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Organizational researchers are increasingly emphasizing that leadership is a relational 

phenomenon that emerges between at least two people, each of whom may or may not occupy 

formal positions of authority, as they engage in verbal and/or nonverbal interaction processes of 

claiming and granting influence (e.g., Carter, DeChurch, Braun, & Contractor, 2015; Cullen-

Lester & Yammarino, 2016; Eberly, Johnson, Hernandez, & Avolio, 2013; DeRue, 2011; DeRue 

& Ashford, 2010; Pearce & Conger, 2003; Uhl-Bien, 2006; Uhl-Bien & Ospina, 2012). Given 

that teams and organizations are composed of multiple individuals, each of whom might 

participate in leadership relationships with multiple other organizational actors (e.g., as leaders 

and/or as followers), organizational leadership constitutes networked patterns of influence 

processes or leadership systems that can develop and change over time (Carter et al., 2015). 

Despite significant theoretical advancements in terms of specifying the relational nature 

of leadership, quantitative investigations of leadership have lagged behind. For the most part, 

quantitative studies of leadership have continued to rely on methods of evaluating leaders and 

leadership stemming from traditional views of leadership as a personal attribute, characteristic or 

‘style’ of an individual—often one who occupies a formal position of authority (e.g., a manager). 

Indeed, the majority of empirical research on leadership over the past decade has investigated 

formal leaders’ transformational leadership style (Dinh et al., 2014), often relying on subordinate 

ratings of supervisors (e.g., using the Multifactor Leadership Questionnaire to assess 

transformational leadership; Bass & Avolio, 1990). 
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As van Knippenberg and Sitkin (2013) point out, subordinate ratings of supervisors’ 

leadership styles are often limited in that the scales used are sometimes based on poorly specified 

theory, lack adequate psychometric properties, and/or tend to equate leadership styles with 

leadership effectiveness criteria. Critically, this dominant methodological approach is also 

limited in that it does not uncover: (a) the role of followers in the co-creation of leadership; (b) 

the potential for leadership to emerge informally among some or all organizational actors; nor (c) 

the actual verbal and/or nonverbal processes that give rise to leadership. Thus, the ways in which 

leadership systems emerge and evolve remain poorly understood.  

This paper responds to recent calls for more investigation into the communication 

processes and interactions underpinning leadership (e.g., Fairhurst & Antonakis, 2012; DeRue & 

Ashford, 2010). We advance a semantic network analysis approach to studying leadership. This 

approach links the content of organizational actors’ communications with one another to the 

emergence of leadership relationships between them (e.g., leadership perceptions and/or 

behavioral indicators of leadership). Specifically, this approach combines semantic networks—

networks based on the content of organizational actors’ communication—with inferential models 

of network emergence and development to uncover the ways in which leaders and followers co-

create leadership through their interactions.   

Semantic Network Analysis Approach 

 Contemporary research depicts leadership as an emergent phenomenon that arises 

through verbal and/or non-verbal interaction processes of claiming and granting influence (e.g., 

DeRue & Ashford, 2010). Thus, to understand leadership requires an understanding of the types 

of interaction processes that give rise to leadership. To date, however, quantitative research on 

organizations has primarily investