of experience (Weick, 1995b; 25)” (p. 525). Largely a 

subconscious process, intuiting seeks to understand “how people come to discern and 
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comprehend something new, for which there was no prior explanation” (p. 526). Crossan 

et al. (1999) put forth that intuiting is a “process of (past) pattern recognition” (p. 526). 

This is closely related to Dewey’s continuum of experience, which indicated that all 

experience comes from that which preceded it and that all knowledge gained alters in 

some way that which comes after (Dewey, 1938, location 308). Crossan et al. (1999) 

stated that there are two types of intuition. The first, expert intuition, emphasizes pattern 

recognition and supports exploitation (p. 526). The second, entrepreneurial intuition, is 

more concerned with innovation and change and supports exploration (p. 526).  

Interpreting is the explanation of an idea or insight to one’s self and to others 

(p. 525). Interpreting moves from the subconscious, where intuiting resided, into the 

consciousness of the individual learning processes (p. 528). Interpreting takes place in 

relation to context. It is a social activity that creates shared meaning and understanding 

(p. 528). Interpreting occurs at the individual and group level. 

Integrating “is the process of developing shared understanding among individuals 

and taking coordinated action through mutual adjustment” (p. 525). Integrating moves 

from the individual to the group level. Context is as important with integrating as it is 

with interpreting. Crossan et al. (1999) argued that understanding learning requires “one 

to study and understand the situation” in which it occurs (p. 529).  

Institutionalizing, the fourth process, occurs at the organization level. It is the 

“process of embedding learning that has occurred by individuals and groups into the 

organization, and it includes systems, structures, procedures, and strategy” (p. 525). It has 

been argued that organizational learning is more than the sum of individual learning 

(Argote & Miron-Spektor; Casey, 2005; Crossan et al., 1999; Easterby-Smith & Lyles, 



53 

2011). Individuals may leave an organization, but what they have learned does not 

necessarily depart with them. Crossan et al. (1999) stated that “some learning is 

embedded in the systems, structures, strategy” and routines of the organization (p. 529). 

Thus, institutionalization is a way to manage the learning of individuals in an 

organization. The challenge becomes balancing what has become institutionalized 

(exploitation) with new learning (exploration).  

Relationship Between Social Network and Learning Theories 

An existing relationship between social network and learning theories was found, 

primarily social learning, in the field of economics. Acemoglu, Dahleh, Lobel, and 

Ozdaglar (2011) provided a comprehensive review of the networks and social learning 

literature from an economics perspective. Their review of the literature focused first on 

Bayesian learning, in which “an individual receives a signal about the underlying state of 

the world, observes the past actions of a stochastically generated neighborhood of 

individuals, and chooses one of two possible actions” (p. 1201). In contrast to much of 

the literature they reviewed, Acemoglu et al. (2011) argued that agents do not observe all 

past actions; rather, they observe “the actions of other agents according to the structure of 

the social network”—that is, they can only observe what network structure makes visible 

and are unable to observe actions that the network obscures (p. 1206). The second branch 

of literature reviewed by Acemoglu et al. (2011) was rule of thumb learning, which 

“considers both learning from past actions and from pay-offs (or directly from beliefs)” 

(p. 1205).  

Chandrasekhar, Larreguy, and Xandri (2012) also assessed Bayesian and rule of 

thumb learning. They argued that, particularly in developing nations, social connections 
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provide information and opportunities that would otherwise not present themselves due to 

a lack of formal institutions and markets (p. 1). They conducted an experimental study to 

determine which process better describes learning (p. 2). Chandrasekhar et al. (2012) 

analyzed data at both the network level and the individual level and found that rule of 

thumb models provided a better explanation of the data at both levels, but the difference 

between the two was less significant at the network level (p. 3).  

Bowden and McDonald (2008) also concluded that network structure influences 

the flow of information (p. 290). Their review of the literature found that when all actors 

in a network engaged in social learning and followed the same information regardless of 

private signals, the result was an information cascade (p. 290). They indicated that such a 

cascade is not sustainable in the long term because expectations eventually shift and 

some actors will act upon their own signal (p. 290). Bowden and McDonald (2008) 

diagrammed different network structures. The first they considered to be a regular 

network, and in this network actors were only connected to adjacent actors (p. 294). In 

economics, this network allows all actors to learn of changes in the external environment 

or state of the world. When one or more actors do not engage in social learning and 

follow their own signals, then the regular network is disrupted and new information is 

added. Lamberson (2010) differed from the other economic authors in that he focused 

more on complex network structures that govern the actors’ interactions, while the other 

economic references looked more closely at the first or second of Bowden and 

McDonald’s (2008) structures. Lamberson (2010) also argued that network structure 

matters for diffusion and explained why behaviors or technologies “may diffuse to a 

greater extent in one community than another” (p. 28).  
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Choi, Gale, and Kariv (2012) concluded that in many economic decision 

problems, agents are uncertain about a decision-relevant event and the information 

surrounding it (p. 154). They maintained that this uncertainty provides a strong incentive 

to learn from observing others’ behavior (Choi et al., 2012, p. 154). Choi et al. (2012) 

argued that “agents are part of a social network and can only observe the actions of 

agents to whom they are connected through the network. Thus networks are natural tools 

for understanding the social learning phenomenon” (p. 154). Choi et al. (2012) identified 

as a possible area for future research “the impact of network architecture on the 

efficiency and dynamics of social learning” (p. 154). This suggestion strongly influenced 

the current study’s framework. However, rather than examining how different network 

structures affect the dynamics of learning from an economic perspective, this study 

reframed the question based on organizational learning.  

Outside of the field of economics, Cross et al. (2006) utilized “social network 

analysis to improve communities of practice” (p. 32). They argued that executives are 

interested in improving the productivity of knowledge workers, and one way to do so was 

to stress the importance of informal networks for the transfer of knowledge and the 

ability to innovate (p. 32). They maintained that “appropriately connected communities 

can yield substantial benefits when collaboration amongst community members decreases 

unnecessary time spent on tasks . . . , improves consistency and quality of offerings, and 

drives innovative solutions by leveraging expertise distributed throughout the 

community” (p. 56).  

At the 2012 Ascilite (Australasian Society for Computers in Learning in Tertiary 

Education) Conference, Jonnavithula and Tretiakov presented a model of the effects of 
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online social networks on learning. Their model also included offline social network 

participation. The authors proposed that the quality of the social network moderates 

learner engagement and learning outcomes (para. 6). Their model connected social 

learning and networks and provided a good transition between network theory and 

learning theory (Figure 2.3).  

 

 
 

Figure 2.3. Jonnavithula and Tretiakov’s (2012) model for the effects of online social 

networks on learning. Reprinted with permission from the Australian Society for 

Computers in Learning in Tertiary Education. 

 

 

 

Thomas and Vohra (2015) took a “multi-theoretical, multilevel perspective” in 

developing organizational learning measurements using social network analysis (p. 126). 

They examined organizational learning through four subprocesses: information 

acquisition, information distribution, information interpretation, and organizational 

memory. Like Crossan et al. (1999), they examined organizational learning at the 

individual, group, and organizational levels. Table 2.5 shows their proposed network 

measures for each of the organizational learning subprocess.  
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Table 2.5 

Thomas and Vohra’s (2015) Social Network Measures for Organizational Learning 

 
 

Vohra and Thomas (2016) sought to understand how “two subprocesses of 

organizational learning, information acquisition and distribution,” were influenced by 

people’s informal relationships (p. 587). Their research took a multilevel approach. They 

argued that “measuring organizational learning through monitoring of informal networks 

with the organization and their relationships, rather than channels tightly prescribed for 

formal reporting would arguably be more meaningful” (p. 588). They found that at the 

individual level, the higher the indegree of a node, the better for information acquisition, 
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while the higher the outdegree of a node, the better for information distribution. At the 

group level, higher density was better for both information acquisition and distribution. 

At the group level, they found that a lower centralization index was better for both 

information acquisition and distribution.  

Table 2.6 summarizes the literature intersecting social networks and 

organizational learning. The table is structured based on level of analysis examined, 

methodology used, area of study, and key concepts or outcomes from the literature. 

 

Table 2.6 

Summary of the Intersection of Social Networks and Organizational Learning 

Author 

Level of  

analysis Methodology 

Area of  

study 

Key concepts/ 

outcomes 

Borgatti  

& Cross  

(2003) 

Dyadic - 

relationship 

between pairs 

of persons 

Social 

network 

analysis 

Social 

networks, 

organizational 

learning 

Identified three relational 

characteristics that affect the 

decision to seek information from 

other people. This makes it 

possible to assess which relation is 

problematic for any given network, 

which has practical implications 

for opening the flow of 

information, which could enhance 

the capability to innovate. 

Moll &  

Greenberg  

(1990) 

Individual, 

group 

Ethnographic  

analysis, case 

study, 

experiment 

Social 

networks, zone 

of proximal 

development 

“By developing social networks 

that connect classrooms to outside 

resources, by mobilizing funds of 

knowledge” it is possible to 

“transform classrooms into more 

advanced contexts for teaching 

and learning” (location 8835). 

Sundararajan  

(2010) 

Individual Social 

network 

analysis 

Social 

networks, 

learning, 

collaboration 

Examined factors that impacted 

learning and collaboration in chat 

and bulletin board conversations. 

Argued that being able to identify 

and nurture peer most 

knowledgeable others could create 

an environment that could lead to 

increased learner participation and 

engagement. 

Churcher  

et al.,  
(2014) 

Individual Case study Collaborative 

media, social 
networking 

sites, learning 

Found the social benefits of using 

collaborative media manifested 
“themselves in the shared 

experiences, discussions and self-

disclosure of the students” (p. 46). 
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Author 

Level of  

analysis Methodology 

Area of  

study 

Key concepts/ 

outcomes 

Addicott  

et al.  

(2006) 

Network Organiza-

tional  

process study 

Networks, 

knowledge 

management, 

organizational 

learning 

Examined the impact of multiple 

managed networks to test whether 

or not networks increased the 

capacity to transfer knowledge and 

expedite organizational learning. 

They found that competition for 

resources impeded knowledge 

sharing across boundaries and that 

formal networks corroded the pre-

existing informal networks. 

Jansen 

et al. 

(2006) 

Organiza-

tional  

unit 

Survey Organizational 

learning, 

performance, 

coordination 

mechanisms, 

exploration, 

exploitation 

A centralized structure has a 

negative effect on exploration but 

did not support exploitation to the 

degree anticipated. However, a 

degree of connectedness between 

units was an antecedent for both 

exploration and exploitation. 

Fang et al. 

(2010) 

Interpersonal  

network 

Simulations Interpersonal 

networks, 

exploration, 

exploitation, 

organizational 

learning 

A specific structural design could 

maintain a balance between 

exploration and exploitation. 

“Subgroup structure, which fosters 

the diversity of ideas or beliefs 

within an organization, is 

conducive to learning as long as 

there is a small fraction of random, 

cross-group links” (p. 633). 

Tsai (2001) Unit  Social 

network  

analysis 

Absorptive 

capacity, intra-

organizational 

networks, 

knowledge 

transfer, 

network 

position 

Organizational units occupying 

central network positions 

experience increased innovation 

and enhanced performance. 

Network position, however, is 

moderated by the organizational 

unit’s absorptive capacity. Both 

network position and absorptive 

capacity are critical for an 

organizational unit to gain 

knowledge. 

Shipilov &  

Li (2014) 

  Theoretical Networks, 

multiplexity, 

financial 

markets 

Their purpose was to develop a 

theoretical perspective to better 

understand “how an organization 

can extract competitive advantage 

from maintaining multiplex 

relationships” (p. 97). They found 

that “formal intraorganizational 

boundaries . . . increase the 

intensity of information and 

knowledge exchange within 
functional units” rather than 

between units (p. 101). 
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Author 

Level of  

analysis Methodology 

Area of  

study 

Key concepts/ 

outcomes 

Chandra-

sekhar  

et al. (2012) 

Network and  

individual 

Experiments Economics, 

Bayesian 

learning, 

DeGroot 

learning, 

networks 

The authors assessed Bayesian and 

rule of thumb learning to 

determine which process better 

describes learning. They found 

that rule of thumb models provided 

a better explanation for the data at 

both the network and individual 

level but the difference between the 

two types of learning was less 

significant at the network level. 

Bowden &  

McDonald  

(2008) 

Small world  

networks 

Theoretical Expectations 

formation, 

information 

contagion, 

network 

economics, 

social learning, 

volatility 

They concluded that network 

structure influences the flow of 

information. They found that when 

all actors in a network engage in 

social learning and follow the 

same information regardless of 

private signals, the result is an 

information cascade. Such a 

cascade is not sustainable because 

some actors will eventually act 

upon their own signals. 

Lamberson  

(2010) 

    Social 

networks, 

learning, 

diffusion, 

mean-field 

analysis, 

stochastic 

dominance 

“Networks matter for diffusion: 

changes in network structure cause 

predictable changes in diffusion 

levels” (p. 2). “The effect of 

network structure on diffusion 

depends in subtle ways on the 

relationship between the costs or 

benefits of the new technology and 

agents’ prior beliefs about those 

costs or benefits” (p. 2). 

Cross et al. 

(2006) 

Ego and  

bounded  

networks 

Social 

network  

analysis 

Social 

networks, 

communities of 

practice 

“Appropriately connected 

communities can yield substantial 

benefits when collaboration 

amongst community members 

decreases unnecessary time spent 

on tasks (e.g., reinventing the 

wheel), improves consistency and 

quality of offerings, and drives 

innovative solutions by leveraging 

expertise distributed throughout 

the community” (p. 56). 

Thomas &  

Vohra 

(2015) 

Individual,  

group,  

organization 

Theoretical,  

social 

network  

analysis 

Organizational 

learning 

The authors had a “multi-

theoretical, multilevel perspective” 

in developing organizational 

learning measurements using 

social network analysis (p. 126). 
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Author 

Level of  

analysis Methodology 

Area of  

study 

Key concepts/ 

outcomes 

Vohra &  

Thomas  

(2016) 

Individual,  

group,  

organization 

Social 

network  

analysis 

Organizational 

learning 

“The information flow mapped 

onto network diagrams showed 

how structural positions of 

individuals can influence the 

learning process. For practicing 

managers, knowledge about the 

structure and patterns of the 

learning network helps identify 

key players who can either 

become facilitators or bottlenecks 

of information” (p. 598). 

 

 

Summary 

Many researchers are in agreement that human beings exist in social contexts 

where relations and interactions are of significant consequence (Borgatti et al., 2009; 

Choi et al., 2012; Gibson, 2004; Hatala, 2006; Wenger, 2009). Work has been done to 

examine knowledge management and social networks, organizational learning and online 

networks, and social networks and social learning, but less research has examined 

organizational learning and social networks. Given the relational nature of organizational 

learning, understanding the constructs together is potentially significant (Borgatti & 

Cross, 2003; Gilson et al., 2009; Vohra & Thomas, 2016).  

Reed et al. (2010) argued that further research was needed to explore how 

processes can be designed to better facilitate social learning. They called for a better 

understanding of social learning to “help understand the mechanism through which it 

occurs, to develop more effective interventions to promote wider learning . . . and to 

design appropriate evaluations to determine if the goals of learning interventions have 

been met” (para. 7). Brown (2000) also highlighted the importance of understanding the 

“social context in which knowledge is acquired, developed and applied” and how it 
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“influences the processes by which the individual learns” (p. 29). Parise (2007) suggested 

that social network analysis was an appropriate tool for a people-centered strategy aimed 

at better enabling the sharing of tacit knowledge (p. 360).  

This study took a postpositivist point of view in that it was a quantitative study. 

Creswell (2013) put forth that “postpositivist researchers view inquiry as a series of 

logically related steps, believe in multiple perspectives from participants rather than a 

single reality, and . . . use multiple levels of data analysis for rigor” (p. 24). The 

methodology used was social network analysis and partial least squares structural 

equation modeling as a means to better understand how network structure may influence 

organizational learning. This methodology is described in the next chapter. 
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CHAPTER 3: 

METHODOLOGY 

The purpose of this quantitative study was to better understand how social 

network structure affects organizational learning, thereby providing leaders with better 

information and providing for “more successful intervention” options (Cross et al., 2006, 

p. 56). One specific research question was addressed: How does social network structure 

affect organizational learning?  

The context for this study was a research and development organization. Katz and 

Kahn (1966) placed organizations into four categories: production, maintenance, 

adaptation, and management. Research and development organizations are generally 

considered to be adaptive organizations that “create knowledge, develop and test theories, 

and, to some extent, apply information to existing problems” (Katz & Kahn, 1966, 

p. 145). The research and development organization in this study strongly emphasizes 

knowledge sharing and technical expertise among the strengths it brings to help its clients 

solve their challenging problems. 

This chapter outlines the research study and includes sections on the paradigm, 

methodology, data, instrumentation, sampling, and procedures, along with ethics and 

human subjects considerations. 

Paradigm 

Understanding the philosophical assumptions upon which researchers’ worldview 

is based is critical to understanding how they formulate their research (Burrell & Morgan, 

1979; Creswell, 2013; Huff, 2009). Understanding one’s own philosophical assumptions 
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contributes to how the research of others is interpreted as well as how one’s own research 

may be shaped. This section looks first at paradigm assumptions associated with the 

study’s main constructs of social networks and organizational learning. The researcher’s 

ontological and epistemological perspectives are then examined.  

Social Networks 

Granovetter (1992) argued that the social-constructionist perspective is 

relevant to the study of networks. Rarely was this perspective applied to his field of 

economics, but he tied “embeddedness in webs of social relations” to economic action 

and outcomes (p. 33). He maintained that economic action and outcomes were 

affected by actors’ relations and by network structure. Nohria (1992) said that 

“networks are constantly being socially constructed, reproduced, and altered as the 

result of the actions of actors” (p. 7). He also took a social constructivist approach to 

network theory. Nohria (1992) further stated that this constant restructuring made 

networks both a process and a structure. His emphasis on the reconstructing of the 

network related to Blumer’s (1986) discussion of learning as a social process. Blumer 

(1986) contended that learning is ongoing as the individual continually reconstructs 

self in response to the other, which is also being reconstructed in response to 

interaction with the self. Burrell and Morgan (1979) highlighted Blumer’s work on 

symbolic interactionism in their discussions on the functionalist paradigm. The basic 

premise of symbolic interactionism is that people navigate their world or their view of 

reality through social interaction and that meaning is created for a group and its 

members through this interaction.  
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Although Borgatti and Cross’s (2003) work focused on relational characteristics 

of networks rather than structural characteristics, they stressed the importance of “social 

interaction as a vehicle for knowledge acquisition” (p. 440). They discussed the 

importance of relationships in regard to knowledge and argued that the “creation of 

knowledge is a social process” (p. 440). This creation of meaning through interaction was 

also clearly identified in Crossan et al.’s interpreting and integrating processes. Gubbins 

and Dooley (2011) also emphasized the social nature of knowledge acquisition and 

creation and maintained that social relations are in fact critical to these processes. 

Organizational Learning 

Easterby-Smith and Lyles (2011) emphasized Dewey’s pragmatism in their 

examination of organizational learning. “Dewey’s view that learning takes place through 

social interaction . . . is also seen to underlie the social learning perspective” (p. 9). 

Burrell and Morgan (1979) placed pragmatism, particularly Mead’s approach, under the 

functionalist paradigm. 

Crossan, Maurer, and White (2011) utilized Burrell and Morgan’s (1979) 

paradigms to address what they believed to be a significant issue in the development of a 

comprehensive organizational learning theory. They argued that the 4I processes make 

“different assumptions about organizations and society” and operate across the four 

paradigms (Figure 3.1).  
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Figure 3.1. 4I processes mapped onto Burrell and Morgan’s paradigms (Crossan et al., 

2011, p. 456). Reprinted with permission from the Academy of Management. 

 

 

 

They put forth that intuiting is about change, contradictions, and the creation of a 

new reality and argued that because of its highly subjective nature, it “aligns with Burrell 

and Morgan’s radical humanist quadrant” (p. 455). Crossan et al. (2011) suggested that 

an individual “attempts to regularize what has been intuited” (p. 455). That is to say, he 

or she attempts to communicate words and personal action to others, which falls into 

Burrell and Morgan’s (1979) interpretive paradigm. Integrating requires organizational 

members to “take actions different from those they have taken in the past to begin to 

enact the innovation” (p. 455). This requires working around organizational structures, 

and Crossan et al. (2011) indicated that this falls under the radical structuralist paradigm. 

Finally, “institutionalizing a change makes it required and repeatable. As this occurs, the 

routines underlying those actions become more prevalent, more observable, more 

objective” (p. 455). This places institutionalizing under the functionalist paradigm. In 

spite of relating each of the 4Is to specific Burrell and Morgan (1979) paradigms, 

Crossan et al. (2011) maintained that the 4Is are more about bridging the paradigms 

rather than existing separately in any one of them. They maintained that creating a 
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common theory of organizational learning will be difficult as long as researchers restrict 

themselves to “seemingly mutually exclusive orientations” (p. 455). In fact, Crossan et al. 

(2011) suggested moving to an ontology and epistemology beyond Burrell and Morgan’s 

(1979) paradigms. They considered evolutionary epistemology as a possible alternative, 

in part because it is multilevel.  

Ontology 

Burrell and Morgan (1979) defined ontological assumptions as those concerned 

with the very nature of the phenomena being studied (p. 1). Their basic ontological 

question is whether or not the reality being studied is external to the individual or a 

product of the individual’s mind.  

Organizational learning is influenced by pragmatism and its focus on what works 

(Argyris & Schön, 1996; Dewey, 1938; Easterby-Smith & Lyles, 2011) as well as 

symbolic interactionism (Blumer, 1986). Symbolic interactionism’s basic premise is that 

people navigate their world or their view of reality through social interaction and that 

meaning is created for a group and its members through this interaction. Ontologically, 

pragmatism and symbolic interactionism fall under Burrell and Morgan’s (1979) 

functionalist paradigm. Robins (2015) argued that “once we adopt a network perspective, 

we suppose that individuals are connected and individual outcomes are related” (p. 4). 

Multiple social network researchers also indicated that networks are socially constructed 

(Borgatti & Cross, 2003; Granovetter, 1992; Nohria, 1992). The researcher therefore 

drew on a social constructionist perspective. 
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Epistemology 

Burrell and Morgan’s (1979) second set of assumptions is of an epistemological 

nature. These assumptions are concerned with knowledge: what counts as knowledge, 

how it is communicated to others, the relationship between the researcher and what or 

who is being studied (Burrell & Morgan, 1979; Creswell, 2013). They asserted “that the 

growth of knowledge is essentially a cumulative process in which new insights are added 

to the existing stock of knowledge and false hypotheses eliminated” (p. 5). Here again the 

influence of pragmatism is felt. Antidualistic pragmatism seeks balance between the fact-

driven nature of empiricism and the abstract principles of rationalism (James, 1907, p. 7). 

Burrell and Morgan (1979) recognized this in their analysis of Mead’s work and put forth 

that depending upon individuals’ own meta-assumptions, they can either view Mead from 

a functionalist or interpretive perspective (p. 77). This study followed Blumer and 

approached Mead from the functionalist perspective. Creswell (2013) argued that from an 

epistemological perspective, pragmatism allows knowledge to be known through research 

tools that reflect both objective and subjective evidence (p. 37), which supports social 

network analysis. Since the emphasis of this research was on how social network 

structure affects organizational learning and meaning was made in the context of social 

networks, the research was approached from a pragmatic epistemological perspective. 

Methodology 

This quantitative study utilized social network analysis (Borgatti et al., 2013; 

Cross & Parker, 2004; Prell, 2012; Scott, 2013; Wasserman & Faust, 1994) and partial 

least squares (PLS) structural equation modeling (SEM) (Hair, Hult, Ringle, & Sarstedt, 

2017). This section reviews the study’s problem and purpose statements, research 
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question, research design, conceptual framework with constructs and variables, 

hypotheses, and threats to internal validity. 

Problem Statement 

Organizations are being driven to change their behavior in response to an 

increasingly volatile, uncertain, complex, and ambiguous (VUCA) world. Organizational 

learning is a critical component of changing behavior (Argote, 2011; Argote & Miron-

Spektor, 2011; Argyris & Schön, 1996; Huber, 1991; Levitt & March, 1988; Weick & 

Quinn, 1999). It has been argued that social networks are a means of promoting 

organizational learning (Gubbins & Dooley, 2011; Vohra & Thomas, 2016). The problem 

identified is a lack of understanding of social network structures in organizations and 

how they may or may not promote organizational learning (Argote & Miron-Spektor, 

2011; Moynihan & Landuyt, 2009; Rodan, 2008).  

Purpose Statement and Research Question 

Given the demand for organizations to change and to learn, the purpose of this 

study was to better understand how social network structure affects organizational 

learning, thereby providing leaders with better information and providing for “more 

successful intervention” options (Cross et al., 2006, p. 56). The specific research question 

addressed was how social network structure affects organizational learning (Argote & 

Miron-Spektor, 2011; Moynihan & Landuyt, 2009; Rodan, 2008). 

Research Design 

The methodology best suited to the research question was social network analysis. 

There are two primary approaches to network study design: egocentric and whole 
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network studies (Borgatti et al., 2013; Cross & Parker, 2004; Robins, 2015). While 

egocentric network studies examine ties related to a single actor, whole network studies 

examine “a given set of actors and the ties among them” (Robins, 2015, p. 20). Borgatti 

et al. (2013) argued that in whole network research, the relation being studied is “a 

dyadic variable that has a value for every pair of nodes” (p. 27). Since the organizational 

learning model used was multilevel, a whole network study was conducted to allow for 

the examination of the network’s “full structural properties” and was therefore a more 

appropriate approach than an egocentric study (Borgatti et al., 2013, p. 43). Scott (2013) 

stated that collecting survey data is particularly useful in the study of whole networks.  

Conceptual Framework 

The conceptual framework for this study appears in Figure 3.2.  

 

 

Figure 3.2. Conceptual framework. 

 

 

 

Constructs. This study was based on two primary constructs—social network 

theory (Borgatti et al., 2009, 2013; Burt, 1980) and organizational learning theory 
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(Argote & Miron-Spektor, 2011; Crossan et al., 1999; Huber, 1991)—and focused on 

how social network structures affect organizational learning. The first construct in the 

model is social networks, particularly network structure, which is defined as a 

“framework for describing social differentiation in terms of relational patterns among 

actors in a system” (Burt, 1980, p. 79). The second construct, organizational learning, is 

grounded in the work of Crossan et al. (1999).  

Variables. The actors in this network were individuals and departments of a 

division in a research and development organization. The study examined a one-mode 

network with two relations: collaboration and information. A one-mode network involves 

the measurements of a single set of like actors, which can include subgroups and 

organizations (Hennig et al., 2012). According to Hennig et al. (2012), most social 

network analyses examine one-mode networks. Collaboration and information were 

chosen because of their relationship to knowledge and learning. Gubbins and Dooley 

(2011) argued that “collaboration between individuals and organizations is a key 

underpinning characteristic of knowledge exploitation and new knowledge development” 

(p. 97). Monti and Soda (2014) found that “some empirical evidence shows that” people 

are more likely to “rely on their network of contacts within an organization to obtain 

information and generate new knowledge” (p. 358). Both relations were dichotomous and 

directional. They were measured at a single point in time.  

Social network data can be studied at different levels, including individual, dyad, 

triad, subgroup, and network (Wasserman & Faust, 1994, location 1582). Wasserman and 

Faust (1994) found that these data are often gathered at one level and studied at another. 

Specifically, social network data are often collected at the individual level by “observing, 
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interviewing, or questioning individual actors about the ties from these actors to other 

actors in the set” (Wasserman & Faust, 1994, location 1582). Because of this and the 

multilevel nature of organizational learning, variables were collected that related to the 

individual, group, and organizational levels. 

The study included four actor attributes at the individual level (control variables): 

gender, length of employment, managerial status, and department. Length of 

employment, managerial level, and department were included in Bontis et al.’s (2002) 

survey. Gender was included because actors are more likely to build ties with others 

similar to themselves (Marsden, 1988; Thomas & Vohra, 2015). The social network 

relational variables were the independent variables and were selected to measure network 

structure, specifically centrality and density. In this study, the independent variables of 

centrality and density were used to examine the influence of the network on the 

dependent variables based on the learning subprocesses of intuiting, interpreting, 

integrating, and institutionalizing. 

Hypotheses 

Six hypotheses were proposed to address the research question, as detailed in 

Table 3.1. 
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Table 3.1 

Hypotheses  

Research question Hypothesis 

How does social 

network structure 

affect organizational 

learning? 

H1a: At the individual level, more exposure to what is flowing through 

the network (centrality) increases the possibility of generating new 

insights and creating shared meaning and is therefore positively related 

to intuiting and interpreting. 

H1b: Individuals in groups that are more densely connected tend to be 

better positioned to develop tacit knowledge and to share knowledge—

processes that are positively related to intuiting and interpreting. 

H2a: More central groups tend to transfer knowledge, a process 

positively related to the creation of a shared understanding and the 

undertaking of collective action (integrating). 

H2b: Groups that are more densely connected tend to share 

knowledge, which is positively related to integrating. 

H3a: At the organization level, decentralized structures better facilitate 

the transfer of codified knowledge, which is positively related to 

institutionalizing. 

H3b: An organization that is more densely connected tends to promote 

uniformity, which is positively related to institutionalizing. 

 

 

 

Intuiting. According to Crossan et al. (1999), experiences, images, and 

metaphors make up the inputs and outcomes related to intuiting. Intuiting is a primarily 

subconscious process in which individuals use these inputs to make “sense of the 

possible, of what might be done” (p. 527). They took two views of intuition: expert and 

entrepreneurial. Expert intuition is related to pattern recognition and the development of 

tacit knowledge. It supports exploitation. Entrepreneurial intuition, on the other hand, 

supports exploration and is related to the generation of new insights.  

From a network perspective, Cross and Cummings (2004) found that greater 

betweenness centrality was positively related to an “individual’s ability to obtain and 

apply relevant information to solve problems efficiently and effectively (Mehra et al., 

2001)” (p. 929). Based on “interaction patterns and resource exchanges,” Ibarra (1993) 

argued that higher centrality was a predictor of an individual’s access to administrative 
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and technical innovations (p. 477). Access to these innovations provides an individual 

with greater power and influence, which offers greater access to information. DeJordy 

(2015) defined degree centrality as exposure to what is flowing through the network. A 

high degree of betweenness centrality, which DeJordy (2015) and Prell (2012) defined as 

brokerage or control of information, allows actors to know more of what other actors 

know, thereby increasing the possibility that new insights can be generated, which is 

related to intuition. 

Bontis et al. (2002) recognized the role of tacit knowledge in the process of 

intuiting. Nieves and Osorio (2012) argued that dense networks facilitate the transfer of 

tacit knowledge. In a similar way, Reagans and McEvily (2003) suggested that in relation 

to density and learning, knowledge transfer is more likely to occur between individuals 

with close contacts and that strong connections within a dense network facilitate the 

diffusion of knowledge. A highly dense network is therefore more likely to support the 

development of tacit knowledge, which is related to intuition. 

Interpreting. Crossan et al. (1999) put forth that interpreting moves beyond the 

subconscious process of intuiting and into “the conscious elements of the individual 

learning process,” adding that interpreting “is a social activity that creates and refines 

common language” (p. 528). Its inputs are language and individual cognitive maps, while 

its outcomes are conversation and dialogue (Crossan et al., 1999, p. 525). Each group or 

community an individual is part of has its own vocabulary and concepts that help shape 

the individual. That commonality can also isolate members of the community from those 

who do not share the same language. As the world becomes more complex and more 

connected, the need for symbols, words, and gestures that allow for the individual to 
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interact with the other becomes increasingly important (Daloz et al., 1996, location 

1889). If people are to work together and strive toward a common goal, then there must 

be a language in common to do so. 

Crossan et al. (1999) argued that interpreting takes place relative to context or 

environment. Jarvis (2009) stated that “learning always started with experience and that 

experience is always social” (p. 24). Learners take in experiences and sensations and then 

translate them into an internal language to find meaning in them. However, meaning 

cannot be made in isolation since people are social beings with a language that comes 

from their group or community. Meanings are reflective of the community one is a 

member of. A network that is more central allows actors to know more of what the other 

actors know, which can impact the development of language and cognitive maps.  

The more dense the network or the more connected members of the network are, 

the more confident they are in each other. They are therefore “more likely to provide 

enhanced access to information and the necessary support that may benefit the spread of 

information” (Hamra et al., 2014, p. 393). In a similar fashion, Thomas and Vohra (2015) 

found that “a close relationship with others enhances direct interaction that in turn results 

in information sharing and increased shared understanding (Burt, 2005)” (p. 135). 

Reagans and McEvily (2004) argued that dense networks improve the ability to transfer 

knowledge, particularly tacit knowledge. Nieves and Osorio (2012) found that dense 

networks “facilitate the existence of common codes and language” (p. 67). Crossan et al. 

(1999) combined the intuiting and interpreting processes to inform the individual level, as 

did Bontis et al. (2002), whose organizational learning instrument was used in this study. 

Two hypotheses follow from this discussion:  
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H1a:  At the individual level, more exposure to what is flowing through the 

network (centrality) increases the possibility of generating new insights and 

creating shared meaning and is therefore positively related to intuiting and 

interpreting. 

H1b: Individuals in groups that are more densely connected tend to be better 

positioned to develop tacit knowledge and to share knowledge—processes 

that are positively related to intuiting and interpreting. 

Integrating. Integrating occurs as the creation of a shared understanding moves 

beyond the individual level to that of the group. Its focus “is coherent, collective action” 

(Crossan et al., 1999, p. 528). According to Crossan et al. (1999), its inputs are shared 

understandings, while its outcomes are interactive systems. Integrating is an informal 

process that can lead to the more formal process of institutionalizing if the collective 

action taken “is recurring and significant” (Crossan et al., 1999, p. 525).  

Crossan et al. (1999) maintained that context is critically important to the process 

of interpreting. Following situated learning theory, Brown (2006) emphasized “learning 

as an enculturation into practice,” often through the process of “legitimate peripheral 

participation” in a workplace context (p. 20). In peripheral participation, the learner is 

employed in real work and is a full participant not only in a specialized work function but 

also in the social interchanges that are part of the work environment (Brown, 2006, 

p. 20). Brown (2006) argued that the individual learns not only the technical aspects of 

the job but also the culture and beliefs of the community of practice he is a part of 

(Brown, 2006, p. 20). The community, or social world, forms the mind by making 

available to the individual ways of thinking that are unique to that community (Edwards, 
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2007, p. 88). Whether consciously or not, people adopt the behavior and language of 

those in their social group and begin to act within the norms of that group (Brown, 

Collins, & Duguid, 1989, p. 34).  

Crossan et al. (1999) cited Daft and Weick in stressing the importance of sharing 

for integrating. From a network perspective, Tsai (2001) examined knowledge transfer in 

intraorganizational networks and argued that high centrality provides “opportunities for 

shared learning, knowledge transfer, and information exchange” (p. 1002). Sundararajan 

(2010) found that actors “with high betweenness centrality scores can act as ‘controls’ or 

‘conduits’ for information flow between nodes in the network” (p. 194). In a similar 

fashion, Prell (2012) stated that high betweenness centrality allows an actor to “greatly 

influence the network by choosing to withhold or distort information he or she receives” 

(p. 104). According to Mehra et al. (2001), this allows actors to “facilitate the flow of 

information across the whole system . . . thereby contributing to organizational purposes” 

(p. 123). Wasserman and Faust (1994) maintained that “betweenness indices were 

important indicators of group performance (with respect to efficiency of problem 

solving” (location 5884). Therefore, the more central an actor is, the greater the 

opportunities for sharing, which is positively related to integrating. 

In relation to density, Hansen (1999) found that while weak ties facilitate the 

search for useful knowledge, they “impede the transfer of complex knowledge” (p. 82). 

In his examination of learning during emergency events, Hamra et al. (2014) argued that 

dense networks allow for more rapid access to “collect and reciprocate distribution” of 

information, which can facilitate faster collective action (p. 393). Moran (2005) also 

found that dense networks reinforce group norms and rules and help to create group 



78 

identity and shared understanding. It is therefore proposed that a more dense or 

interlinked network can promote knowledge sharing, which is positively related to 

integrating. 

Based on these findings, two hypotheses were derived:  

H2a: More central groups tend to transfer knowledge, a process positively related 

to the creation of a shared understanding and the undertaking of collective 

action (integrating). 

H2b: Groups that are more densely connected tend to share knowledge, which is 

positively related to integrating.  

Institutionalizing. Crossan et al. (1999) defined institutionalizing as “the process 

of embedding learning that has occurred by individuals and groups into the organization” 

(Crossan et al., 1999, p. 525). Its inputs are routines, while its outcomes are rules and 

procedures (Crossan et al., 1999, p. 525). Institutionalizing provides the systems, 

structures, and processes that afford the organization the opportunity to leverage 

individual learning.  

Hamra et al. (2014) argued that decentralized structures work better for more 

complex tasks that “cannot be handled effectively by an individual alone” (p. 395). They 

also found that a decentralized network is “able to make decisions more quickly than one 

with a centralized structure, allowing the organization to react quickly to emergencies” 

(p. 394). Reagans and McEvily (2003) added that “it is more efficient to use . . . weak ties 

to transfer codified knowledge” (p. 262). Thomas and Vohra (2015) stated that “some 

amount of centralization can be beneficial for the network to function efficiently, but an 
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overly centralized network becomes inefficient when bottlenecks start developing that 

restrict the flow of information (Borgatti, 2005)” (p. 135).  

Regarding density, a higher density has been found to promote conformity and 

uniformity (Coleman, 1988; Hamra et al., 2014; Rodan, 2008). Nieves and Osorio (2012) 

also found that high density “facilitates access to resources,” which is an important 

component of institutionalizing (p. 68). The following hypotheses related to 

institutionalizing were therefore proposed:  

H3a: At the organization level, decentralized structures better facilitate the 

transfer of codified knowledge, which is positively related to 

institutionalizing. 

H3b: An organization that is more densely connected tends to promote 

uniformity, which is positively related to institutionalizing.  

Threats to Internal Validity 

Threats to validity included missing data and the response rate. Once responses 

were examined, it was found that 53% of respondents completed both the social network 

and organizational learning survey questions. Collecting sufficient responses is a known 

limitation when studying whole networks (Borgatti et al., 2013). If data are not collected 

from central actors, then the results could vary significantly (Borgatti et al., 2013). If a 

sufficiently high response rate is not achieved, it is not possible to provide the overall 

structure of the network, which could also impact the validity of the study (Scott, 2013).  
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Data 

Control Variable Data 

Four actor attributes were collected at the individual level: gender, length of 

employment, managerial status, and department. The gender attribute was coded as an 

integer, wherein 1 represented male and 2 represented female. Length of employment 

was measured in years. Department within the division was coded as an integer from 1 to 

5 based on the number of departments. Managerial status was also measured on an 

integer scale, with 1 representing manager; 2, nonmanager to include other professional 

and administrative staff; and 3, organizational development steward. The organizational 

development steward serves as an internal consultant to the organization.  

Independent Variable Data 

The independent variables were the social network relational variables and were 

selected to measure the network structure components of degree, betweenness, and 

closeness centrality as well as density. Hennig et al. (2012) argued that when the 

independent variable is related to a network, it then becomes a question of how the 

network structure influences the behavior of the actors. In a similar fashion, Borgatti et 

al. (2013) put forth that “when network variables are used as independent variables, the 

researcher is implicitly or explicitly using network theory to explain outcomes” (p. 7). In 

the case of this study, centrality and density were examined to determine their effect on 

organizational learning subprocesses. 
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Dependent Variable Data 

The organizational learning subprocesses of intuiting, interpreting, integrating, 

and institutionalizing made up the dependent variables. The subprocesses were examined 

at the individual, group, and organizational levels. The individual level focuses on 

“individual competence, capability and motivation to undertake the required tasks” 

(Bontis et al., 2002, p. 462). The group level examines “group dynamics and the 

development of shared understanding” (Bontis et al., 2002, p. 462). The organizational 

level examines the “alignment between the non-human storehouses of learning including 

systems, structure, strategy, procedures and culture” (Bontis et al., 2002, p. 462). 

The variables are summarized in Table 3.2. 

 

Table 3.2 

Variables 

Variable type Variable 

Independent: Social  

network relations 

Degree centrality 

Betweenness centrality 

Closeness centrality 

Density 

Dependent: Organizational 

learning 

Intuiting 

Interpreting 

Integrating 

Institutionalizing 

Control Gender (1 = male; 2 = female) 

Length of employment (1 = low, 0-5 years; 2 = medium, 6-9 

years; 3 = high, 10+ years) 

Managerial status (1 = manager; 2 = nonmanager; 3 = 

organizational development steward) 

Department (1 = Department A; 2 = Department B; etc.) 

 

 

Instrumentation 

This study used a preexisting validated instrument to measure organizational 

learning. Permission to use the instrument was obtained from its authors. Social network 
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questions were adapted from Cross and Parker (2004) and Gubbins and Dooley (2011) 

and added to the organizational learning instrument. 

Social Network 

In their review of the historical and theoretical foundations of social network 

analysis, Wasserman and Faust (1994) cited Moreno’s development of the sociogram in 

the early 1930s as the beginning of sociometry. They argued that the sociogram is “the 

precursor to social network analysis” (location 956). Moreno’s work “led to two of the 

mainstays of social network analysis: a visual display of group structure, and a 

probabilistic model of structural outcomes” (Wasserman & Faust, 1994, location 956). 

Wasserman and Faust (1994) stated that “the methods of network analysis provide 

explicit formal statements and measures of social structural properties that might 

otherwise be defined only in metaphorical terms” (location 1068). The most common 

means of collecting social network data has become questionnaires (Hennig et al., 2012; 

Marsden, 2011; Scott, 2013; Wasserman & Faust, 1994).  

Questionnaire items related to social networks are designed to address a specific 

relationship (Hennig et al., 2012). Additionally, Hennig et al. (2012) suggested that it is 

useful to understand the quality or the frequency of interaction. Cross and Parker (2004) 

generally asked three network questions per study in addition to asking demographic 

questions. Ibarra (1993) noted that typically in network research, centrality indexes “were 

based on responses to one question each” (p. 481). Following Krosnick and Presser 

(2010), questions were grouped together by topic.  

The social network questions for this study were developed following Cross and 

Parker (2004) and Gubbins and Dooley (2011). Cross and Parker (2004) argued that since 
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most organizations are interested in collaboration, they “almost always map information 

flow” (p. 147). They added that communication and information relationships are 

important indicators of collaboration. A question they identified as appropriate to 

uncovering the information relationship was “How frequently have you acquired 

information necessary to do your work from this person in the past three months?” 

(p. 147). They grouped that question with one designed to elicit the strength of the 

connection. In a similar fashion, Gubbins and Dooley (2011) used the following question 

to determine who acquires information from whom: “How frequently have you acquired 

information from this person to do ‘task,’ in the past three months?” (p. 107). In network 

studies, respondents are frequently asked to denote the strength, frequency, or intensity of 

the relationship (Cross & Parker, 2004; Granovetter, 1973; Hansen, 1999; Reagans & 

McEvily, 2003). The first two social network questions included in this study included a 

measure of connection frequency. These social network questions were rated using a 

scale ranging from 0 to 5, with 0 representing “I do not know this person” and 5 

representing “very often.” The research site asked that definitions for collaboration and 

information be added to the survey to provide clarification for the network questions. 

Collaboration was defined as working together to produce something through joint effort, 

resources, and decision making (Linden, 2002). The definition for information followed 

Cross and Sproull (2004) and emphasized solutions (know-what and know-how), 

referrals, problem reformulation, validation, and legitimation. 

The third network question was codeveloped with the organization being studied. 

The research site requested adding a social network question related to collaboration that 
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extended outside of its immediate boundaries but was still within its larger organization. 

Borgatti et al. (2013) found codeveloping questions with research subjects to be useful.  

The social network questions were deliberately placed before the organizational 

learning questions. “Network questions are often cognitively demanding. If such 

questions are placed at the end of an already extensive survey, there are chances that 

respondents may be less thorough in their responses or may even refuse to answer” 

(Borgatti et al., 2013, p. 54). This was a potential limitation of the study. 

Validity and reliability. “With social network analysis, the issue of validity 

circles around whether questions aimed at measuring a respondent’s network accurately 

measure the network” (Prell, 2012, p. 77). Wasserman and Faust (1994) argued that “the 

construct validity of social network measures can be studied by examining how these 

measures behave in a range of theoretical propositions (Mouton, Blake, and Fructher 

1955b; Burt, Marsden, and Rossi (1985)” (location 1872).  

In social network analysis, “a measure is seen as being more reliable if it tends to 

generate reciprocal choices” (Prell, 2012, p. 77). Network measures are found to be 

reliable if the same information was consistently produced with repeated measurements 

(Hennig et al., 2012; Wasserman & Faust, 1994). Wasserman and Faust (1994) identified 

three means of assessing social network data reliability: “test-retest comparison, 

comparison of alternative question formats, and the reciprocity of sociometric choices 

(Conrath, Higgins, and McClean 1983; Hammer 1985; Laumann 1969; Tracy, Catalano, 

Whittaker, and Fine 1990)” (location 1872). 
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Organizational Learning 

The organizational learning survey instrument was developed by Bontis et al. 

(2002) and is based on the Strategic Learning Assessment Map (SLAM), which 

examined the three levels of organizational learning (individual, group, and 

organizational) along with feed-forward and feed-back learning flows, which are related 

to exploration and exploitation, respectively. The survey was structured to examine the 

participant’s observations of individuals and groups within the organization as well as the 

organization’s structure, culture, and vision. The instrument also asked how individuals 

and groups influence the organization and vice versa.  

Instrument development process. Bontis et al. (2002) used a “multi-staged 

approach suggested by Schwab (1980), Churchill (1979), and Hinkin (1995)” in 

developing their instrument (p. 447). They followed three general steps. First, they 

devoted time to comprehensive item generation for each of the five constructs in their 

survey (individual, group, and organizational learning, feed-forward and feed-back 

flows). As much as possible, the survey items closely reflected theory. The authors cited 

an instance where this was not possible. To resolve this issue, they broke the theoretical 

concept into components and then generated items. In addition to following theoretical 

constructs when generating questions, they also included “items from other reliable 

instruments (Hult, 1995; Marquardt, 1996; Nonaka et al., 1994)” (p. 448). The SLAM 

instrument was also compared to other organizational learning instruments received from 

the American Society for Training and Development (ASTD), now known as the 

Association for Talent Development. It was found that it incorporated all of the 

significant content areas that the organization recommended. 
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The second step Bontis et al. (2002) followed was to conduct pilot studies. They 

conducted three pilot studies. Based on the results, the items in the third study were 

retained since the measures had been determined to be valid and reliable. 

The third step was to use the instrument in a full study. The authors used 10 items 

for each of the five constructs being examined. They also included “business 

performance items . . . that address such issues as corporate success and employee 

satisfaction” (Bontis et al., 2002, p. 449). Using a scale of 1 to 7 ranging from strongly 

disagree to strongly agree, participants were asked to rate their observations of the three 

levels of organizational learning along with feed-forward and feed-back learning flows 

and business performance. Figure 3.3 shows the factors of the SLAM framework. For the 

purposes of this study, the entire instrument of Bontis et al. (2002) was used.  

 

 

Figure 3.3. The Strategic Learning Assessment Map (SLAM) framework (Bontis et al., 

2002, p. 442). Reprinted with permission from Wiley. 
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Validity and reliability. Following a multistaged approach ensured the validity 

and reliability of the items generated. Based on Barclay, Higgins, and Thompson (1995), 

Bontis et al. (2002) used PLS to test for reliability and validity. PLS was selected because 

“it combines data and theory to simultaneously estimate paths and loadings” (Bontis et 

al., 2002, p. 451). PLS also attempts to maximize variance and is “better suited to more 

exploratory research contexts” (Bontis et al., 2002, p. 451). Following Shimp and Sharma 

(1987), Bontis et al. (2002) removed “items with loading values less than 0.7” and then 

“re-validated by testing its item-to-total correlation measure” (p. 451). Table 3.3 shows 

the construct statistics from the Bontis et al. (2002) study. 

 

Table 3.3 

Construct Statistics 

Note: From Bontis et al. (2002, p. 454). Reprinted with permission from Wiley. 
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Pilot testing. Although the Bontis et al. (2002) instrument was determined to be 

valid and reliable, it had not been combined with social network questions. Therefore, a 

pilot test of the full survey was done to ensure clarity and ease of use in the online format 

and to determine if the intended information was communicated to participants. 

Campanelli’s (2008) four-step approach was used for pilot testing. The first step was 

informal testing conducted by the researcher. The second step was an expert review. The 

experts had experience in different organizations with either expertise in organizational 

learning, the targeted study population, or the use of survey design and implementation. 

Campanelli (2008) suggested using three to four experts. For pilot testing for this study, 

three experts were used. The third step was respondent debriefings with those who 

piloted the instrument. The fourth step, which normally involves testing the instrument in 

actual field conditions, was combined with the second step, expert review. 

Sampling 

Population Description 

The study population consisted of all employees, to include managers and 

nonmanagers, within one department of a research and development organization that 

agreed to participate in the study. (The site access request letter appears in Appendix A). 

All employees within the department were sent the survey in an effort to reach a response 

rate high enough for the study of a whole network (DeJordy, 2015; Hennig et al., 2012; 

Wasserman & Faust, 1994). At the conclusion of the study, there were 205 members in 

the department. 
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Sampling Strategy 

Bontis et al. (2002) used PLS to evaluate the five constructs (individual-, group-, 

and organizational-level learning stocks and feed-forward and feed-back learning flows) 

along with performance in their study. PLS is an SEM technique designed “to examine 

the significance of relationships and their resulting R2” (Gefen, Straub, & Boudreau, 

2000, p. 25). This makes PLS suited to “exploratory research contexts” (Bontis et al., 

2002, p. 451). “PLS performs an iterative set of factor analyses combined with path 

analyses until the difference in the average R2 of the constructs becomes insignificant 

(Thompson et al., 1995)” (Gefen et al., 2000, p. 25). It is this iterative process which 

segments complex models that makes PLS appropriate for smaller sample sizes. While 

PLS is appropriate for smaller sample sizes, the general rule of thumb is that the sample 

has 10 times more the number of predictors or data-points than the model’s most complex 

construct (Barclay et al., 1995; Gefen et al., 2000). Since each construct in the Bontis et 

al. (2002) instrument has 10 items, the minimum sample size required was 100. A total of 

109 completed responses were received. 

In traditional social science, a power analysis is generally conducted to determine 

the sample size. In social network research, “the nature of the study determines whether 

the entire set of actors can be surveyed or whether a sample of the actors must be taken” 

(Wasserman & Faust, 1994, location 1299). Wasserman and Faust (1994) noted that 

setting boundaries allows the researcher “to describe and identify the population under 

study” (location 1341). They described two approaches to boundary specification. First is 

the realist approach, which “focuses on actor set boundaries and membership as 

perceived by the actors themselves” (location 1356). Second is the “nominalist approach 
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which is based on the theoretical concerns of the researcher” (location 1356). Marsden 

(2011) maintained that it can be appropriate in some whole network studies to use 

“formal or positional criteria” to bound the study (p. 371). Cross and Parker (2004) also 

found that using formal positions to bound a study can be appropriate but argued that 

greater benefit can be achieved by examining networks that exist outside of the formal 

structure. However, because this study examined organizational learning using the 

Crossan et al. (1999) multilevel framework which includes the organization, this study 

followed the nominalist approach. The researcher bounded this study by using the formal 

structure of the organization. Because the organizational learning framework is 

multilevel, examination of a whole network was appropriate.  

“Whole group network data requires collecting measurements from all the people 

in the group” (Gubbins & Dooley, 2011, p. 104). In whole network studies, missing data 

“is extremely troublesome. If a few highly central players are missing, the resulting 

network could be quite different than it would have been had those people responded” 

(Borgatti et al., 2013, p. 40). Gubbins and Dooley (2011) indicated that an almost 100% 

response rate is required when collecting whole network data. They identified multiple 

limitations associated with the collection of whole network data. Collection of such data 

is time consuming and is primarily focused on relationships within the group rather than 

relationships outside of the group. Another limitation associated with whole network 

studies and the collection of survey data is the required high response rate. Sampling in a 

whole network study “is not typically possible when a researcher is interested in the 

overall structure of a social network” (Scott, 2013, p. 42).  
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To ensure sufficient response rates when examining whole networks, Cross and 

Parker (2004) argued for limiting the number of survey participants to approximately 

250. Anything larger may become unwieldy. To counter the limitation on number of 

respondents participating in a survey, they focused on a subgroup to achieve a more 

“precise understanding of the relationships” (p. 146). Because this was a whole network 

study rather than a sampling of the population, it was appropriate to survey the entire 

department. The department size and the response rate at the research site met the PLS 

requirements and was under the 250 participant limit recommended by Cross and Parker 

(2004). 

Procedures 

Data Collection 

Questionnaires or surveys are the most commonly used method of collecting data 

for social networks (Hennig et al., 2012; Marsden, 2011; Scott, 2013; Wasserman & 

Faust, 1994). As such, “the structure of network questions greatly influences the validity 

and reliability of respondent answers” (Borgatti et al., 2013, p. 45). Social network 

questions are unique in that they are focused on relationships rather than respondent 

attributes (Borgatti et al., 2013). According to Baker, Cross, and Wooten (2003), in 

network research one network question is used to measure each network variable. 

Following Freeman, Romney, and Freeman (1987), network questions are designed “to 

elicit typical or long-term patterns of interaction rather than one-time events” (Baker et 

al., 2003, location 4126). This study used an online survey offered to all employees 

within the organization. Prior to launching the survey, the researcher conducted face-to-

face briefings for each department at the research site (see Appendix D). This was done 
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to provide an overview of the study and of social network analysis since many of the 

participants were not familiar with the construct. During the briefings, particular attention 

was given to providing information on confidentiality and visualization of network data 

to address anonymity concerns that are a part of social network analysis. 

The researcher requested that the head of the organization or designated 

representative send an email to all employees within the organization announcing the 

survey. The head of the organization agreed and an email was sent by a designated 

representative announcing the face-to-face briefing dates and times. After the briefings, 

an email was sent by the head of the research and development organization launching 

the survey (see Appendix C). Along with information on the online survey, the email also 

included information on confidentiality. After the launch of the survey, the researcher 

sent periodic by name reminder emails to organizational members who had not 

completed the survey. In addition to these reminder emails, a point of contact within the 

research site sent periodic reminders to department heads asking them to remind 

participants of the survey and to allow their staff time to complete the survey. The week 

of the survey closing, the research site provided time during the middle of the day along 

with space for organization members to gather to complete the survey. The researcher 

provided lunch during this time in an effort to encourage more members to complete the 

survey.  

The online survey consisted of three sections. The first section was designed to 

gather control data, the second section focused on the network-specific questions related 

to collaboration and information sharing, and the third section contained the Bontis et al. 

(2002) organizational learning survey instrument based on SLAM. The section 
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containing the network-specific questions was designed to gather the independent 

variables of centrality and density. Cross and Parker (2004) recommended including no 

more than two to four network questions in a study. This study contained three network 

questions. The section containing the organizational learning survey was designed to 

gather the dependent variables based on the learning subprocesses of intuiting, 

interpreting, integrating, and institutionalizing (Bontis et al., 2002; Crossan et al., 1999). 

Wasserman and Faust (1994) identified three question formats to use when 

collecting social network data: roster versus free recall, free versus fixed choice, and 

ratings versus complete rankings. When designing a network questionnaire, it must be 

decided whether to provide a roster for respondents to select from or to allow them to 

generate the list of names on their own. This is roster versus free recall. The next question 

format, free versus fixed choice, deals with whether or not to constrain the number of ties 

a respondent may nominate. The third format, ratings versus complete rankings, is 

designed to elicit the “intensity of strength of ties” (Wasserman & Faust, 1994, location 

1677).  

Because this was a whole network study and a high response rate was required, 

this study provided a roster to facilitate responses for the first two network questions. 

This was possible since a priori criteria for network membership existed and the network 

was bounded around the organization’s formal structure with known members. 

Respondents are less likely to commit a recall error if a roster is provided (Borgatti et al., 

2013). While use of a roster can be burdensome to the respondent if the list is too long, a 

way to reduce this is to use “hierarchically organized rosters” (Borgatti et al., 2013, 

p. 48). Additionally, Borgatti et al. (2013) found the use of such rosters to be particularly 
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beneficial with the use of online surveys as was used in this study. The research site had 

also requested that the network questions in the survey be organized by department. For 

these reasons the survey used “hierarchically organized rosters” (Borgatti et al., 2013, p. 

48). Once the decision was made to use rosters that were structured by department 

additional decisions were required regarding how to structure the lists. According to 

Borgatti et al. (2013) there are two main formats to consider when using closed-ended 

questions such as those being used in this study: repeated rosters and multigrids. 

Repeated rosters use the same list of members and repeat the list for each network 

question. “The multigrid format places the lists in a series of columns with each column 

associated with a relational question” (Borgatti et al., 2013, p. 49). While both formats 

have similar impacts related to validity and reliability, the multigrid is more compact and 

can save space in a survey. It can also make “survey appear shorter than it would using 

the repeated roster” (Borgatti et al., 2013, p. 50). For the reasons listed above the 

multigrid format was selected. Borgatti et al. (2013) recommended supplementing roster 

questions to elicit the value of ties by examining their frequency or intensity. Freeman et 

al. (1987) found that survey respondents are more accurate and biased toward long-term 

patterns of interaction. The network questions were in keeping with those used in 

previous research (Cross & Parker, 2004; Gubbins & Dooley, 2011; Ibarra, 1993).  

The third network question was structured as a free recall question with fixed 

choice. The question was structured as a free recall question since it asked about 

relationships outside of the immediate research organization but still within the larger 

organization. In this case, providing a roster would be burdensome due to the size of the 

larger organization. There are opinions for and against fixed choice. Marsden (2011) 
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argued that limiting choice can result in false negatives if the actual number of associates 

the respondent lists exceeds the limit and false positives if additional associates are listed 

simply to reach the limit. Wasserman and Faust (1994) found that fixed choice can 

introduce error since it is unlikely that respondents have exactly the number of associates 

the question is limited to. Taking a different approach, Merluzzi and Burt (2013) 

conducted a study to determine the appropriate number of names to solicit if name 

generators were used for network analysis. They concluded “that five names is the cost-

effective number of sociometric choices to record.” They found that additional names 

could be “expected to be 60-70% redundant with the first five . . . which makes the 

additional burden on respondents of asking for more names questionable” (p. 336). The 

decision was made to limit the number of choices to five in an effort not to overburden 

respondents. 

Data Handling and Storage 

According to Borgatti and Molina (2003), a significant difference between 

conventional studies and network studies is that “anonymity at the data collection stage is 

not possible. For the data to be meaningful, the researcher must know who the respondent 

was to record a link from that respondent to the persons the actor indicates having 

relationships with” (p. 338). They argued that the researcher must ensure the respondent 

understands who will see the data “and what reasonably can be predicted to happen to the 

respondent as a result of someone seeing their responses” (p. 338). Borgatti and Molina 

(2003) laid out another difference between conventional studies and network studies. In 

conventional studies, respondents have consented to participate and usually report on 

themselves. In network studies, respondents may be reporting on nonrespondents. 
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Depending on the study design, people not participating in the study may be identified by 

participants. Because whole network studies cannot be anonymous, particular care must 

be given to maintain confidentiality (Borgatti et al., 2013; Cross & Parker, 2004; Hennig 

et al., 2012). Informed consent must be and was obtained from participants. 

Respondents each received a unique randomly assigned ID number known only 

by the research team. Respondents’ names were used solely for the creation of the 

network maps of the organization. Once the maps were created, names were removed 

from all responses. No name will ever be reattached in any report or analysis. All 

information reported was in aggregated and anonymous form.  

The roster containing names and ID numbers was kept as an electronic password-

protected file, available only to the research team and kept on the primary investigator’s 

computer. All data spreadsheets were protected with a password known only by the 

research team. No names appeared on those spreadsheets, only ID numbers. The roster 

file was deleted once it was known that no follow-up or further contact with respondents 

was required.  

Data Analysis 

Because of its emphasis on relational data, social network analysis differs from 

conventional data analysis (DeJordy, 2015; Hennig et al., 2012; Wasserman & Faust, 

1994). In conventional data analysis, the emphasis is on explaining one independent unit 

or variable, often an attribute, at a time. In network analysis, while individual 

characteristics are still important, the emphasis is on relational data, on how actors 

influence each other and how ideas and material flow (DeJordy, 2015; Hennig et al., 

2012; Wasserman & Faust, 1994). “Social network data consist of at least one structural 
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variable measured on a set of actors” (Wasserman & Faust, 1994, location 1287). 

Structural variables are those that “measure ties of a specific kind between pairs of 

actors” (Wasserman & Faust, 1994, location 1300). Conventional data analysis is based 

on a two-mode rectangular matrix in which the rows are cases and the columns are 

variables and analysis consists of correlating columns (DeJordy, 2015). Rather than each 

column being a variable, the whole matrix is a single variable (DeJordy, 2015).  

Network data were analyzed using the social network analysis software package 

UCINET. Degree, betweenness, and closeness centrality for the collaboration and 

information networks were measured to aid in the identification of core and peripheral 

actors. Density for the collaboration and information networks was measured to examine 

network connectivity. 

Data import. Network data was first entered into a spreadsheet in preparation for 

import into a network analysis software. There are two primary ways to format network 

data, matrix and list formats (Borgatti et al., 2013). The matrix format is appropriate for 

valued datasets as well as attribute data (Borgatti et al., 2013). Attribute and relational 

data were entered in separate matrices. According to Borgatti et al. (2013), most network 

analysis programs require the assignment of numeric values to attributes. This required 

keeping a codebook in order to track the assignment of values to attributes. List formats 

are appropriate when multiple relations are being examined for the same set of actors. For 

the purposes of this study, data were imported using the matrix format. 

In keeping with the original study conducted by Bontis et al. (2002), PLS 

software was used to evaluate the five organizational learning constructs: individual-
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level, group-level, and organizational-level learning stocks as well as feed-forward and 

feed-back learning flows. 

Data transformation. After data is imported into a network analysis software 

package, it must be transformed “to make it suitable for different analyses” (Borgatti et 

al., 2013, p. 62). According to Borgatti et al. (2013), data transformation “focuses on 

common adjustments made to network data, such as imputing missing values, 

symmetrizing, dichotomizing, aggregating and subsetting network data” as appropriate 

(p. 62). Data transformation was done in UCINET. 

Data export. After data was imported, cleaned, and transformed as appropriate, it 

was then exported or transferred to UCINET, NetDraw, and SmartPLS 3. 

Data Presentation 

Visualizing network data provides “a qualitative understanding that is hard to 

obtain quantitatively” (Borgatti et al., 2013, p. 100). Borgatti et al. (2013) set forth that 

“the ability to visualize a social network is one of the attractive features of social network 

analysis” (p. 124). Network maps or diagrams and sociometric matrices were used to 

visualize the data. Layout is critical to emphasize network properties. Use of color, shape, 

size, and line style to appropriately capture and present network properties was carefully 

considered. NetDraw and Excel were used to visualize network data. Standard descriptive 

statistics along with PLS-specific information were used to present the organizational 

learning data. 
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Ethics and Human Subjects Considerations 

To counter anonymity concerns, Borgatti and Molina (2003) argued to avoid 

harming innocents. Avoiding harm was done by removing names and by assigning ID 

numbers known only to the research team. Respondent names were used only to create 

network maps of the organization. Once this was done, names were removed from all 

responses. Names were not included in any report or analysis, and all information 

reported was in aggregated and anonymous form. Additionally, rosters containing names 

and ID numbers were kept as an electronic password-protected file available only to the 

research team. All data spreadsheets were also password protected. 

Borgatti and Molina (2003) also noted that all participants should be provided 

with complete disclosure and nonparticipation should be permitted. Participants were 

given a full understanding of how the data would be processed and what kinds of 

conclusions might be drawn from the study. This was done by introducing the study to 

participants in a series of face-to-face meetings conducted at the organization. This 

information was also included in the informed consent section of the survey. 

Borgatti and Molina (2003) also recommended providing value to participants as 

a way to address anonymity concerns. In terms of providing value, participation was 

voluntary and feedback was provided to the organization in terms of network diagrams 

and a final report.   
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CHAPTER 4:  

RESULTS 

The purpose of this quantitative study was to better understand how social 

network structures affect organizational learning, thereby providing leaders with better 

information and providing for “more successful intervention” options (Cross et al., 2006, 

p. 56). This chapter presents results obtained from an online survey designed to answer 

the research question, How does social network structure affect organizational learning? 

Six hypotheses were proposed to address the research question, in keeping with Bontis et 

al. (2002), the intuiting and interpreting processes were combined under the individual 

level, leaving six hypotheses (Table 4.1). 

 

Table 4.1 

Hypotheses 

Research Question Hypothesis 

How does social 

network structure affect 

organizational 

learning? 

H1a: At the individual level, more exposure to what is flowing 

through the network (centrality) increases the possibility of 

generating new insights and creating shared meaning and is therefore 

positively related to intuiting and interpreting. 

 H1b: Individuals in groups that are more densely connected tend to 

be better positioned to develop tacit knowledge and to share 

knowledge—processes that are positively related to intuiting and 

interpreting. 

 
H2a: More central groups tend to transfer knowledge, a process 

positively related to the creation of a shared understanding and the 

undertaking of collective action (integrating). 

 H2b: Groups that are more densely connected tend to share 

knowledge, which is positively related to integrating. 

 
H3a: At the organization level, decentralized structures better 

facilitate the transfer of codified knowledge, which is positively 

related to institutionalizing. 

 H3b: An organization that is more densely connected tends to 

promote uniformity, which is positively related to institutionalizing. 
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The chapter is divided into six sections. The first describes the research site, 

followed by a description of the response to the survey. The next two sections examine 

survey findings for the social network and organizational learning components of the 

study. The fifth section examines how social network structure affects organizational 

learning, and the chapter concludes with a summary. 

Site Description 

Understanding the study context is crucial since this study focused on an 

organization and its networks. The research site, “Knowledge Organization” 

(pseudonym), is a research and development organization that assists its clients with 

solving their challenging problems. Knowledge Organization has been in existence for 

over 50 years. As a company focused on research and development, it espouses 

knowledge sharing, collaboration, and technical expertise among its values. 

Organizational marketing material states that one of Knowledge Organization’s strengths 

is its ability to bring the expertise of the entire organization in support of meeting their 

clients’ needs. One division and its five departments of Knowledge Organization served 

as the research site. Table 4.2 shows the demographic information for Knowledge 

Organization and the respondents. Numbers in parentheses represent percentage of total 

responses.  

Bringing the weight of the entire organization’s expertise was of such importance 

that the division being studied asked for the inclusion of a third network question aimed 

at discovering who outside the division but within the parent organization its members 

collaborated with. This third question was included in the survey and placed after the 

collaboration and information-seeking social network questions. The results of this 



102 

question were not included in the study since it exceeded study parameters. Results from 

this question will be provided to Knowledge Organization.  

 

Table 4.2 

Knowledge Organization and Respondent Demographic Information 

Category Variable 

Knowledge 

Organization Respondents 

Department 1 6 (3%) 3 (3%) 

 2 55 (27%) 33 (30%) 

 3 51 (25%) 23 (21%) 

 4 50 (24%) 28 (26%) 

 5 43 (21%) 22 (20%) 

Management level 1 41 (20%) 25 (23%) 

 2 150 (73%) 76 (70%) 

 3 14 (7%) 8 (7%) 

Length of employment  

(tenure) 

Low (0-5 years) 107 (52%) 56 (51%) 

Medium (6-9 years) 46 (23%) 30 (28%) 

High (10+ years) 52 (25%) 23 (21%) 

Gender Male 112 (55%) 60 (55%) 

 Female 93 (45%) 49 (45%) 

 

 

 

Department 1 serves as the headquarters element for the division. Division 

members work in 10 separate locations within the United States. Eight percent of the 

organization is located outside of the division’s main office, which is located in a major 

East Coast city. The remaining members are located in one office complex. Figure 4.1 

depicts the organizational chart of Knowledge Organization. 
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Figure 4.1. Knowledge Organization organizational chart. 

 

Survey Responses 

Since the study examined a whole network and learning at the individual, group, 

and organizational levels, the survey (Appendix B) was sent to all members of 

Knowledge Organization, which numbered 214 at the time the survey was sent (Gubbins 

& Dooley, 2011). Adjustments were made for individuals who left the organization 

during the study. Individuals who joined the organization after the study was initiated 

were not included since the survey had already been distributed and their names could not 

be added to the social network questions. At the completion of the study, there were 205 

members of Knowledge Organization. Of the 205, 134 responses were received, for a 

response rate of 65%. Of the 134 responses, 109 respondents completed both the social 

network and organizational learning questions, for a response rate of 53%. Collecting 

sufficient responses is a known limitation when studying whole networks (Borgatti et al., 

2013; Gubbins & Dooley, 2011; Scott, 2013). Based on the response rate, the two social 

networks “may not represent the actual network. However, different social network 

researchers (Freeman et al., 1987; Hammer, 1985; Kimball, Romeny & Weller, 1974) 

argue that specific interactions are not of main concern in network research. However, 

the main interest is in reasonably stable patterns of interactions” (Hamra et al., 2014, 

Department 1

Department 2 Department 3 Department 4 Department 5
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p. 392). Upon review of the responses received, it was determined that sufficient 

responses existed to provide a stable pattern of the networks. 

Social Networks 

The survey generated two separate networks, one for collaboration and one for 

information seeking. Both networks were analyzed separately utilizing the same methods. 

Network testing and analysis were done using UCINET (Borgatti, Everett, & Freeman, 

2002). Network visualization was done using NetDraw (Borgatti, 2002). Testing 

followed processes outlined by Hanneman and Riddle (2005). Data were computed as 

binary, that is, whether each respondent did or did not collaborate with or seek 

information from each of the individuals listed in the survey. Dichotomization, the 

conversion of valued data to binary data, is a common approach to scaling in network 

analysis (Borgatti et al., 2013; Hanneman & Riddle, 2005). Two of the three social 

network questions utilized a six-point Likert scale. Per Borgatti et al. (2013), 

dichotomization was run at different levels to examine effects and then a cut-off point of 

3 was selected. In addition to being computed as binary, data were computed as directed 

to show which way the relationship flowed.  

A network with 109 actors is considered to be a large network (Hanneman & 

Riddle, 2005; Borgatti et al., 2013). “Size is critical for the structure of social relations 

because of the limited resources and capacities each actor has for building and 

maintaining ties” (Hanneman & Riddle, 2005, chapter 7, Basic Demographics). There 

can be interpretation challenges associated with large networks (Borgatti et al., 2013). 

Certain methods are less suitable for large networks “simply because they are based upon 

small-network assumptions” (Borgatti et al., 2013, p. 257). Closeness and betweenness 
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centrality are two such examples. Closeness centrality is important in understanding how 

far an actor is from others and how long it takes information to arrive (DeJordy, 2015). 

Betweenness centrality emphasizes control over information flow (Prell, 2012). Both are 

considered less efficient for larger networks because it takes longer to run the data 

(Borgatti et al., 2013, p. 256). Additionally, closeness is considered less suitable because 

little variance exists in larger networks (Borgatti et al., 2013, p. 257). There can also be 

an issue with closeness if the network is disconnected (Wasserman & Faust, 1994). 

However, both measures were retained because of their importance related to flow of 

information in networks. For both the collaboration and the information-seeking 

networks, the following tests were included: 

• Centrality 

o Degree: How well connected; direct influence; index of exposure to what is 

flowing through the network (DeJordy, 2015) 

o Betweenness: Brokerage; gatekeeping; control of information (DeJordy, 2015) 

o Closeness: How far from all others; how long information takes to arrive 

(DeJordy, 2015) 

o Group centrality: “The number of actors outside the group that are connected 

to members of the group. Since it is a count of the number of actors as opposed 

to the number of edges then multiple ties to the same actors by different group 

members are only counted once” (Everett & Borgatti, 2005, p. 5). 

• Density: “The degree of interlinkage between persons” to whom the individual is 

directly tied (Kapferer, 1969) 
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Collaboration Network 

The first network examined collaboration among actors. Figure 4.2 shows the 

connectivity in the collaboration network. Descriptive statistics for the network are 

shown in Table 4.3. 

 

Figure 4.2. Collaboration network diagram. 

 

Table 4.3 

Descriptive Statistics for Collaboration Network 

Mean SD Sum Variance SSQ MCSSQ Euc 

0.134 0.341 1578 0.116 1578 1366.456 39.724 

Note: SD indicates standard deviation; SSQ, sum of squares; MCSSQ, mean centered sum of 

squares; Euc, Euclidian norm. 

 

Information-Seeking Network 

The second network focused on information seeking. Figure 4.3 shows the 

connectivity in the information-seeking network, and Table 4.4 provides descriptive 

statistics for the network. 
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Figure 4.3. Information-seeking network diagram. 

 

 
Table 4.4 

Descriptive Statistics for Information-Seeking Network 

Mean SD Sum Variance SSQ MCSSQ Euc 

0.173 0.379 2042 0.143 2042 1687.790 45.188 

Note: SD indicates standard deviation; SSQ, sum of squares; MCSSQ, mean 

centered sum of squares; Euc, Euclidian norm. 

 

Centrality 

Centrality is a fundamental concept in social network analysis and helps 

determine who is important in the network (Borgatti et al., 2013; Prell, 2012). Centrality 

has traditionally been applied as an individual measure (Everett & Borgatti, 2005). An 

actor is considered to be central if he or she has many ties (Wasserman & Faust, 1994). 

Central actors are considered to be less dependent on others or more independent because 

they “may have alternative ways to satisfy needs” (Hanneman & Riddle, 2005, Degree 

Centrality). 
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Centralization is the aggregation of measures over all actors to obtain a group-

level measure (Wasserman & Faust, 1994). Borgatti et al. (2013) defined centralization as 

the extent to which “a network is dominated by a single node” and regarded it as a 

characterization of the whole network (p. 158). Vohra and Thomas (2016) expanded on 

this and found that when centralization was high, the network was “dominated by a few 

individuals, and a majority of the people in the organization go to those individuals for 

information” (p. 591). Scott (2013) argued that centralization refers to the overall 

integration of the graph rather than the centrality of an individual actor within the 

network.  

Group centrality is a relatively recent extension of centrality, which has 

traditionally been applied as an individual measure (Everett & Borgatti, 2005). It can 

provide “a natural way to measure the external aspect of the social capital of groups, thus 

providing an independent variable in a study predicting group performance” (Everett & 

Borgatti, 2005, p. 70). 

Table 4.5 depicts centrality measures for the collaboration network and includes 

degree, betweenness, and closeness measures. Centrality measures for the information-

seeking network are shown in Table 4.6. Group centrality is discussed later in the 

chapter. 
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Table 4.5 

Centrality Measures for Collaboration Network 

Centrality 

Measures 
Mean SD Sum Variance SSQ MCSSQ Euc Centralization 

Degree           
   

     Out 14.477 10.947 1578.000 119.827 35906.000 13061.192 189.489 31.327 

     In 14.477 9.062 1578.000 82.121 31796.000 8951.192 178.314 27.589 

Betweenness 128.620 165.030 14020.000 27235.623 4771989.500 2968683.000 2184.488 6.590 

Closeness            
   

    OutCloseness 46.108 8.283 5025.769 68.609 239206.422 7478.383 489.087 Not computed 

     InCloseness 31.709 2.923 3456.311 8.543 10528.289 931.159 332.458 Not computed 

Note: SD indicates standard deviation; SSQ, sum of squares; MCSSQ, mean centered sum of squares; Euc, Euclidian norm. 

 

 

Table 4.6 

Centrality Measures for Information-Seeking Network  

Centrality Measures Mean SD Sum Variance SSQ MCSSQ Euc Centralization 

Degree            
   

     Out 18.734 11.955 2042.000 142.911 53832.000 15577.284 232.017 41.367 

     In 18.734 13.205 2042.000 74.360 57260.000 19005.285 239.291 36.694 

Betweenness 111.789 170.973 12185.000 29231.789 4548414.000 3186265.000 2132.701 7.750 

Closeness            
   

    OutCloseness 49.930 7.476 5442.388 55.889 275996.840 4257.565 25.000 40.050 

     InCloseness 50.337 7.476 5486.697 55.889 82274.030 6091.946 531.295 36.540 

Note: SD indicates standard deviation; SSQ, sum of squares; MCSSQ, mean centered sum of squares; Euc, Euclidian norm. 
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Degree centrality. Degree centrality looks at how well connected actors are and 

is considered to be “an index of exposure” to what is “flowing through the network” 

(Borgatti et al., 2013, p. 165). Wasserman and Faust (1994) argued that an actor with a 

high degree centrality is “‘where the action is’ in the network” (p. 179). Actors with a 

low degree centrality are considered to be peripheral and not as active (Wasserman & 

Faust, 1994). When the relationships being examined are directed, then indegree and 

outdegree centrality are measured. “Indegree centrality is the number of ties received by 

an actor from others, and outdegree centrality is the number of ties given by that actor to 

others” (Prell, 2012, p. 98). Indegree may be seen as prestige or popularity while 

outdegree may be seen as expansiveness (Borgatti et al., 2013; Prell, 2012). It is, 

however, important to note that actors receiving “a lot of information could also suffer 

from ‘information overload’ or ‘noise and interference’ due to contradictory messages” 

(Hanneman & Riddle, 2005, Basic Demographics). 

Collaboration network. On average, actors in the collaboration network had a 

degree of 14.477, which can be considered low given that there are 109 other actors in the 

network (Table 4.5). This means that on average, actors had 15 ties of a possible 1,578 

collaborative ties. There was more variability across the actors in outdegree than indegree 

centrality. Both outdegree and indegree centrality can be considered low. Since degree 

centrality is focused on the numbers of others directly tied to the actor, it is not surprising 

for a large network such as this one to have low degree centrality (Prell, 2012).  

Individual actors with degree centrality scores above the mean were considered to 

have a high degree of centrality for this network. Forty-four actors fell into this range for 
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outdegree centrality, who may be considered the most active in the collaboration 

network. Individual actors with high outdegree centrality could be regarded as the most 

influential. Department 4 had the most actors with high outdegree centrality. Of the 44 

actors, 17 were managers and 27 were nonmanagers. There were 13 actors with low 

tenure, 18 with medium tenure, and 13 with high tenure within the organization. At 25, 

women represented a higher number of actors than men with above mean outdegree 

centrality scores.  

Actors with high indegree centrality scores, those who receive ties from others, 

can be considered popular or prestigious within the network. There were 52 actors with 

indegree centrality scores above the mean. Departments 2 and 4 had the largest number 

of those with a high indegree score, at 17 individuals each. Of the 52 actors with high 

indegree centrality scores, 19 were managers and 33 were nonmanagers. There were 19 

actors with low tenure, 18 with medium tenure, and 15 with high tenure within the 

organization. Women represented a slightly higher number of actors who could be 

regarded among the most popular, with 29 having above mean indegree centrality scores, 

while 23 men had above mean scores.  

Cross, Rebele, and Grant (2016) argued: 

The lion’s share of collaborative work tends to fall on women. They’re 

stereotyped as communal and caring, so they’re expected to help others with 

heavy workloads, provide mentoring and training to more-junior colleagues, 

recruit new hires, and attend optional meetings. (p. 79) 

The highest outdegree for any actor was 48 and the lowest was 0. The highest 

indegree of any actor was 44 while the lowest was 1. The outdegree centralization was 
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31.327% and the indegree centralization was 27.589%, which indicated a moderate 

amount of degree centralization in the collaboration network. A high centralization score 

would indicate that the network’s density was highly dependent on a small number of 

actors, while a low to moderate centralization score would indicate that the core of the 

network was composed of a larger number of actors or nodes (Prell, 2012). With high 

centralization, information is more efficiently distributed because once the core has the 

news it spreads quickly. With low to moderate centralization, the news takes longer to 

diffuse because it has to go through a larger number of actors or nodes (Prell, 2012).  

Information-seeking network. Because the survey asked who the respondent 

sought information from, if Respondent A lists Person B, this is an outgoing tie from A, 

but the flow of information “is incoming to A” (Borgatti et al., 2013, p. 176). A high 

outdegree in the information-seeking relation means that an actor is receiving information 

from others, while a high indegree indicates the actor is sending information to many 

others (Borgatti et al., 2013). On average, actors had a degree centrality of 18.734, which 

is considered to be low, even though it is higher than the degree centrality of the 

collaboration network (Table 4.6). Again, given the size of the network, this is not 

unexpected. There was more variance across indegree than outdegree. 

Individual actors with degree centrality scores above the mean were considered to 

have a high degree of centrality for this network. A total of 49 actors fell into this range 

for outdegree centrality and may be considered the most active in the information-seeking 

network. Department 4 had the most actors with high outdegree centrality. Of the 49 

actors, 17 were managers and 32 were nonmanagers. There were 17 actors with low 
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tenure, 19 with medium tenure, and 13 with high tenure within the organization. At 27, 

women represented a higher number of actors with above mean outdegree centrality 

scores.  

There were 48 actors with indegree centrality scores above the mean, indicating 

they sent information to many others. Department 4 had the largest number of those with 

a high indegree centrality score, with 16 individuals. Of the 48 actors with high indegree 

centrality scores, 20 were managers and 28 were nonmanager. There were 15 actors with 

low tenure, 19 with medium tenure, and 14 with high tenure within the organization. 

Women represented a higher number of actors, at 25, having above mean degree 

centrality scores.  

The highest outdegree for any actor was 63 and the lowest was 1. The highest 

indegree of any actor was 58, while the lowest was 1. The outdegree centralization was 

41.367% and the indegree centralization was 36.694%, which indicates a moderate 

amount of degree centralization in the collaboration network. Overall, the information-

seeking network had higher degree centralization scores than the collaboration network, 

indicating greater connectivity among actors and more exposure to what was “flowing 

through the network” (Borgatti et al., 2013, p. 165).  

Betweenness centrality. Betweenness centrality takes the rest of the network into 

consideration when calculating a score for an individual actor and is about placement in 

the network rather than how many actors a person knows in the network (Prell, 2012). 

“Betweenness centrality calculates how many times an actor sits on the geodesic (i.e. the 

shortest path) linking two other actors together” (Prell, 2012, p. 104). Betweenness 
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centrality is generally interpreted in terms of controlling what is flowing in the network; 

it is about brokerage or gatekeeping (Borgatti et al., 2013). High betweenness actors are 

in a position to control information. According to Prell (2012), betweenness centrality 

best captures the most important or influential members of the network. Compared to 

other centrality measures, betweenness “results in a higher amount of variance among 

actors” (Prell, 2012, p. 106).  

Collaboration network. In a large network such as the collaboration network, 

“betweenness tends to produce much more variance” (Borgatti et al., 2013, p. 257). This 

is evident in Table 4.5, where the variance for the betweenness measure was 27,235.623.  

Individual actors with betweenness centrality scores above the mean could be 

considered gatekeepers and among the most influential members of the network. There 

were 34 actors with betweenness centrality scores above the mean. At 10, Department 2 

had the largest number of actors with above mean betweenness centrality scores. There 

were 15 managers and 19 nonmanagers with above mean scores. Four of the five highest 

betweenness centrality scores in the collaboration network belonged to managers, 

underscoring alignment of formal and informal structures within the organization. Ten 

actors with low tenure had above mean betweenness centrality scores, while 13 had 

medium tenure and 11 had high tenure. There were 16 men and 18 women with above 

mean betweenness centrality scores. The highest betweenness centrality score in the 

collaboration network was 883.051 and the lowest score was 0. Network centralization 

was 6.59%, which can be considered low but was not unexpected given the size of the 

network. 
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Information-seeking network. As with the collaboration network, there was a 

large amount of variance in the information-seeking network. Table 4.6 shows that the 

variance for the betweenness measure was 29,231.789.  

Individual actors with betweenness centrality scores above the mean could be 

considered gatekeepers and among the most influential members of the network. There 

were 28 actors with betweenness centrality scores above the mean. At 9, Department 2 

had the largest number of actors with above betweenness centrality scores. There were 15 

managers and 13 nonmanagers with above mean scores. Three of the five highest 

betweenness centrality scores in the collaboration network belonged to managers. This is 

in keeping with Cross and Sproull (2004), who argued that “hierarchical superiors were 

valued for solutions, referrals, validation, and legitimation” (p. 458). Seven actors with 

low tenure had above mean betweenness centrality scores, while 11 had medium tenure 

and 10 had high tenure. There were 15 men and 13 women with above mean betweenness 

centrality scores. The highest betweenness centrality score in the collaboration network 

was 998.975 and the lowest score was 0. Network centralization was 7.75%, which can 

be considered low but again was not unexpected given the size of the network. 

For both the collaboration and information-seeking networks, Department 2 had 

the largest number of actors with above mean betweenness centrality scores, indicating it 

had the largest number of gatekeepers or brokers within the division. In both networks, 

more gatekeepers tended to have longer tenure within the organization. For the 

collaboration network, women represented 53% of those with above mean betweenness 
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centrality scores, while men represented 47%. In the information-seeking network, 

women represented 46% of those with above mean scores, while men represented 54%.  

Closeness centrality. Closeness centrality “emphasizes an actor’s independence” 

(Prell, 2012, p. 107). An independent actor is one who is close to many others and can 

reach out to others without a heavy reliance on intermediaries; such an individual is not 

dependent on others to relay what is flowing through the network (Prell, 2012). 

“Closeness is an inverse measure of centrality in the sense that large numbers indicate 

that a node is highly peripheral, while small numbers indicate that a node is more central” 

(Borgatti et al., 2013, p. 172). “A node that has a high normalized closeness score is a 

short distance from most others, so information originating at a random node can 

potentially reach the central node very quickly” (Borgatti et al., 2013, p. 172). Closeness 

centrality is considered of “limited use” and can be problematic in large networks 

(Borgatti et al., 2013, p. 173). This is because the distance between actors is considered to 

be “undefined since there is no path between them” (Borgatti et al., 2013, p. 173). “In 

large networks, we typically find that most nodes are pretty far from a lot of nodes, so the 

closeness measure tends to have very low variance, making it difficult to distinguish 

between nodes” (Borgatti et al., 2013, p. 250).  

Collaboration network. Low variance was present in the collaboration network, 

where the variance was 68.609 for outcloseness and 8.543 for incloseness. Network 

centralization was not computed for this unconnected graph. 

Information-seeking network. Since the information network is composed of the 

same actors as the collaboration network, it is considered to be a large network as well, 
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with low variance of 39.060 for outcloseness and 55.889 for incloseness. Network in-

centralization was 36.54% and out-centralization was 40.05%. 

Group centrality. While centrality has traditionally been applied as an individual 

measure, Everett and Borgatti (1999) extended the network measure to apply to groups. 

For both networks, the measure was applied to the a priori groups of departments. “This 

measure allows centrality to be compared across networks of varying sizes”—in the case 

of this study, the five departments of Knowledge Organization (Scott, 2013, p. 89).  

Collaboration network. Examining group centrality for the collaboration network 

(Table 4.7), Department 5 had the greatest outdegree centrality score and could be 

considered the most influential department. Department 2 might be regarded as the most 

prestigious, in that it received the most ties from many sources (Hanneman & Riddle, 

2005). Department 1 sent and received the least amount of collaborative ties.  

 

Table 4.7 

Group Centrality for Collaboration Network 

Department OutDegree InDegree 

1 0.491 0.575 

2 0.789 0.789 

3 0.663 0.616 

4 0.728 0.679 

5 0.828 0.667 

 

 

 

Information-seeking network. Again, based on question wording in the survey, a 

high indegree means sending information to others, while a high outdegree means 

receiving information from others. Examining group centrality for the information-

seeking network (Table 4.8), Department 5 could be regarded as the most influential 
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because it received the most information-seeking ties from other departments. 

Department 5 also sent the most information-seeking ties to other departments. 

Department 1 received the least amount of information-seeking ties from other 

departments, while Department 3 sent the least amount of information-seeking ties to 

other departments.  
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Table 4.8 

Group Centrality for Information-Seeking Network 

Department OutDegree InDegree 

1 0.509 0.708 

2 0.803 0.816 

3 0.698  0.674  

4 0.765 0.802 

5 0.828 0.828 

 

Density 

Prell (2012) argued that density is concerned with the extent to which network 

actors are linked together. Larger networks tend to have lower density (Prell, 2012). 

Density is a measure of connectedness, or cohesion.  

Collaboration network. The overall density for the collaboration network was 

0.134. That is, 13.4% of all possible collaborative ties were present. For the collaboration 

network, 1,578 collaborative ties existed for the possible 11,772 (Table 4.9). According 

to Prell (2012), larger networks tend to have lower density, and this was borne out in the 

collaboration network. 

 

Table 4.9 

Density for Collaboration Network 

Density # of Ties SD Avg Degree 

0.134 1578 0.341 14.477 

 

 

 

Information-seeking network. The overall density for the information-seeking 

network was 0.173, meaning that 17.3% of all possible ties were present. For the 

information-seeking network, 2,042 information-seeking ties existed for the possible 

11,772 (Table 4.10). Again, according to Prell (2012), larger networks tend to have lower 
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density, and this was borne out in the information-seeking network as it was with the 

collaboration network. The information-seeking network was slightly more dense than 

the collaboration network, with 17.3% of possible ties present versus 13.4%. 

 

Table 4.10 

Density for Information-Seeking Network 

Density # of Ties SD Avg Degree 

0.173 2042 0.379 18.734 

 

 

 

Group density. Collaboration network. Table 4.11 shows the density 

within/between groups for the collaboration network. Departments 1, 3, and 5 had the 

highest density with their own departments. This indicates that in most departments, there 

was more intragroup collaboration than intergroup collaboration. Departments 2 and 4 

were the exceptions; more of their collaboration was done with Department 1. 

Department 1 also collaborated more with Department 2 and 4 than with the other 

departments. However, all departments collaborated more with Department 1 than with 

other departments. 

 

Table 4.11 

Density Within/Between Groups Collaboration Network 

 Department 

Department 1 2 3 4 5 

1 1.000 0.253 0.159 0.357 0.167 

2 0.283 0.209 0.053 0.092 0.070 

3 0.145 0.043 0.198 0.084 0.111 

4 0.405 0.095 0.073 0.362 0.067 

5 0.273 0.105 0.111 0.075 0.299 
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Table 4.12 shows ties within each department for the collaboration network. 

Department 1 had the highest within-group density, meaning that the extent to which 

actors in Department 1 were linked together was greater than in the other departments. 

Department 3 had the lowest within-group density. 

 

Table 4.12 

Ties Within Each Group Collaboration Network 

 # of Ties Density 

Department 1  6 1.00 

Department 2 220 0.209 

Department 3 100 0.198 

Department 4 274 0.362 

Department 5 138 0.299 

 

 

 

Information-seeking network. Table 4.13 shows the density within/between 

groups for the information-seeking network. With the exception of Department 3, the 

departments had higher density scores with Department 1, meaning there was more 

intergroup than intragroup information seeking. However, there was still significant 

intragroup information seeking. More departments sought information from Department 

1 than other departments. Department 1 sought the most information from Department 4.  

 

Table 4.13 

Density Within/Between Groups Information-Seeking Network 
 

Department 
Department 1 2 3 4 5 

1 0.833 0.222 0.145 0.429 0.242 

2 0.394 0.302 0.058 0.131 0.092 

3 0.246 0.059 0.247 0.098 0.128 

4 0.500 0.108 0.085 0.466 0.096 

5 0.439 0.132 0.121 0.102 0.413 
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The ties within each department for the information-seeking network are shown in 

Table 4.14. As with the collaboration network, Department 1 had the highest within-

group density. Department 3 had the lowest within-group density. Department 3 had the 

lowest within-group density score for the collaboration network as well. 

 

Table 4.14 

Ties Within Each Group Information-Seeking Network 

 # of Ties Density 

Department 1 5 0.833 

Department 2 319 0.302 

Department 3 125 0.247 

Department 4 352 0.466 

Department 5 191 0.413 

 

 

 

Figure 4.4 shows the collaboration network by department, and Figure 4.5 shows 

the information-seeking network by department.  
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Figure 4.4. Collaboration network by department. 

 

 

Figure 4.5. Information-seeking network by department. 
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Summary of Network Results 

Measures of centrality, centralization, and group centrality tended to be low due 

to the large size of the networks. With the exception of betweenness, centrality values 

were generally higher in the information-seeking network than in the collaboration 

network. For both the collaboration and information-seeking networks, Department 2 had 

the largest number of actors with above mean betweenness centrality scores, indicating 

they had the largest number of gatekeepers. In both networks, more central actors tended 

to have longer tenure within the organization (Figures 4.6 and 4.7). 

 

 

Figure 4.6. Collaboration network by tenure. 
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Figure 4.7. Information-seeking network by tenure. 

 

 

 

Departments 2 and 4 had more highly connected members for outdegree and 

indegree centrality in both the collaboration and information-seeking networks. For both 

networks, women had more above mean indegree and outdegree centrality scores. 

Department 2 had the most members with above mean betweenness centrality scores in 

both the collaboration and information-seeking networks. This indicates that individuals 

in Department 2 were better positioned to control what flowed through the networks and 

could be considered among the most influential in both networks. For both networks, 

managers had more members in the top five betweenness centrality scores than 

nonmanagers. For the collaboration network, more women had above mean betweenness 

centrality scores, while in the information-seeking network, more men had above mean 

betweenness centrality scores, although the differences between them were not 

significant. 
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Again, due to the large size of the networks, density measures tended to be low. 

The information-seeking network was slightly more dense than the collaboration 

network. In the collaboration network, there was slightly more intragroup than intergroup 

collaboration. However, all departments collaborated more with the headquarters element 

than with other departments. In the information-seeking network, with the exception of 

Department 3, the remaining departments had higher density scores with Department 1, 

meaning there was more intergroup than intragroup information seeking. However, there 

was still significant intragroup information seeking. Department 1 had the highest within-

group density for both networks, meaning it had a higher degree of interlinkage within its 

department than the other departments did. Department 3 had the lowest within-group 

density in both the collaboration and information-seeking networks. 

The organizational learning results are discussed next, followed by an 

examination of how the social network structure affected organizational learning. This 

final section of the chapter includes an analysis on whether or not the hypotheses were 

supported. 

Organizational Learning 

The organizational learning data followed the Bontis et al. (2002) study and used 

partial least squares (PLS) to evaluate the organizational learning constructs: “three 

learning stocks—individual, group and organization; and two learning flows—feed-

forward and feed-back” (p. 441). The survey included the same 70 measurement items, or 

indicators, relating to these constructs as well as performance that were used in the Bontis 

et al. (2002) survey instrument. The full survey, including the social network questions, is 
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included in Appendix B. The data were analyzed using SmartPLS 3 software (Ringle et 

al., 2015). Following Bontis et al. (2002), PLS was used to test reliability and validity for 

60 of the measurement items. Only the management measurement items were excluded.  

Hair et al. (2017) laid out a six-stage process for use of PLS. “Stage 1 is 

specifying the structural model. Stage 2 is selecting and specifying the measurement 

models. Stage 3 summarizes the major guidelines for data collection” (Hair et al., 2017, 

p. 37). Stage 4 is estimating the model, Stage 5 is evaluating the measurement model, and 

Stage 6 is evaluating the structural model. Many of the steps involved were 

predetermined since the Bontis et al. (2002) instrument and models were followed. 

However, some steps were modified or added due to recent “substantial changes in the 

understanding and use of PLS” (Henseler, Hubona, & Ray, 2015, p. 2).  

Stage 1: Specifying the Structural Model 

Preparation of a diagram that represents “the research hypotheses and displays the 

variable relationships that will be examined” is an important first step in specifying the 

structural model (Hair et al., 2017, p. 37). “The structural model describes the 

relationships between latent variables (constructs)” (Hair et al., 2017, p. 44). The 

structural model is also known as the inner model (Henseler et al., 2015). Bontis et al. 

(2002) built three PLS models (Figure 4.8).  
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Figure 4.8. Partial least squares model (Bontis et al., 2002). Reprinted with permission from 

Wiley. 

 

 

 

The base model examined the relationship between performance and the control 

variables, excluding the organizational learning stock and misalignment constructs 

(Bontis et al., 2002). The original Bontis et al. (2002) study used six control variables: 

asset size, number of mutual funds, number of employees, tenure (length of current 

employment per respondent), senior-management level, and middle-management level. 

Since their study examined multiple organizations, the mutual fund, asset size, and 

number of employees variables were used to control for organizational size (Bontis et al., 

2002). This study, which examined only one organization, utilized the following control 

variables: department (five), management level (three levels based on Knowledge 

Organization structure), gender (male or female), and tenure (length of current 

employment within Knowledge Organization per respondent separated into three levels, 

low, 0-5 years; medium, 6-9 years; and high, 10+ years). The number of organizations 
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being examined and the addition of social network analysis resulted in differing control 

variables. The control variables were transformed into dummy variables. Model 1 

included the control variables and the organizational learning constructs. Model 2 

included the control variables, the organizational learning constructs, and a misalignment 

measure. This study followed the Bontis et al. (2002) definition of misalignment “as the 

difference between levels of stocks and flows” and “suggests there is learning that is not 

being absorbed by the organization” when misalignment exists (p. 446). The variable was 

constructed by averaging the individual-, group-, and organization-level learning stocks 

to provide a combined learning stock score and then subtracting from that score the 

average of the feed-forward and feed-back scores. Bontis et al. (2002) argued that 

misalignment had a negative association with performance.  

Stage 2: Specifying Measurement Models 

While the structural model examines the relationships between constructs, 

measurement models examine “the relationships between constructs and their 

corresponding indicator variables” (Hair et al., 2017, p. 44). The measurement model is 

also known as the outer model (Henseler et al., 2015). The indicator variables in this 

study were the 60 measurement items from the Bontis et al. (2002) survey, excluding 

management items. There were 10 indicator variables per construct.  

There are two types of measurement models: reflective and formative (Hair et al., 

2017; Hulland, 1999). This study followed Bontis et al. (2002) and utilized a reflective 

model. In reflective models, the causal priority between the indicator and the construct 

moves from the construct to the indicators, whereas in formative models the causal 
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priority moves from the indicators to the construct (Hair et al., 2017). The control 

variables in the model used in this study differed from those used in the Bontis et al. 

(2002) study. Otherwise, the constructs used were the same. 

Stage 3: Data Collection and Examination 

One of the primary issues that arises from collecting data using questionnaires or 

surveys is missing data. Following Hair et al. (2017), survey responses with missing data 

that exceeded 15% were removed from the data file. A total of 89 responses were 

removed, leaving 116 organizational learning responses. An additional seven responses 

were removed that did not have sufficient social network responses, for a total of 109 

responses. The software used to examine the organizational learning data was SmartPLS 

3 (Ringle et al., 2015). SmartPLS 3 (Ringle et al., 2015) “offers three ways of handling 

missing data” (Hair et al., 2017, p. 57). The first replaces missing values with the mean of 

valid values. This is known as mean value replacement. Hair et al. (2017) recommended 

using mean value replacement “when there are less than 5% values missing per indicator” 

(p. 57). The second option is known as casewise deletion and removes all cases that 

include missing data. Hair et al. (2017) cautioned that when using casewise deletion, it is 

important to ensure that certain groups of respondents are not systematically deleted. The 

third option, known as pairwise deletion, is not recommended since it can result in 

different calculations in the analysis being based on different samples sizes, “which can 

bias the results” (Hair et al., 2017, p. 58). For this study, the mean replacement option 

was used to manage missing organizational learning data. The responses were also 



131 

visually inspected to identify suspicious response patterns. No such patterns were 

identified. 

It is also important to examine data distribution. While PLS “does not require the 

data to be normally distributed,” it is still “important to verify that the data are not too far 

from normal as extremely nonnormal data prove problematic in the assessment of the 

parameters’ significances” (Hair et al., 2017, p. 61). Two measures of distribution were 

examined: kurtosis and skewness (Hair et al., 2017). “Distributions exhibiting skewness 

and/or kurtosis that exceed these guidelines are considered nonnormal” (Hair et al., 2017, 

p. 61). Kurtosis examines whether the distribution is very narrowly distributed “with 

most responses in the center,” while skewness “assesses the extent to which a variable’s 

distribution is symmetrical” (Hair et al., 2017, p. 61). According to Hair et al. (2017), for 

kurtosis, the distribution is considered too peaked if it is greater than +1 and too flat if 

less than -1. For the nonnormal conditions, kurtosis ranged from 1.028 to 4.771 and from 

-1.082 to -1.995. The most peaked indicator was Performance Indicator 6 (“Our group 

performs well as a team”). A similar guideline applies for skewness: “If the number is 

greater than +1 or lower than -1, this is an indication of a skewed distribution” (Hair et 

al., 2017, p. 61). For the nonnormal conditions, skewness ranged from -1.009 to -1.738. 

Again, the most peaked indicator was Performance Indicator 6.  

Stage 4: Estimating the Model 

After data examination, “algorithmic options and parameter settings must be 

selected” to estimate the PLS path modes (Hair et al., 2017, p. 89). Hair et al. (2017) 

recommended the following settings in SmartPLS 3 to initiate model estimation: 
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selection of “the path weighting scheme as the weighting method”; “use of +1 as the 

initial value for all outer weights”; selection of “a stop criterion of 1 • 10-7”; and selection 

of “a value of at least 300 for the maximum number of iterations” (p. 91). These criteria 

were followed and entered in SmartPLS 3.  

After selecting the appropriate settings, the PLS algorithm was run first using 

Consistent PLS (PLSc) and then with Consistent Bootstrapping. PLSc is “a variant of the 

standard PLS-SEM algorithm, which provides consistent model estimates that 

disattenuate the correlations between pairs of latent variables” (Hair et al., 2017, p. 314). 

PLSc provides for corrected model estimates and was introduced as an approach by 

Dijkstra and Henseler in 2015. More specifically, it corrects the correlation between two 

latent variables for measurement error (Hair et al., 2017). 

Bootstrapping “is used to determine standard errors of coefficients to assess their 

statistical significance without relying on distributional assumptions” (Hair et al., 2017, 

p. 313). Bootstrapping is done to derive a distribution, which is used “as basis for 

significance testing” since PLS “does not make any assumptions regarding the 

distribution of the data” (Hair et al., 2017, p. 87). 

Stage 5: Evaluating the Measurement (Outer) Model 

Hair et al. (2017) argued that the most important metrics for the measurement 

model are “reliability, convergent validity, and discriminant validity” (p. 105). Reliability 

for reflective models is assessed for internal consistency. Internal consistency reliability 

measures include Cronbach’s alpha and composite reliability, although composite 

reliability is considered the more appropriate measure (Hair et al., 2017). 
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“Cronbach’s alpha is a conservative reliability measure, since it most likely 

underestimates the true reliability of construct measures. On the contrary, composite 

reliability is generally a liberal estimate because it draws on the outer loadings, which are 

typically somewhat inflated. The true reliability of latent variables usually lies between 

Cronbach’s alpha and composite reliability” (Hair et al., 2017, p. 301). A Cronbach’s 

alpha between 0.60 and 0.90 is regarded as acceptable (Hair et al., 2017). All constructs 

had values above 0.90, with the exception of the feed-back learning flow, which had a 

value of 0.875.  

Composite reliability “takes into account the different outer loadings of the 

indicator variables” (Hair et al., 2017, p. 111). Composite reliability is interpreted in a 

similar fashion as Cronbach’s alpha, with values between 0.60 and 0.90 being regarded as 

acceptable (Hair et al., 2017). All constructs had values between 0.90 and 0.95. “Values 

above 0.90 (and definitely above 0.95) are not desirable because they indicate that all 

indicator variables are measuring the same phenomenon and are therefore not likely to be 

a valid measure of the construct” (Hair et al., 2017, p. 112). Composite reliability is 

considered the more reliable measure for internal consistency reliability values over 

Cronbach’s alpha.  

“Convergent validity means the construct includes more than 50% of the 

indicator’s variance” (Hair et al., 2017, p. 133). Indicators in a reflective construct are 

considered as separate measures of that construct and should therefore “share a high 

proportion of variance” (Hair et al., 2017, p. 113). The indicator’s outer loadings, 

indicator reliability, and the average variance extracted (AVE) are approaches to 



134 

evaluating convergent validity. The AVE is considered to be the primary measure of 

convergent validity.  

It is important for the outer loadings of all indicators to be statistically significant. 

The general rule of thumb is that the outer loadings should be at 0.70 or higher (Hair et 

al., 2017; Hulland, 1999; Shimp & Sharma, 1987). Researchers recommend reviewing 

indicators with outer loadings below 0.70 to assess the effects of removing the items on 

composite reliability. In the Bontis et al. (2002) study, all indicators with outer loading 

values below 0.70 were removed. In this study, the indicators with outer loadings below 

the recommended 0.70 were reviewed and were also removed. With the removal of 

several indicators with low loadings, the AVE values for the feed-back learning flow 

were raised to an acceptable level. Table 4.15 summarizes the estimated loadings for each 

measurement item from the survey excluding management items, social network items, 

and those related to the control variables. The table also shows which loadings were 

removed. 

Deleted items did show patterns in the group-level learning stock and feed-back 

learning flow constructs. Items related to sharing successes and failures were deleted 

from the group-level learning stock. Items related to training and recruitment were 

deleted from feed-back.  
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Table 4.15 

Estimated Loadings for Measurement Items 

Discriminant Validity

Indicator 

Reliability AVE

Composite 

Reliability

Cronbach's 

Alpha

>0.70 >0.50 >0.50 0.60-0.90 0.60-0.90

HTMT confidence 

interval does not 

include 1

II1 5.917 1.050 0.757  0.574

II2 5.706 1.128 0.723  0.523

II3 5.798 1.195 0.811  0.658

II4 5.477 1.238 0.835  0.698

II5 5.835 1.027 0.662 removed 0.438

II6 5.991 1.036 0.811  0.658

II7 5.523 1.122 0.813  0.661

II8 5.550 1.215 0.775  0.600

II9 5.037 1.203 0.753  0.566

II10 5.138 1.337 0.729  0.532

GG1 5.495 1.253 0.744  0.554

GG2 5.890 1.160 0.607 removed 0.368

GG3 4.615 1.619 0.676 removed 0.457

GG4 5.312 1.399 0.749  0.560

GG5 4.651 1.436 0.763  0.583

GG6 5.018 1.234 0.798  0.636

GG7 4.752 1.376 0.778  0.606

GG8 4.734 1.261 0.791  0.626

GG9 5.651 1.259 0.779  0.607

GG10 5.385 1.218 0.764  0.583

OO1 4.917 1.213 0.843  0.710

OO2 4.734 1.147 0.792  0.627

OO3 4.771 1.239 0.864  0.746

OO4 4.450 1.303 0.796  0.634

OO5 4.826 1.433 0.801  0.641

OO6 4.881 1.239 0.845  0.715

OO7 4.312 1.425 0.775  0.600

OO8 5.083 1.389 0.774  0.599

OO9 4.376 1.578 0.710  0.504

OO10 5.358 1.385 0.775  0.601

FF1 4.725 1.556 0.738  0.544

FF2 3.982 1.614 0.769  0.592

FF3 4.606 1.434 0.772  0.596

FF4 4.211 1.434 0.808  0.652

FF5 3.881 1.578 0.723  0.523

FF6 4.899 1.452 0.778  0.606

FF7 5.165 1.303 0.498 removed 0.248

FF8 4.982 1.446 0.702  0.493

FF9 3.596 1.478 0.754  0.569

FF10 4.596 1.428 0.824  0.680

FB1 4.450 1.331 0.818  0.670

FB2 4.624 1.567 0.723  0.523

FB3 5.119 1.098 0.745  0.555

FB4 4.954 1.553 0.663 removed 0.440

FB5 4.560 1.576 0.692 removed 0.478

FB6 4.385 1.544 0.809  0.655

FB7 4.743 1.588 0.809  0.654

FB8 4.615 1.832 0.612 removed 0.374

FB9 4.083 1.719 0.665 removed 0.443

FB10 3.807 1.588 0.018 removed 0.000

PERF1 5.578 1.128 0.905  0.819

PERF2 5.596 1.134 0.851  0.724

PERF3 4.780 1.517 0.811  0.658

PERF4 5.431 1.330 0.868  0.753

PERF5 5.807 1.121 0.814  0.663

PERF6 5.661 1.206 0.720  0.518

PERF7 5.541 1.018 0.722  0.521

PERF8 5.716 1.059 0.853  0.728

PERF9 5.844 0.997 0.827  0.684

PERF10 5.771 0.905 0.701  0.491

0.950 0.941 Yes

Convergent Validity Internal Consistency Reliability

0.914 Yes

0.909 0.875 Yes

0.937 Yes

0.920 Yes

0.907 Yes

Latent Variable
Item no/ 

Indicator

Sample 

Mean

Standard 

Deviation

0.929

0.946

0.934

0.925

0.612

0.606

0.638

0.594

Loadings

0.666

0.656

II

GG

OO

FF

FB

PERF

 
Note: II indicates individual level; GG, group level; OO, organization level; FF, feed-forward; FB, feed-

back; PERF, performance; AVE, average variance extracted; HTMT, Heterotrait-Monotrait ratio. 
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Indicator reliability is the square of the outer loading and “represents how much 

of the variation in an item is explained by the construct” (Hair et al., 2017, p. 113). The 

generally accepted rule of thumb for indicator reliability is that it should explain at least 

50% of the variance (Hair et al., 2017; Hulland, 1999). All constructs with the exception 

of the organization-level learning flow had multiple indicators with indicator values 

below the recommended 0.50 (Table 4.15). Individual Indicator 5 was removed for low 

loadings. Group Indicators 2 and 3 were removed for low loadings. Feed-forward 

Indicator 7 was removed due to low loadings. Feed-back Indicators 4, 5, 8, 9, and 10 

were removed due to low loadings. All other indicators with internal consistency 

reliability below the recommended value were retained in the model.  

The AVE is considered the primary measure of convergent validity (Hair et al., 

2017; Henseler et al., 2015). An AVE of 0.5 or higher is regarded as acceptable (Henseler 

et al., 2015; Hair et al., 2017). Prior to the removal of outer loadings below 0.70, the 

feed-back construct had an AVE of 0.479. After the removal of the outer loadings below 

0.70, as indicated in Table 4.15, all constructs had acceptable AVE values. This means 

that the constructs explained more than half of the variance of its indicators and reflected 

the communality of the construct (Hair et al., 2017). Since all measures were above 0.50, 

they had sufficient levels of convergent validity, “indicating all constructs are valid 

measures of unique concepts” (Hair et al., 2017, p. 126).  

“Discriminant validity means that every reflective construct must share more 

variance with its own indicators than with other constructs in the path model”; it is a 

measure of how distinct each construct is (Hair et al., 2017, p. 133). Researchers typically 
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consider three approaches to discriminant validity: cross-loadings, the Fornell-Larcker 

criterion, and the Heterotrait-Monotrait ratio (HTMT) (Hair et al., 2017; Henseler et al., 

2015). Recent research suggests that of the three approaches, the HTMT is the most 

reliable in detecting issues related to discriminant validity (Hair et al., 2017; Henseler et 

al., 2015). “The HTMT is an estimate for the factor correlation (more precisely, an upper 

boundary). In order to clearly discriminate between two factors, the HTMT should be 

significantly smaller than one” (Henseler et al., 2015, p. 11). Since PLS “does not rely on 

any distributional assumptions, standard parametric significance tests cannot be applied 

to test whether the HTMT statistic is significantly different from 1. Instead, researchers 

have to rely on a procedure called bootstrapping to derive a distribution of the HTMT 

statistic” (Hair et al., 2017, p. 119). Table 4.16 shows the HTMT for each construct. The 

lower (2.5%) and upper (97.5%) bounds of the confidence interval are shown, and none 

of the intervals show the value of 1, thereby demonstrating discriminant validity.  

 

Table 4.16 

Heterotrait-Monotrait Ratio 
 

Original Sample Sample Mean 2.5% 97.5% 

Individual -> Feed-back 0.638 0.635 0.474 0.772 

Individual -> Feed-forward 0.598 0.600 0.463 0.724 

Individual -> Group 0.844 0.842 0.753 0.913 

Group -> Feed-back 0.682 0.679 0.515 0.813 

Group -> Feed-forward 0.597 0.596 0.444 0.733 

Organization -> Feed-back 0.790 0.789 0.657 0.892 

Organization -> Feed-forward 0.783 0.783 0.674 0.872 

Organization -> Group 0.765 0.764 0.641 0.861 

Organization -> Individual 0.730 0.729 0.614 0.822 

Feed-forward -> Feed-back 0.844 0.844 0.730 0.931 

Performance -> Feed-back 0.732 0.728 0.592 0.842 

Performance -> Feed-forward 0.678 0.676 0.553 0.777 

Performance -> Group 0.741 0.739 0.619 0.831 

Performance -> Individual 0.813 0.811 0.685 0.905 

Performance -> Organization 0.800 0.798 0.703 0.875 
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The measurement model was evaluated for reliability, convergent validity, and 

discriminant validity (Hair et al., 2017). With the exception of the feed-forward and feed-

back constructs, all others had slightly higher than acceptable parameters for Cronbach’s 

alpha. Composite reliability is interpreted in a similar fashion as Cronbach’s alpha, with 

values between 0.60 and 0.90 being regarded as acceptable. All composite reliability 

values were above 0.90 but remained at or below the most undesirable limit of 0.95. After 

the outer loadings below 0.70 were removed, all constructs had acceptable AVE values 

above 0.50, demonstrating convergent validity. Discriminant validity was demonstrated, 

as none of the HTMT confidence intervals included the value of 1. All measurement 

model evaluation criteria were met, supporting reliability and validity, although internal 

consistency reliability was outside of the most desirable levels.  

Stage 6: Evaluating the Structural Model 

After the construct measures were determined to be reliable and valid, the next 

step was the evaluation of the structural model. Hair et al. (2017) argued that the most 

important metrics for the structural model are “the size and statistical significance of the 

structural path coefficients,” explained variance (R2), effect size (ƒ2), and predictive 

relevance (Q2) (p. 105). To assess the path coefficients, it is necessary to examine their 

significance and relevance by examining t values, p values, and confidence intervals. 

This requires using the bootstrapping routine (Chin, 2010; Hair et al., 2017), with 

bootstrapping researchers recommended running 5,000 samples to ensure a sufficiently 

large number of samples (Hair et al., 2017; Henseler et al., 2015). Significance testing 

results of the structural model path coefficients are shown in Table 4.17.   
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Table 4.17 

Significance Testing Results of the Structural Model Path Coefficients 

 

 

 

Note: II indicates individual level; GG, group level; OO, organization level. 

 

  

Significance of the path coefficients. Hair et al. (2017) laid out the following as 

critical values when examining t values for two-tailed tests: 1.65 (significance level = 

10%), 1.96 (significance level = 5%), and 2.57 (significance level = 1%) (p. 195). They 

argued that when the t value is larger than the critical value, it is statistically significant at 

that significance level. Following this logic, only the relationships between individual- 

and organization-level learning stocks were significant and positively associated with 

performance in Models 1 and 2. Additionally, in Model 2, misalignment was significant 

Path Coefficients t  Values p  values

Confidence 

Interval Bias

Confidence Interval 

2.5%

Confidence Interval 

97.5% Significance

Management Level -0.021 not reported not reported n/a -0.842 -0.842 No

Tenure -0.236 not reported not reported n/a -1.798 -1.798 No

Gender 0.130 not reported not reported n/a -1.783 -1.783 No

Department 0.089 not reported not reported n/a -11.134 -11.134 No

II

GG

OO

Misalignment

Base model

Path Coefficients t  Values p  values

Confidence 

Interval Bias

Confidence Interval 

2.5%

Confidence Interval 

97.5% Significance

Management Level 0.059 0.994 0.32 0.004 -0.057 0.174 No

Tenure -0.029 0.072 0.684 -0.006 -0.173 0.111 No

Gender -0.075 1.271 0.204 0.001 -0.199 0.037 No

Department -0.102 1.539 0.124 0.003 -0.241 0.020 No

II 0.590 3.092 0.002 0.033 0.270 0.983 Yes

GG -0.120 0.666 0.505 -0.028 -0.483 0.208 No

OO 0.488 3.812 0.000 -0.002 0.235 0.745 Yes

Misalignment

Model 1

Path Coefficients t  Values p  values

Confidence 

Interval Bias

Confidence Interval 

2.5%

Confidence Interval 

97.5% Significance

Management Level 0.084 1.425 0.154 0.004 -0.033 0.201 No

Tenure -0.019 0.291 0.771 -0.008 -0.146 0.109 No

Gender -0.082 1.405 0.160 -0.001 -0.197 0.030 No

Department -0.079 1.221 0.222 0.006 -0.214 0.040 No

II 0.662 3.547 0.000 0.038 0.328 1.009 Yes

GG -0.038 0.205 0.838 -0.026 -0.403 0.280 No

OO 0.383 2.788 0.005 -0.010 0.124 0.653 Yes

Misalignment -0.180 2.283 0.022 -0.002 -0.350 -0.041 Yes

Model 2
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and negatively related to performance. None of the control variables had a significant 

relationship with performance in any of the models. 

Hair et al. (2017) argued that “when assuming a significance level of 5%, the p 

value must be smaller than 0.05 to conclude that the relationship under consideration is 

significant at a 5% level” (p. 196). A significance level of 5% was used in this study. This 

resulted in similar significance results as those determined using t values. 

Cohen (1994) and Henseler et al. (2015) indicated that the use of confidence 

intervals is recommended over p values, although their use is still common. Hair et al. 

(2017) stated that use of confidence levels is less common but anticipated their use 

increasing in the future. They still recommended use of confidence levels for significance 

testing, specifically bias-corrected bootstrap confidence intervals. “A path coefficient is 

regarded as significant (i.e. unlikely to purely results from sampling error) if its 

confidence interval does not include the value of zero” (Henseler et al., 2015, p. 11). In 

the bias-corrected bootstrap confidence intervals, no intervals had a value of 0, indicating 

some significance. However, when interpreting t values, p values, and confidence 

intervals, only the individual- and organizational-level learning stocks could be 

determined to be significantly and positively related to performance. Misalignment was 

significantly and negatively related to performance. 

Path coefficients closer to +1 represent a stronger, positive relationship, and path 

coefficients closer to -1 represent a negative relationship (Hair et al., 2017). For the base 

model, the path coefficients of gender and department had low positive values closer to 0 

than the other constructs, indicating weak relationships to performance. For Model 1, 
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management level and the individual- and organization-level learning stocks showed the 

most positive relationship to performance. Organization-level learning demonstrated the 

strongest positive relationship, while management level demonstrated a very weak 

relationship. Model 2 also demonstrated higher positive path coefficients for the same 

constructs as Model 1. For Model 2, the individual-level learning stock had the most 

positive effect on performance. Examining the confidence intervals, the only constructs 

showing positive significance were the individual and organization learning stocks found 

in both Models 1 and 2. In both models, the individual-level learning stock showed the 

most effect on performance. 

Coefficient of determination. The coefficient of determination (R2 value) is the 

dominant measure used in evaluating the structural model and measures predictive power 

(Hair et al., 2017). Hair et al. (2017) argued that a well-developed path model should 

deliver sufficiently high R2 values and “in general, R2 values of 0.25, 0.50, and 0.75 for 

target constructs are considered as weak, medium, and substantial, respectively” (p. 222). 

Table 4.18 shows results for the evaluation of the coefficients of determination. Models 1 

and 2 had substantial predictive power, making them preferable to the base model. 

Overall, Model 2 had the most substantial predictive power. 

 

Table 4.18 

Coefficients of Determination (R2) Results 

  Base model Model 1 Model 2 

R2 0.067 0.781 0.804 
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Effect size. Effect size (ƒ2) is the next measure to include when assessing the 

structural model (Hair et al., 2017). The effect size helps quantify how significant effects 

are—how much influence they have on the dependent variable (Boßow-Thies & Albers, 

2010). Results for the evaluation of effect sizes are shown in Table 4.19. Effect “values 

above 0.35, 0.15, and 0.02 can be regarded as strong, moderate, and weak, respectively 

(Cohen, 1988)” (Henseler et al., 2015, p. 12). “Effect size values of less than 0.02 

indicate that there is no effect” (Hair et al., 2017, p. 201). In the base model, only tenure 

demonstrated a weak effect on performance; all other control variables demonstrated no 

effect. In Model 1, gender, department, and the individual- and group-level learning 

stocks showed weak effects on performance. Only the organization-level learning stock 

demonstrated a strong effect on performance. In Model 2, weak effects were shown in 

management level, gender, department, and misalignment, while a moderate effect was 

shown in the organization-level learning stock. In Model 2, only the individual-level 

learning stock demonstrated a strong effect on performance.  

 

Table 4.19 

Effect Size (ƒ2) Results 

  Base model Model 1 Model 2 

Management level 0.000 0.014 0.032 

Tenure 0.054 0.003 0.002 

Gender 0.018 0.024 0.031 

Department 0.008 0.043 0.028 

II  0.038 0.507 

GG  0.015 0.002 

OO  0.394 0.230 

Misalignment   0.118 

Note: II indicates individual level; GG, group level; OO, organization level. 
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Predictive relevance. Assessing predictive relevance (Q2 value) is the final step 

in assessing the structural model and uses the blindfolding procedure. Blindfolding “is a 

resampling technique that systematically deletes and predicts every data point of the 

indicators in the reflective measurement model of endogenous constructs” (Hair et al., 

2017, p. 222). The path model demonstrates predictive relevance for a construct when the 

“Q2 value is above zero” (Hair et al., 2017, p. 222). Q2 values are shown in Table 4.20. 

All three models exhibited slight predictive relevance, with Model 2 demonstrating the 

most predictive relevance. 

 

Table 4.20 

Predictive Relevance (Q2) Results 

  Base model Model 1 Model 2 

Q2 0.025 0.413 0.426 

 

 

 

While the coefficient of determination (R2) value is the dominant measure used in 

evaluating the structural model and measuring predictive power, Hair et al. (2017) 

cautioned against using it as the only basis for understanding a model’s predictive power. 

Therefore, path coefficients, effect size (ƒ2), and predictive relevance (Q2 value) were 

also examined.  

Examination of the path coefficients showed significant and positive effects for 

the individual- and organization-level learning stocks related to performance, with the 

individual level showing the most effect. Misalignment was significantly and negatively 

related to performance.  
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Summary of Organizational Learning Results 

Three separate models were built using control variables and organizational 

learning constructs, with performance serving as the dependent variable in all models. 

The base model examined only the relationship between the control variables and 

performance. No significant relationship between performance and management level, 

gender, or department was found. A weak relationship between tenure and performance 

was found in the base model. In Model 1, gender, department, and the individual- and 

group-level learning stocks showed weak effects on performance. Only the organization-

level learning stock demonstrated a strong effect on performance. In Model 2, weak 

effects were shown in management level, gender, department, and misalignment, while a 

moderate effect was shown in the organization-level learning stock. In Model 2, only the 

individual-level learning stock demonstrated a strong effect on performance.  

All measurement model evaluation criteria were met, supporting reliability and 

validity, although internal consistency reliability was outside of the most desirable levels. 

When structural model evaluation criteria were examined, it was found that Models 1 and 

2 demonstrated considerable predictive power, making them preferable to the base 

model. Overall, Model 2 had the most substantial predictive power, making it the 

preferred model of the three. Only the individual- and organization-level learning stocks 

demonstrated strong effect values (ƒ2). All three models exhibited slight predictive 

relevance (Q2 values), with Model 2 demonstrating the most predictive relevance. After 

examining the metrics discussed in this chapter, statistical significance of the structural 

path coefficients, explained variance (R2), effect size (ƒ2), and predictive relevance (Q2), 
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it was determined that Models 1 and 2 are capable of predicting performance and that the 

individual- and organization-level learning stocks along with misalignment exhibited 

greater effects on performance than the control variables or the group-level learning stock 

did.  

Survey findings for the social network and organizational learning components of 

the study were examined. The next section of this chapter examines how social network 

structure affects organizational learning. 

How Social Network Structure Affects Organizational Learning 

Two networks, collaboration and information seeking, were examined for effects 

on organizational learning. Collaboration and information seeking were chosen because 

of their relationship to knowledge and learning. Within the networks, the structural 

elements of centrality and density were examined. Centrality measures are “important in 

the context of organizational learning, because they help to identify the most important 

actors in the network. For information to be easily available, it can be argued that the 

central actors can efficiently collect and disseminate the information among other 

members” (Thomas & Vohra, 2015, p. 130). Density, as a measure of cohesion or 

connectedness, in the context of organizational learning can impact the diffusion of 

knowledge (Nieves & Osorio, 2012; Reagans & McEvily, 2003). Aligning with the levels 

in the Crossan et al. (1999) framework, the network measures were analyzed at the 

individual, group, and organization levels. Table 4.21 details the organizational learning 

subprocesses, the network measures examined for each subprocess, and the level of 

analysis for each. 
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Table 4.21 

Learning and Network Measures 

Organizational learning subprocess Network measure Level of analysis 

Intuiting/interpreting Degree centrality Individual 

 Betweenness centrality  

 Closeness centrality  

 Density (within group)  

Integrating Group centrality Group 

 Density (within group)  

Institutionalizing Centralization Organization 

 Density   
 

 

Individual-Level Learning 

Centrality measures. At the individual level, multiple measures of centrality 

were examined, including degree, betweenness, and closeness. Actors with above mean 

scores were considered to have high centrality, and actors with below mean scores were 

considered to have low centrality. The highest individual-level learning score was 1.564, 

while the lowest was -4.052.  

Degree centrality. Degree centrality is considered “an index of exposure” to what 

is “flowing through the network” (Borgatti et al., 2013, p. 165). Actors with high degree 

centrality scores are considered to be well connected, while actors with low degree 

centrality scores are considered to be peripheral.  

Examining the collaboration network where the mean for outdegree and indegree 

centrality was 14.477, there appeared to be an effect on individual-level learning (Table 

4.22). A slightly larger effect existed for indegree centrality for the collaboration 

network. For the information-seeking network, it is important to remember that based on 

the wording of the survey question, a high outdegree meant that an actor was receiving 
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information from others. The mean for both outdegree and indegree centrality for the 

information-seeking network was 18.734. There was a greater effect on individual 

learning in the information-seeking network than in the collaboration network. The 

largest effect was in outdegree centrality within the information-seeking network. 

Support for Hypothesis 1a was supported for degree centrality. 

Betweenness centrality. Betweenness centrality is generally interpreted in terms 

of controlling what is flowing in the network and is about brokerage or gatekeeping 

(Borgatti et al., 2013). High betweenness actors are better positioned to control 

information. Actors were considered to have more control in the collaboration network if 

they had betweenness centrality scores that were higher than the mean of 128.62. The 

mean for betweenness centrality scores in the information-seeking network was 111.78. 

In the collaboration network, a high betweenness centrality score did not have a positive 

relationship to average individual-level learning, while in the information-seeking 

network it did. Hypothesis 1a was not supported for betweenness centrality.  

Closeness centrality. Closeness inversely measures centrality, in that small 

centrality scores indicate that an actor is more central while larger centrality scores 

indicate an actor is more peripheral in the network (Borgatti et al., 2013). The mean for 

outcloseness was 46.108 in the collaboration network and 49.93 in the information-

seeking network, meaning the collaboration network was slightly more central than the 

information-seeking network. The mean for incloseness was 31.709 for the collaboration 

network and 50.337 for the information-seeking network. For incloseness, the 

collaboration network was more central. Individual-level learning average scores were 
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higher in the information-seeking network. In both networks, above mean closeness 

scores had a positive relationship with average individual-level learning.  

With the exception of betweenness centrality, all other centrality measures had a 

positive relationship to individual-level learning. In the collaboration network, indegree 

centrality had the most positive effect on individual learning. In the information-seeking 

network, outdegree centrality had the most positive effect on individual learning. 

Therefore, in this study, only degree and closeness centrality were positively related to 

intuiting and interpreting, partially supporting Hypothesis 1a. 
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Table 4.22 

Centrality Measures and Average Individual-Level Learning Scores  
 

Collaboration network 

  OutDegree InDegree Betweenness OutCloseness InCloseness 

High (above mean) 0.072 0.100 -0.013 0.066 0.076 

Low (below mean) -0.049 -0.091 0.006 -0.081 -0.093 

 Information-seeking network 

 OutDegree InDegree Betweenness OutCloseness InCloseness 

High (above mean) 0.155 0.095 0.103 0.101 0.065 

Low (below mean) -0.117 -0.078 -0.035 -0.095 -0.064 

 

 

 

Density measures. Since density is generally considered to be a group measure, 

individuals were considered in terms of the groups or departments they were a part of. 

Since the average learning scores were based on the individuals within the groups, the 

scores remained the same regardless of the network. In both networks, Department 1 

appeared to be an outlier since it had the highest within-group density but lower average 

individual learning scores. This could be a reflection in part of the size of Department 1, 

since smaller networks tend to be denser than larger networks (Prell, 2012). In both 

networks, Department 4 had the next highest within-group density and the highest 

average individual learning scores. Department 3 had the lowest within-group density 

score and the lowest average individual learning score in both networks. Results are 

mixed regarding individuals in more densely connected groups being better positioned to 

develop and share knowledge, which is positively related to intuiting and interpreting, in 

support of Hypothesis 1b (Table 4.23).  
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Table 4.23 

Density and Average Individual-Level Learning Scores  

Department 

Collaboration network  

density within group 

Information-seeking network 

density within group 

Average individual 

learning 

Department 1 1.000 0.833 -0.386 

Department 2 0.209 0.302 0.116 

Department 3 0.198 0.247 -0.624 

Department 4 0.362 0.466 0.360 

Department 5 0.299 0.413 0.060 

 

 

Group-Level Learning 

Group centrality. At the group level, only one centrality measure, group 

centrality, was examined. The highest group-level learning score was 1.859, while the 

lowest was -2.895. Department 1 appeared to be an outlier. In the collaboration network, 

it had relatively higher average individual learning scores compared to the other 

departments but had the lowest outdegree and indegree centrality scores. Similar results 

were found in the information-seeking network, although Department 1 had the second 

lowest indegree score. Department 3 had the lowest.  

In both networks when group centrality was examined, it was found that 

departments with higher within-group centrality scores had a higher average group 

learning score with the exception of Department 3, lending partial support for Hypothesis 

2a (Table 4.24). However, there did not appear to be a direct correlation between highest 

group centrality score and highest average group learning score. That could be a result of 

the formal hierarchical structure within the organization or the work each department was 

responsible for. 
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Table 4.24 

Group Network Measures and Average Group-Level Learning Scores 

Collaboration network 

Department 

Group Centrality 

OutDegree 

Group Centrality 

InDegree 

Density within 

Group 

Average Group 

Learning 

Department 1 0.491 0.575 1.000 0.209 

Department 2 0.789 0.789 0.209 0.108 

Department 3 0.663 0.616 0.198 -0.649

Department 4 0.728 0.679 0.362 0.302

Department 5 0.828 0.667 0.299 0.095

Information-seeking network 

Department 

Group Centrality 

OutDegree 

Group Centrality 

InDegree 

Density within 

Group 

Average Group 

Learning 

Department 1 0.509 0.708 0.833 0.209 

Department 2 0.803 0.816 0.302 0.108 

Department 3 0.698 0.674 0.247 -0.649

Department 4 0.765 0.802 0.466 0.302

Department 5 0.828 0.828 0.413 0.095

Within-group density. Results at the group level showed that departments with 

higher within-group density scores had a higher average group learning score. 

Department 3, which had the lowest within-group density, had the lowest average group 

learning (Table 4.24). This supported the supposition that more densely connected groups 

tend to share knowledge, which is positively related to integrating, supporting Hypothesis 

2b. 

Organization-Level Learning 

Centralization. At the organization level, centrality was measured as 

centralization, the overall integration of the graph rather than the centrality of an 

individual actor within the network (Scott, 2013). The highest organization-level learning 

score was 2.086, while the lowest was -3.075. In both networks, there was a moderate 

amount of degree centralization, while the information-seeking network demonstrated 
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greater centralization (Table 4.25). In both networks, the moderate centralization had a 

slightly negative impact on organization-level learning scores, which provides support for 

Hypothesis 3a, which posited that decentralized structures would better facilitate the 

transfer of codified knowledge, which is positively related to institutionalizing. This is 

better illustrated in Figures 4.9 and 4.10. 

Table 4.25 

Centralization, Density, and Average Organization-Level Learning Scores 

OutCentralization InCentralization Density 

Average 

organizational learning 

Collaboration network 31.327 27.589 0.134 0.000 

Information-seeking network 41.367 36.694 0.173 0.000 

Figure 4.9. Collaboration network centralization for left, OutCentralization, and right, 

InCentralization. 
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Figure 4.10. Information-seeking network centralization for left, OutCentralization, and right, 

InCentralization. 

 

 

 

Density. Density is a measure of connectedness and cohesion. The overall density 

was 0.134 for the collaboration network and 0.173 for the information-seeking network. 

Neither network was densely connected, nor were the organization-level learning scores 

high. This supports Hypothesis 3b, which posited that a more densely connected 

organization tends to promote uniformity, which is positively related to institutionalizing. 

Low density was expected, given that both networks were large and that larger networks 

tend to have lower density (Prell, 2012).  

Summary of Findings 

When examining the social network and organizational learning data together, it 

was apparent that social network structures had an effect on organizational learning. The 

research question—How does social network structure affect organizational learning—

was answered with mixed results, as shown in Table 4.26. Stronger support was found at 

the organization level than at the group and individual levels.  
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Table 4.26 

Support of Hypotheses 

Research question: How does social network structure affect organizational learning? 

Hypothesis Prediction Support 

H1a + Partial 

H1b +  Partial 

H2a + Partial 

H2b  + Yes 

H3a  - Yes 

H3b + Yes 

 

 

 

Interpretations, conclusions, and recommendations are provided in chapter 5. 
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CHAPTER 5: 

INTERPRETATIONS, CONCLUSIONS, AND RECOMMENDATIONS 

The purpose of this quantitative study was to answer the research question: How 

does social network structure affect organizational learning? The study examined how 

collaboration and information-seeking networks affected learning at the individual, 

group, and organization levels. Study participants were provided with an online survey. 

The organizational learning questions in the survey were drawn from Bontis et al. (2002), 

while the social network questions were developed following Cross and Parker (2004) 

and Gubbins and Dooley (2011). Existing social network and organizational learning 

theory and research provided a foundation for this study. While significant work has been 

done examining the relationship between aspects of knowledge management and social 

networks, less work has been done to explore the relationship between organizational 

learning as a construct and social networks.  

When examining the social network and organizational learning data together, it 

was found that social network structures had an effect on organizational learning. The 

research question was answered with mixed results, as shown in Table 4.26. The findings 

from this study are discussed and interpreted with the relevant literature. The findings and 

this discussion inform the conclusions, which are presented in this chapter. This chapter 

also considers implications for theory, provides recommendations for practice and for 

future research, and discusses study limitations. 
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Findings 

To examine the effect of social networks on organizational learning, six 

hypotheses were developed at three levels of learning. Centrality and density network 

measures served as the independent variables, while organizational learning was the 

dependent variable.  

Hypothesis 1a 

It was hypothesized that at the individual level, more exposure to what is flowing 

through the network (centrality) increases the possibility of generating new insights and 

creating shared meaning and is therefore positively related to intuiting and interpreting. 

Support for the hypothesis was found with degree and closeness centrality but not 

betweenness centrality. This was surprising because in previous studies betweenness 

centrality has been positively linked to “an individual’s ability to obtain and apply 

relevant information to solve problems” (Cross & Cummings, 2004, p. 929). Upon 

examining the betweenness centrality scores, it was found that in the collaboration 

network where the hypothesis was not met, there was a higher percentage of members 

from Department 1 and Department 3 with above mean betweenness centrality scores 

than in the information-seeking network. Members of Departments 1 and 3 had the 

lowest average individual-level learning scores, which could be a factor in the hypothesis 

not being supported for betweenness centrality scores. 

The researcher contacted Knowledge Organization and asked if there was 

anything about the work of Department 3 that made those staff members more, or less, 
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connected to the work of the other departments. The researcher’s primary contact, who is 

a senior official in Department 1, responded that the group was only established in 2017. 

Learning at the individual level is about the development of new insights and how, 

through interpretation, those insights can become cognitive maps (Bontis et al., 2002). 

Crossan et al. (1999) defined interpreting as “a social activity that creates and refines 

common language” (p. 528). Blumer (1986) argued that “the meaning of anything and 

everything has to be formed, learned, and transmitted” through a social process (p. 12). 

The social process takes time. March (1991) indicated that a positive relationship exists 

between length of service in an organization and individual knowledge. This could 

account for lower learning scores in Department 3. March (1991) also found that 

organizations accumulate their knowledge from their members over time. While this 

process occurs, individuals are being “socialized to organizational beliefs” (March, 1991, 

p. 73). This mutual learning takes time to develop. It can be extrapolated that there was 

insufficient time for socialization to develop for Department 3 members, leading to lower 

learning scores. 

Hypothesis 1b 

It was postulated that individuals in groups that are more densely connected tend 

to be better positioned to develop tacit knowledge and to share knowledge, which is 

positively related to intuiting. With the exception of Department 1, departments with 

higher density scores had higher average individual learning scores. A factor that could 

contribute to the higher within-group density scores for Department 1 could be size; it is 

the smallest of the departments. Mission could also have contributed. As the headquarters 
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element of the organization, Department 1 serves as the organizational core, which could 

contribute to higher within-group density scores. 

Regarding Hypothesis 1b that individuals in groups that are more densely 

connected tend to be better positioned to develop tacit knowledge and to share 

knowledge, it was found in both networks that Department 1 appeared to be an outlier. It 

had the highest within-group density but lower average individual learning scores. Upon 

examination, it was found that individually, the three respondents from Department 1 had 

significantly above mean scores. The high density could be a reflection in part of the size 

of Department 1, which only had three respondents. Smaller networks tend to be denser 

than larger networks (Prell, 2012). One possibility as to why Department 1 had lower 

average individual learning scores is that it comprised a fairly homogeneous group, and 

previous studies have found that heterogeneous groups are better at developing new 

knowledge (Argote, 2013). Department 1 respondents tended to be managers with high 

tenure in the organization. March (1991) found that “old-timers, on average, know more, 

but what they know is redundant with knowledge already reflected in the code. They are 

less likely to contribute new knowledge on the margin” (p. 79). Argote (2013) found that 

new knowledge is more likely to be developed in groups when “there is some diversity of 

opinion among group members” and when learning outweighs finding the best or fastest 

solutions. Another possibility is that some managers believe that their job required 

already knowing and that learning indicated that something was lacking (Sadler, 2003, 

p. 424). It was especially difficult to pinpoint the explanation for this particular 

organization, especially since it espouses knowledge sharing as a value.  
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Hypothesis 2a 

It was hypothesized that more central groups tend to transfer knowledge, a 

process positively related to the creation of a shared understanding and the undertaking of 

collective action (integrating). With the exception of Department 3, the other departments 

with higher within-group centrality scores had a higher average group learning score. 

Department 3 had lower average learning scores at all three levels. According to 

Knowledge Organization, Department 3 was established in 2017, which could be an 

explanation for the lower centrality and learning scores. It can be extrapolated that 

insufficient time had passed for Department 3 to develop “opportunities for shared 

learning, knowledge transfer, and information exchange,” which could lead to lower 

learning scores (Tsai, 2001, p. 1002). It can be argued that following Mead’s theory of 

symbolic interactionism, which has as its basic premise that people navigate their world 

through social interaction, Department 3 is in the early stages of developing interactions 

that create meaning for the group and its members.  

Hypothesis 2b 

Support was found for Hypothesis 2b, which posited that more densely connected 

groups tend to share knowledge, which is positively related to integrating. Results at the 

group level showed that departments with higher within-group density scores had a 

higher average group learning score. Department 3, which had the lowest within-group 

density, had the lowest average group learning. This supported the supposition that more 

densely connected groups tend to share knowledge. 
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For both networks, this indicates greater intra- rather than interdepartment work. 

Shipilov and Li (2014) argued that formal organizational boundaries between 

departments tend to make them more inward looking. For both networks, the prevalence 

toward intragroup collaboration and information seeking follows past studies on 

homophily, which suggests that people seek out others who are similar (Cross & Parker, 

2004; Zappa & Robins, 2016). Cross and Parker (2004) argued that people tend to learn 

from those within their own departments. Zappa and Robins (2016) also set forth that in 

keeping with previous studies, “knowledge search-transfer is generally more likely to 

occur within the same unit” (p. 304). However, they did find that individuals are more 

likely to seek knowledge from colleagues in other work units “if the two units are already 

connected by formal work-flow ties” (p. 304). They found that working together on a 

routine basis generated a better understanding of the knowledge available in other work 

units and reduced unwillingness to cross group boundaries. This may explain why when 

departments did cross formal organizational boundaries, they were more likely to 

collaborate with or seek information from Department 1, which is Knowledge 

Organization’s headquarters element. The prevalence of intragroup collaboration and 

information seeking reinforces existing themes within the literature.  

Hypothesis 3a 

Support was found for Hypothesis 3a, which postulated that at the organization 

level, decentralized structures better facilitate the transfer of codified knowledge, which 

is positively related to institutionalizing. In both the collaboration and information-

seeking networks, there was a moderate amount of degree centralization. In both 



161 

networks, it was shown that the moderate centralization had a slightly negative impact on 

the organization-level learning scores, which provides support for Hypothesis 3a.  

 This finding is in keeping with previous studies that showed that in a highly 

centralized structure, people would only seek information from or collaborate with a 

limited number of others, thereby creating an uneven dispersal of information within the 

organization (Hamra et al., 2014; Vohra & Thomas, 2016). Such a concentration of 

central actors can reduce sources of what is flowing through the network, which can lead 

to inefficiencies, shorten decision-making time, and create bottlenecks (Borgatti, 2005; 

Reagans & McEvily, 2003; Thomas & Vohra, 2015).  

Hypothesis 3b 

Neither network was densely connected, nor were the organization-level learning 

scores high. This provided support for Hypothesis 3b that an organization that is more 

densely connected tends to promote uniformity, which is positively related to 

institutionalizing. This is in keeping with previous studies that suggest a higher density 

can promote conformity and uniformity (Coleman, 1988; Hamra et al., 2014; Rodan, 

2008). Vohra and Thomas (2016) found that with greater density in an information-

seeking network, better information acquisition capabilities existed for its members. 

Network scholars, however, cautioned that too much uniformity may inhibit the reception 

of new information (Hamra et al., 2014; Reagans & McEvily, 2003). 

When examining the organizational learning models, it was found that Model 1 

demonstrated a strong effect for organization-level learning on performance, while Model 

2 showed a moderate effect. Individual-level learning exhibited a stronger effect in 
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Model 2. While a sufficient concentration existed in both networks to support learning at 

the organizational level, a possible reason that individual learning was higher overall 

could be that the group learning was not as developed, which could make it less likely for 

it to be embedded in the organization. 

Table 5.1 summarizes these findings. 
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Table 5.1 

Summary of Findings 

Research question: How does social network structure affect organizational learning? 

Hypothesis Support Notes 

H1a: At the individual level, more exposure to what 

is flowing through the network (centrality) increases 

the possibility of generating new insights and 

creating shared meaning and is therefore positively 

related to intuiting and interpreting. 

Partial Support found with 

degree and closeness 

centrality but not with 

betweenness centrality. 

H1b: Individuals in groups that are more densely 

connected tend to be better positioned to develop 

tacit knowledge and to share knowledge—processes 

that are positively related to intuiting and 

interpreting. 

Partial In general terms, 

departments with higher 

within-group density 

scores had higher average 

individual learning scores 

with the exception of 

Department 1. 

H2a: More central groups tend to transfer 

knowledge, a process positively related to the 

creation of a shared understanding and the 

undertaking of collective action (integrating). 

Partial Departments with higher 

within-group centrality 

scores had a higher 

average group learning 

score, with the exception 

of Department 3. 

H2b: Groups that are more densely connected tend 

to share knowledge, which is positively related to 

integrating. 

Yes  

H3a: At the organization level, decentralized 

structures better facilitate the transfer of codified 

knowledge, which is positively related to 

institutionalizing. 

Yes  

H3b: An organization that is more densely 

connected tends to promote uniformity, which is 

positively related to institutionalizing. 

Yes  

 

 

Other Findings 

During the course of the research, findings that were not directly related to the 

research hypotheses were discovered. These findings are summarized below. 

Although not the intent of this study, the measurement and structural model 

evaluation criteria for the Bontis et al. (2002) models were met, although internal 
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consistency reliability was outside the most desirable levels. Support for the Bontis et al. 

(2002) study that “there is a positive relationship between the stocks of learning” and 

“business performance” was found at the individual and organization level but not at the 

group level (p. 459). Additional support was found for their proposition that “the 

misalignment of stocks and flows in an overall organizational learning system is 

negatively associated with business performance” (Bontis et al., 2002, p. 459). 

Conclusions 

Four conclusions were drawn from the study; their link to the findings is shown in 

Table 5.2. 

 

Table 5.2 

Conclusions and Their Links to Findings 

Conclusion Finding 

1. At the individual level, socialization opportunities exist.  H1a 

2. At the group level, opportunity exists to create social interactions that facilitate 

“shared meaning and understanding” (Crossan et al., 1999, p. 528).  

H1b, H2a 

3. Intragroup connections are more prevalent than intergroup connections. H2b 

4. Sufficient network concentration must exist for learning at the organization 

level. 

H3a, H3b 

 

Conclusion 1 

At the individual level, socialization opportunities exist. 

Hypothesis 1a posited that more exposure to what is flowing through the network 

(centrality) increases the possibility of generating new insights and creating shared 

meaning and is therefore positively related to intuiting and interpreting. The hypothesis 

was supported relating to degree and closeness centrality in both networks but not to 
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betweenness centrality in the collaboration network. Individuals with above mean scores 

for all three centrality measures were examined. The only differentiator the researcher 

found among the three centrality measures was that there was a higher percentage of 

Department 3 members who had above mean betweenness centrality scores in the 

collaboration network. Given the department had the lowest individual-level learning 

scores, this could be a factor in the hypothesis not being supported for betweenness 

centrality scores. 

The social process takes time to occur and, as previously discussed, Department 3 

was established only in 2017. More organizational time and effort could be devoted to 

providing opportunities for social interaction that could result in a more rapid 

development of a sense of belonging and sense of community. Wenger (2009) suggested 

that at the individual level, “this is an issue of engaging in and contributing to the 

practices of their communities” (p. 213). Wenger (2009) argued that organizations must 

be contexts that value community building and must provide individuals with the 

“resources necessary to learn what they need to learn in order to take actions and make 

decisions that fully engage their own knowledgeability” (p. 215). Given that Department 

3 had the lowest individual-level learning scores, it can be inferred that there has been 

insufficient time for social interactions that generate new insights. 

Conclusion 2 

At the group level, opportunity exists to create social interactions that facilitate 

“shared meaning and understanding” (Crossan et al., 1999, p. 528).  



166 

Of the three learning stocks, the group level was the only one that did not have a 

positive relationship to performance, which differed from the Bontis et al. (2002) study. 

This result was initially surprising given that “groups are often the level at which learning 

occurs in organizations” (Argote, 2013, p. 20). Bontis et al. (2002) stated that group 

learning “includes such elements as effectively working in groups, having productive 

meetings, having the right people to address the issues, and encompasses key elements of 

dialogue including being prepared to share both successes and failures, encouraging 

diversity, and effective conflict resolution” (p. 443). Interestingly, in this study, two 

group-level questions were removed from the learning models due to low loadings. The 

questions related to sharing successes and failures within the group.  

Hypothesis 1b related to individuals in groups and Hypothesis 2a related to group 

centrality were only partially supported, indicating that opportunity exists for the 

development of learning interactions. Soda, Stea, and Pedersen (2017) argued that it is 

not that densely bonded networks “necessarily lead to the more efficient acquisition of 

fine-grained, in-depth knowledge (Coleman, 1988). Instead, they offer the opportunity for 

this valuable type of knowledge acquisition to arise” (p. 20). Learning takes place in 

interaction, so an emphasis on creating appropriately managed interactions has the 

potential to create such opportunities. Cross and Parker (2004) discussed the importance 

of team building activities and all hands meetings but reasoned that working together on a 

project or task was more beneficial.  According to Cross and Parker (2004) the benefits of 

working together on a task include an increased familiarity of co-workers knowledge and 

expertise as well as “a social tie that makes a colleague more likely to help out in a timely 
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fashion” (p. 119). Additionally, this type of task-oriented development is generally less 

expensive and transpires while working toward organizational goals. 

Regarding Hypothesis 2a that more central groups tend to transfer knowledge, a 

process positively related to the creation of a shared understanding and undertaking of 

collective action, in both networks when group centrality was examined it was found that 

departments with higher within-group centrality scores had a higher average group 

learning score, with the exception of Department 3, lending partial support for 

Hypothesis 2a. After a query was sent to Knowledge Organization, it was found that 

Department 3 was recently established in 2017. It can be inferred that Department 3 is 

still establishing opportunities to create and refine common language, clarify images, and 

create “shared meaning and understanding” (Crossan et al., 1999, p. 528). Crossan et al. 

(1999) contended that “the real test of shared understanding is coherent action” (p. 533). 

A shared understanding may not develop without experimentation or collective action. 

Crossan et al. (1999) argued that “action provides the opportunity to share a common 

experience, which may aid in the development of shared understanding” (p. 534). 

Conclusion 3 

Intragroup connections are more prevalent than intergroup connections. 

In the collaboration network, three of the five departments had the highest  

within-/between-group densities within their own departments. In the information-

seeking network, four of the five departments had the highest within-/between-group 

densities within their own departments. The prevalence of intragroup connections 

supports existing themes within the literature. Zappa and Robins (2016) stated that 
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“affiliation to the same unit provides people with the advantages of physical proximity 

and opportunities of repeated interaction, which, in turn enable people to search and 

transfer knowledge within unit boundaries” (p. 297). Proximity or affiliation tends to 

direct employees toward colleagues in the same business unit when they seek knowledge.  

The dominance of intragroup over intergroup presents an opportunity to develop 

intergroup information sharing and collaboration. Zappa and Robins (2016) submitted 

that “systemic interaction in day to day activities, then, helps people develop familiarity, 

awareness and better understanding of the knowledge available in connected units and 

reduces people’s reluctance toward building cross-cutting ties” (p. 304). They suggested 

that “informal interpersonal interaction is sustained by the formal organizational 

structure” and that organizations that seek to develop organizational learning should 

foster a correspondence between the informal and formal structures (p. 304). Examples 

provided by Zappa and Robins (2016) to foster this fit included job rotations, recognition 

or rewards, promotions, and recognition in performance evaluations.  

Bontis et al. (2002) argued that “building stocks of learning at the individual and 

group levels may be wasted if the flows of learning are obstructed” (p. 460). Social 

network analysis provides an opportunity to map flows of learning between levels, 

thereby providing organizations with a clearer prospect of identifying misalignment, 

which can “negatively affect performance” (Bontis et al., 2002, p. 460). 

Conclusion 4 

Sufficient network concentration must exist for learning at the organization level. 
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In both networks, there was a moderate amount of degree centralization, which 

supported Hypothesis 3a that decentralized structures better facilitate the transfer of 

codified knowledge, which is positively related to institutionalizing. Additionally, neither 

network was densely connected, nor were the organization-level learning scores high, 

which supported Hypothesis 3b that an organization that is more densely connected tends 

to promote uniformity, which is also positively related to institutionalizing. The 

“challenge for organizations is to manage the tension between the embedded 

institutionalized learning from the past, which enables it to exploit learning, and the new 

learning that must be allowed to feed forward through the processes of intuiting, 

interpreting, and integrating” (Crossan et al., 1999, p. 530).  

Sufficient concentration existed in both the collaboration and the information 

seeking network to support learning at the organizational level. However, in this study 

individual level learning exhibited a stronger effect on performance than organizational 

level learning. A probable reason that individual level learning was higher overall could 

be that the group level learning was not as developed which could make it less likely for 

it to be embedded into the organization. The Bontis et al. (2002) study found that 

organizational level learning was more closely related to organizational performance.  

They suggested that organizations may be “under-investing in mechanisms to facilitate 

the flow of learning between levels” (p. 460). Social network analysis is an effective tool 

in diagnosing network concentration and may be used to determine if a structure is 

sufficiently connected to transfer codified knowledge without inhibiting exploration of 

new knowledge.  
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Implications for Theory 

This study contributes to two streams of literature: social networks and 

organizational learning. The streams have been largely separated, although there is a 

growing body of literature related to online networks, social media, and learning 

(Churcher et al., 2014; Rienties et al., 2013; Sheffield, 2014; Sundararajan, 2010). This 

study contributes to the body of literature connecting the social networks and 

organizational learning streams. Casciaro et al. (2015) argued that an “interdisciplinary 

approach can better illuminate the complexity of organizational life” (p. 1162).  

Use of social network analysis offers new ways to uncover patterns of 

organizational learning at multiple levels. Popova-Nowak and Cseh (2015) stated that the 

central issue of organizational learning is “the connection between its levels of analysis” 

and that this issue remains unresolved and frequently overlooked by organizational 

learning scholars (p. 300). Vohra and Thomas (2016) indicated that previous 

organizational learning studies primarily focused on a single level of analysis. Recent 

exceptions have been the work of Thomas and Vohra (2015) along with that of Vohra 

and Thomas (2016). They argued that by “addressing patterns of network structure, social 

network analysis permits the study of the whole and the parts of social networks 

simultaneously, thus becoming a useful tool to study the process of organizational 

learning” (Vohra & Thomas, 2016, p. 597).  

This study contributes to a multilevel approach to organizational learning by 

using social network analysis. At the individual level, this study found partial support that 

more exposure to what is flowing through the network (centrality) is positively related to 
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intuiting and interpreting. Also at the individual level, this study found partial support 

that individuals in groups that are more densely connected tend to be better positioned to 

develop tacit knowledge and to share knowledge—processes that are positively related to 

intuiting and interpreting. At the group level, partial support was found that more central 

groups tend to transfer knowledge related to the creation of a shared understanding and 

the undertaking of collective action, which is positively related to integrating. Also at the 

group level, there was support that more densely connected groups are positively related 

to integrating. At the organization level, support was found that decentralized structures 

are positively related to institutionalizing, as are more densely connected organizations. 

Because of its emphasis on relational data, social network analysis offers a unique 

perspective for examining organizational learning at multiple levels.  

This study contributes to the organizational learning stream of literature that 

emphasizes the social processes of organizational learning (Easterby-Smith & Lyles, 

2011, chapter 1; Schwandt & Marquardt, 2000). The use of social network analysis 

allows for the mapping of the social relationships that may hinder or facilitate learning 

flows within an organization. Borgatti and Cross (2003) found this relatively small 

amount of research into “organizational learning as a function of relationships” to be 

surprising given the importance of social relationships for acquiring information and 

learning how to do one’s work (p. 433). Over a decade later, there continue to be calls for 

this type of research (Argote, 2011; Skerlavaj et al., 2010; Thomas & Vohra, 2015; Vohra 

& Thomas, 2016). Casciaro et al. (2015) expanded this call and argued that 

organizational research in general rarely integrates “differing theoretical domains and 
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perspectives” (p. 1162). Our understanding of how organizational learning is affected by 

social relationships is still nascent. This study found partial support for greater centrality 

as well as for being a member of a more densely connected group being positively related 

to intuiting and interpreting. This study also partially supported the idea that more 

centrally located as well as more densely connected groups tend to transfer and share 

knowledge, which is positively related to the creation of a shared understanding and the 

undertaking of collective action. Decentralized and more densely connected organizations 

were found to better facilitate that transfer of codified knowledge. This study expands on 

recent efforts to “understand the underlying social processes that nurture and sustain 

learning networks,” thereby contributing to both the organizational learning and social 

network streams of literature (Thomas & Vohra, 2015, p. 137).  

Recommendations for Practice 

This study may assist organizations with enhancing learning capabilities within 

their boundaries. Based on the findings, three recommendations for practice are made.  

Develop a Network Perspective 

Cross and Thomas (2009) posited that a network perspective “provides principles 

and tools with which to fashion collaborations that reduce complexity, increase speed to 

market, and multiply the impact of key talent” (location 164). They argued that many 

other “improvement methodologies . . . lack a sufficiently rich provision for the social 

side of organizations,” thereby overlooking the impact of relationships on organizational 

processes (p. 41). A network perspective helps “leaders make the right connections—not 
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from everyone to everyone else, but from the right people to others in the right ways to 

achieve specific goals” (Cross & Thomas, 2009, p. 181). 

How do individuals and organizations develop a network perspective? At the 

group or organization level, leaders can build or raise awareness of projects individuals 

are working on, along with their areas of expertise, so others within the organization 

know who knows what (Cross & Parker, 2004; Cross & Thomas, 2009). Leaders should 

not assume that all connectivity is positive or that more is always better. Nor can they 

suppose that collaboration will occur on its own “in the right places at the right times in 

their organizations” (Cross et al., 2005, p. 132). Leaders must understand the types of 

problems that need addressing in order to understand what network structures to promote 

in response. Cross et al. (2005) offered three types of social networks responses: 

customized response, modular response, and routine response. Customized response 

networks are best for ambiguous problems requiring innovative solutions. Modular 

response networks are best suited for solving complex problems where “components of 

the problems are known but the sequence of the solutions is not” while routine responses 

are most appropriate for “solving familiar problems with know responses” (Cross et al., 

2005, p. 127). 

At the individual level, a personal network diagnostic can be conducted. Cross 

and Parker (2004) and Uzzi and Dunlap (2005) provided self-assessments designed to 

help individuals identify and analyze their networks. Network diagnosis allows 

individuals to determine what type of network they have, how they typically build their 

network, and “the key paradoxes of network building (Uzzi & Dunlap, 2005, p. 56). 
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Frequently people build their networks with people who have similar experiences or 

worldviews. Uzzi and Dunlap (2005) maintained that trust is built quicker and there is an 

efficiency with working with people with similar views. However, they found that these 

benefits could also become negative. Too much similarity can create “an echo chamber” 

that impedes access to divergent information which is vital to creativity and problem 

solving (Uzzi & Dunlap, 2005, p. 57). Uzzi and Dunlap (2005) also found that people 

tend to fill their networks with “the people they spend the most time with, such as 

colleagues in their department” (p. 57). These two obstacles decrease the possibilities of 

building diverse networks. Uzzi and Dunlap (2005) and Cross and Parker (2004) focused 

on shared activities as ways to construct relationships. Uzzi and Dunlap (2005) argued 

that not all shared activities have equal impact. For a shared activity to have impact they 

put forth that it should “evoke passion in participants, necessitate interdependence, and 

have something at stake” (Uzzi & Dunlap, 2005, p. 58).  

Once relationships are developed, they need to be maintained. Cross and Parker 

(2004) found that “relationships that are most valued for learning typically consist of 

high-quality exchanges” (p. 181). High-quality exchanges require time. Allow time for 

active participation in share activities as well as time to spend to maintain relationships. 

Ibarra and Hunter (2007) recommended not waiting for a crisis to reach out to others in 

your network. Instead they suggested finding opportunities to share information, make 

connections, gather information, or anything that demonstrates a willingness to contribute 

to the network. Ibarra and Hunter (2007) argued that a “network lives and thrives only 

when it is used” (p. 47). Although a limited amount of time exists to devote to 
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relationship maintenance Cross and Parker (2004) contended that managing relationships 

“wisely can yield substantial performance and learning benefits” (p. 85). 

The findings offer leaders an example of how centrality and density affect 

organizational learning at the individual, group, and organization levels.  

Develop a Baseline of Networks Related to Learning 

Creation of a baseline of networks related to learning is necessary before using 

network analysis to diagnose issues or opportunities related to learning. Cross and 

Thomas (2009) argued that network analysis can help “leaders to identify points of 

misalignment and accelerate collaboration in the right places at the right times” (location 

166). Having an understanding of the network allows leaders to intervene only where and 

when necessary without creating undue burdens or costs on employees or groups within 

an organization (Cross & Thomas, 2009). 

Cross and Thomas (2009) stated that most leaders have an overreliance on formal 

structures when designing or making changes to their organizations. They maintained that 

“these formal changes often do not shift the underlying networks,” which can create 

disconnects within the organization (p. 3). In a similar fashion, Cullen et al. (2013) 

argued that “understanding informal networks is especially important in flat, team-based, 

and agile work environments where formal structure provides little guidance” (p. 18). 

Understanding the difference between how work occurs through informal structure versus 

formal structure can help identify network gaps and improve connections. They also 

suggested that “network knowledge is an asset in change efforts. Relying on formal, 

vertical channels alone hinders capacity to adapt to emerging issues” (p. 19). This study 
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found that informal structures were in many instances influenced by the formal structure. 

Vohra and Thomas (2016) also found “that the formal structure does influence the 

formation of informal networks” (p. 597). Being able to visualize this can highlight the 

connections, both formal and informal, in the organization that can affect learning. This 

can demonstrate the importance of developing a network perspective and a baseline of 

networks. 

Conduct Periodic Follow-up Network Analysis 

If using network analysis to diagnose obstructions or opportunities in 

organizational learning, follow-ups are necessary, especially if changes have been made 

that could impact the networks. Thomas and Vohra (2015) argued that helping an 

organization to be able to “reengineer” its network can enhance learning capability 

(p. 137). Understanding who is important or central in the network means understanding 

who can facilitate or hinder what flows through the network, which is critical to learning. 

Leaders should ensure excessive demands are not being placed on a small set of 

individuals. Not only can this aid in reducing burnout, but it can also assist with 

development of individuals at a variety of levels within the organization.  

Cross et al. (2006) stated that leveraging connections can lead to less time spent 

reinventing the wheel and provide for increased consistency and higher quality services 

along with more innovative solutions. Having a better understanding of the ties between 

actors could lead to adjustments in structure or process to enhance participation of 

community members. “For practitioners, a strategy of managing organizational learning 

networks at various levels that is based on an effective utilization of distributed expertise 
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within a network of individuals may be the need of the hour in this business environment 

driven by knowledge-based competition” (Thomas & Vohra, 2015, p. 137). 

Understanding who controls the flow of information or who serves as a gatekeeper 

becomes important if an organization is attempting to push knowledge to groups and 

individuals. Some of these suggestions are similar to conditions Argote (2013) described 

related to information sharing in groups. She noted that information is more likely to be 

shared when group members are not overloaded with information and when some are 

recognized for having special expertise. 

Recommendations for Future Research 

While it has been argued that network questions are designed “to elicit typical or 

long-term patterns of interaction,” this study served as a baseline for Knowledge 

Organization (Baker et al., 2003, location 4126). Crossan et al. (1999) defined 

organizational learning as a dynamic process “that occurs over time and across levels” 

(p. 532). To fully understand network effects on learning, it is recommended that future 

researchers conduct a longitudinal study. This could provide insights into how 

relationships change over time and how that affects organizational learning. In particular, 

related to Department 3, it would be interesting to see if the passage of time allowed for 

additional socialization to occur and to explore the impact on learning. 

One of the limitations of this study was the size of the network being examined. 

This was a large network. Large networks tend to have lower density (Prell, 2012), which 

can impact how likely individuals and groups are to share knowledge. High density has 

been found to promote conformity and uniformity (Coleman, 1988; Hamra et al., 2014; 
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Rodan, 2008). Additionally, high density “facilitates access to resources” (Nieves & 

Osorio, 2012). It is recommended that a study be conducted with different sizes of 

organizations to further explore this impact.  

Visualization of social networks allows for a more qualitative understanding of 

the network. The appearance of the points and lines in a network diagram can convey 

characteristics about the actors and the relationships between them. This is one benefit of 

social network analysis as a methodology that may be less present in other quantitative 

research methods. It is recommended that future studies consider a mixed methods 

approach to provide a narrative as well as visual and numeric description of how social 

networks affect organizational learning. Following Teddlie and Tashakkori (2009), taking 

a mixed methods approach would allow for both a confirmatory and an exploratory 

approach to the research. The exploratory approach generally associated with qualitative 

research may have led to a deeper understanding of how and why what was hypothesized 

actually happened. This may have influenced findings, particularly related to Department 

3 which was an outlier in many of the findings. Adding a qualitative perspective could 

also have provided a better understanding of the context and culture of each department 

and of Knowledge Organization in general. Caution is urged with adding too many 

additional questions to a survey that is already time consuming for participants due to the 

size of the network. 

Studying organizations with different national and organizational cultures could 

increase generalizability. Hong, Stanley, and Easterby-Smith (2006) argued that few 

studies have examined the influence national culture has on organizational learning. They 
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examined national culture implications “for organizational learning in cross-cultural 

settings” by conducting case studies at Japanese-invested firms located in China (Hong et 

al., 2006, p. 413). They set forth that Japanese firms were social learning communities 

that emphasized shared values and interdependent team relationships and contrasted this 

with what they viewed as a “paternalistic bureaucracy” in Chinese organizations (Hong et 

al., 2006, p. 414). They found “reported differences between frontline Japanese and 

Chinese workers in terms of constructive engagement and member solidarity, and hence 

participation in organization-based collective learning” (Hong et al., 2006, p. 422). They 

attributed these differences “to deep-seated cultural values” that led to “the frontline 

Chinese employees’ resistance to such involvement” (Hong et al., 2006, p. 422). Hong et 

al. (2006) concluded that “national cultures constitute unique sets of values and 

assumptions that either encourage or discourage collective learning” (p. 422). Despite 

these conclusions they recommended further studies to examine whether or not national 

culture core values served to predispose members to engage in or to set up barriers to 

organizational learning. 

Another area for future research would be to use exponential random graph 

models (ERGMs) to study network structure. ERGMs “are tie-based models for 

understanding how and why social network ties arise” (Robins & Lusher, 2013, p. 9). 

They allow researchers to choose a set of configurations based on theoretical interest and 

to then apply the selected model “to an observed social network” in order to estimate 

parameters (Robins & Lusher, 2013, p. 10). This allows for inferences to be made about 

network patterns which “in turn allows inferences about the type of social processes that 
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are important to creating and sustaining the network” (Robins & Lusher, 2013, p. 10). 

ERGMs “can be estimated for a number of similar networks” (e.g., networks in 

organizational units), “and then multilevel post hoc analyses conducted to assess 

significant parameters across the entire data set” (Robins & Lusher, 2013, p. 15). 

Multilevel analyses is of particular importance to organizational learning and ERGMs 

provides a statistical model that can perform such analyses.  

Limitations 

 The study took place in one organization that had espoused values of 

knowledge sharing and collaboration. Generalizability may be applied to similar 

organizations, but different results could occur in differing settings. Examining only one 

organization does not provide for comparison across organizations; however, going in 

depth with one organization did allow for analysis at the individual, group, and 

organization levels.  Organization size was a limitation of this study from a network 

perspective because this was a large organization to study. Cross and Parker (2004) 

argued for limiting the number of survey participants to approximately 250. Anything 

larger may become unwieldy.  

Response rates were a limitation of the study. Whole network studies present a 

limitation in that a high response rate is required to obtain a picture of the overall 

structure of the network (Scott, 2013). Based on the response rate, the two social 

networks “may not represent the actual network” (Hamra et al., 2014, p. 392). However, 

this limitation was partly mitigated by providing a complete roster for participants to 

respond to, so even actors who did not respond were included if others stated that they 
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collaborated with or sought information from them. It has also been argued that enough 

responses need to be obtained to show “reasonable stable patterns of interactions” 

(Hamra et al., 2014, p. 392). 

Concluding Remarks 

Organizations are driven to maintain competitive advantage and to survive 

(Edmondson, 2012; Goll et al., 2007; Lüscher & Lewis, 2008), and organizational 

learning has been found to be a critical component of changing behavior. Popova-Nowak 

and Cseh (2015) argued that the “social interaction within the networks is crucial for 

people to form common schemata as a precondition for changing their behavior” (p. 313). 

This study provided a theoretical contribution to understanding how social networks that 

exist within organizations could aid in identifying structures that support learning, 

thereby supporting an organization’s ability to adapt and change. It was found that social 

networks did have a positive effect on organizational learning, particularly at the 

organization level, while partial support for learning was found at the individual and 

group levels. Prior to this study, significant work had been done examining the 

relationship between aspects of knowledge management, such as knowledge transfer or 

retention, and social networks, but little work had been done to explore the relationship 

between organizational learning as a construct and social networks with recent exceptions 

from Thomas and Vohra (2015) and Vohra and Thomas (2016).  

Understanding the connection between social networks and organizational 

learning is significant because of the importance of social relationships to learning. 

Uncovering “the patterns of people’s interactions” can “better explain how they engage in 
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the learning process” (Thomas & Vohra, 2015, p. 126). It is hoped that this study will 

benefit organizations by providing an approach that allows them to visualize the impacts 

of decisions they make regarding learning. 
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APPENDIX A: 

INTRODUCTION AND SITE ACCESS REQUEST LETTER 

Organizational Learning: A Social Network Perspective 

Jennifer Wong, wongj@gwmail.gwu.edu 

Sponsor: The George Washington University 

Graduate School of Education and Human Development 

 

Dear Sir or Madam: 

 

I am writing to request that you consider allowing me to research how social network 

structure affects organizational learning in your organization. My research will consist 

primarily of administering a survey to participants. I am interested in studying a mid-

sized organization and would like to survey all employees within one division (or 

equivalent structure) and its subordinate branches.  

 

My contact information is provided above. I would appreciate the opportunity to speak 

with you at your earliest convenience. Attached is a summary of the proposed study to 

inform your decision. I look forward to hearing from you. 

 

Sincerely, 

 

 

Jennifer Wong 

Researcher 
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Research Study Overview 

 

Study Title: Organizational Learning: A Social Network Perspective 

 

Study Purpose: The purpose of the study is to map out the collaboration and information 

networks of the organization as well as the levels of organizational learning. This will be 

done in order to understand how social network structure affects organizational learning. 

The researcher seeks to understand what structures hinder or facilitate organizational 

learning. 

 

To clarify the study, a social network is defined as a set of entities (individual, group, 

organization) and the interactions between those entities. This study is about professional 

relationships and interactions, not online networking sites. 

 

Study Participants Sought: The primary means of collecting data will be the 

administration of an online survey. I would like to survey all employees within one 

division (or equivalent structure) and its subordinate branches. It is critical to the success 

of the research that an 85% or higher response rate is achieved in order to provide a 

complete picture of the social network. 

 

Benefits to Your Organization: How can this study benefit your organization? It can 

contribute to the following: 

• Allows management to translate professional relationship ties into maps that 

demonstrate how the informal organization gets work done. 

• Allows management to leverage networks to solve organizational problems. 

• Demonstrates where connectivity that benefits the organization can be promoted. 

• The organization will receive a written report and network maps (minus any 

individually identifying information) upon the conclusion of the study. 

 

Data Collection: Data collected during the survey will be carefully managed. Please be 

aware that I am in the process of obtaining approval from my university and going 

through the rigorous Institutional Review Board (IRB) process which is federally 

mandated. The IRB process is designed to protect the rights and well-being of human 

subjects participating in research studies. The board also reviews the ethics and methods 

of the study. As part of the IRB process, my survey will have to be approved along with 

my data storage and handling procedures. All this is done to ensure the ethical treatment 

of study participants and to ensure that the data is handled appropriately and 

confidentially. There are severe consequences for failing to adhere to processes outlined 

by the IRB. 

 

The survey will ask for background information on participants to include gender, length 

of employment, and managerial status. From your human resources office, I would like to 

request an organizational chart and rosters for each of the departments within the 

participating division. The survey will ask about who participants collaborate with and 
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who they seek information from. The survey will also ask for participant observations 

about individuals and groups within the organization and how they influence the 

organization. Additionally, the survey will ask about the organization’s structure, culture, 

vision, and strategic direction and how systems and procedures influence the participant 

and their group. 

 

Data 

• A by name list of all members of the division broken down by department will be 

requested and included in the survey. The purpose of including the roster is to allow 

survey participants to select who they collaborate with and seek information from. 

• Every effort will be made to prevent anyone who is not on the research team from 

knowing that participants provided information or what that information is. The 

research team consists of myself and three professors who also adhere to IRB 

processes. I am the primary researcher and the professors are members of my 

dissertation committee. Responses are confidential. That means that the research 

team will assign a random ID number while entering each survey, and this random ID 

will never be re-attached in any way to a participant’s name. We will not share your 

individual answers about yourself with anyone without your permission. 

• You should note that it is sometimes possible to identify participants based on 

demographic information such as gender, managerial status, and department. 

Therefore, the research team will make every effort to ensure that we do not share any 

individual or combined information in which it may be possible to identify 

respondents. 

• Please be aware that while we make every effort to safeguard your data once received 

from the online survey/data gathering company, given the nature of online surveys, as 

with anything involving the Internet, we can never guarantee the confidentiality of the 

data while still on the survey/data gathering company’s servers, or while enroute to 

either them or us.  

• Participant information will be combined with information from other people taking 

part in the study. When we write about the study to share it with other researchers, we 

will write about the combined information that has been gathered. Neither the 

organization nor participants will be identified in these written materials. The results 

of this study may be published; however, the organization’s name, participant names, 

and other identifying information will be kept private.  

• The survey will be shared in advance with the organization for review. Additionally, 

a report of the results will be shared with the organization. No personally identifying 

information will be provided within the report. 

• The proposed study schedule is below. 
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Action Target Purpose Timeframe Resources Needed 

Arrange Site Mid-sized 

organization 

   

Initial Meeting Management 

and HR 

Present 

information on 

study 

  1 hour meeting with 

management and HR 

Interviews Selected 

employees 

Identify additional 

organizational 

information that 

may impact study 

1 month from 

project 

beginning 

(30-60 

minutes) 

through 

project end 

Select employees for 

interviews; 

approximately 30-60 

minutes per 

participant to 

participate 

Pilot Study Selected 

employees 

Incorporate 

organizational 

information that 

may impact study 

1.5 months 

into project 

Select employees for 

participation; 

approximately 20 

minutes to complete 

the survey 

Introduce 

Project to 

Employees 

All 

employees 

Inform them of 

study; allow time 

for questions 

2.5 months 

into project 

Email from 

management; space to 

conduct meetings; 

approximately 30 

minutes per briefing; 

multiple briefings 

may be required to 

accommodate the 

group 

Small Group 

Survey 

Administration 

All 

employees 

Survey 

administration; 

inform them of 

study and rights; 

allow time for 

questions 

3 months into 

project 

Email from 

management; 

approximately 20 

minutes to complete 

the survey; space to 

conduct survey 

Data Analysis   6 months into 

project 

 

Final Report Management 

and HR 

Present final 

written report and 

presentation of 

findings 

8 months into 

project 

1 hour meeting with 

management and HR 

 

 

Researcher: Jennifer Wong is a doctoral candidate in the Executive Leadership Doctoral 

Program at the Graduate School of Education and Human Development, The George 

Washington University, in Washington, DC.  
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SURVEY 
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5. Department 1 
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6. Department 2 
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7. Department 3 
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8. Department 4 
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9. Department 5 
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10. Please identify people within ORGANIZATION that are in offices other than your 

with whom collaboration is necessary to do your work or help you think about 

complex problems posed by your work. Please note there is no right number of 

collaboration partners to list. Identify those who you regularly collaborate with. We 

provided only 5 lines for space considerations. 

 

 

11. The following items relate to your observations of individuals in your organization. 
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12. The following items relate to your observations of groups within your organization 

(e.g., your department, your team, people you interact with most). 
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13. The following items relate to your organization’s structure, culture, vision and 

strategic direction. 

 
 

  



218 

14.  The following items relate to how you and your group influence the organization. 
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15. The following items relate to how systems and procedures influence you and your 

group. 
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16. The following items relate to how management (e.g., your supervisor, your superior, 

your manager’s manager) influences the organization. 
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APPENDIX C: 

SAMPLE EMAILS 

PRENOTIFICATION EMAIL 

 

SUBJECT: In a few days you will receive an invitation to complete an online survey 

 

Dear (staff member),  

 

You will soon be asked to complete a voluntary survey as part of a research study related 

to social networks (informal professional relationships) and organizational learning. This 

study is being sponsored by [organization name] to support efforts to understand how you 

collaborate and share information within the organization. 

 

The survey is being distributed to all members of [organization name]. All staff will be 

asked to complete the survey online. It will take about 20 minutes to complete, and your 

individual responses will be kept confidential. Data from the survey will be aggregated 

when results are reported. It is important to answer as honestly as possible, so that as an 

organization you can better understand how you collaborate and share information.  

 

The research study is under the direction of Dr. Andrea Casey of the Department of 

Human and Organizational Learning and Jennifer Wong, a doctoral candidate, from the 

George Washington University. Jennifer Wong will be providing information sessions on 

the research to help you better understand the information within the survey. Attendance 

at information sessions is encouraged but not required. Sessions will be held on the 

following dates: 

 

 Date/time/location 

 

To get a complete picture of how you collaborate and share information, it is important 

that we receive as many responses as possible. Your input and efforts will contribute to 

improving how the organization can work together as well as to the fields of 

organizational learning and social networks.  

 

Please contact Jennifer Wong at (703) 994-5775, wongj@gwu.edu, or Dr. Casey, 

acasey@gwu.edu, if you have any questions. Thank you in advance for your participation 

in this important effort. 

 

Jennifer Wong 

Doctoral candidate 

 

  

mailto:wongj@gwu.edu
mailto:acasey@gwu.edu
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SURVEY EMAIL 

 

On DATE we let you know that you would be receiving a survey related to social 

networks (informal professional relationships) and organizational learning. This 

voluntary survey is part of a research study related to social networks (informal 

professional relationships) and organizational learning. In addition, this study is part of 

[organization name’s] efforts to understand how you collaborate and share information 

within the organization.  

 

Benefits of the survey 
While this survey may not directly benefit you, it will help us to understand how the 

organization is connected and where connectivity can be better promoted. It will also 

allow us to understand how learning flows and if there are areas where learning can be 

better facilitated. This survey will provide baseline data from which we can examine how 

the organization collaborates, shares information, and learns.  

 

Who will see your answers? 
Every effort will be made to keep your information confidential; however, this cannot be 

guaranteed. No one from [organization name] will be provided with or will have access to 

your individual results. The online employee survey is carried out on [third-party 

provider]’s servers, and your responses remain in their secure data storage facility. 

Jennifer Wong, a doctoral candidate at the George Washington University, will be the 

primary contact for this research study. Only Ms. Wong and her research team will have 

access to your confidential responses.  

 

When the study is written about, we will write about combined information. You will not 

be personally identified in any materials. If the results of this research study are reported 

in journals or at scientific meetings, the people who participated in this study will not be 

named or identified. Your responses are confidential. This means that the research team 

will assign a random ID number to each survey after the network maps are completed. 

Names must be used to create the network maps since social networks map informal 

relationships but will not be displayed or included in any materials. This random ID will 

not be reattached in any way to your name. We will not share your individual answers 

without your permission. Rosters containing names and ID numbers and any other data 

spreadsheets will be kept as electronic password-protected files which will only be 

available to the research team. You should note that it is sometimes possible to identify 

participants in network maps based on demographic information. Therefore, we will 

make every effort to ensure that we do not share any individual or combined information 

in which it may be possible to identify participants. 

 

What do I have to do? 
Taking part in this research is entirely voluntary. Your employment status will not, in any 

way, be affected should you choose not to participate or if you decide to withdraw from 
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the study at any time. The survey should take about 20 minutes to complete. I suggest 

you do it in a quiet period where you can concentrate and do it in one sitting without 

interruption. Your manager knows you need time to complete the employee survey 

during work hours. If you have any trouble completing the survey or have questions, 

please contact Jennifer Wong, (703) 994-5775, wongj@gwu.edu, or Dr. Andrea Casey, 

acasey@gwu.edu. 

 

The Office of Human Research of George Washington University, at (202) 994-2715, can 

provide further information about your rights as a research participant. 

 

Please click on the link below to commence the survey. 

 

[link to employee survey] 

 

Thank you. Your contribution to this important project is much appreciated. 

 

Jennifer Wong 

Doctoral candidate 

 

 

  

mailto:wongj@gwu.edu
mailto:acasey@gwu.edu
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THANK YOU EMAIL 

 

Thank you for taking time to participate in the survey related to social networks (informal 

professional relationships) and organizational learning. This survey is part of our efforts 

to understand how we collaborate and share information within [organization name]. We 

truly value the information you have provided. By participating in this survey, you made 

your voice heard and are helping shape our future. 

 

The compiled results of the survey will be provided to [organization name] at the 

conclusion of Ms. Wong’s research. Remember, your responses are confidential and data 

from the survey will be aggregated when results are reported. 

 

Thank you again for your time and input, 

 

Name 

Title 
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APPENDIX D: 

PARTICIPANT BRIEFING 
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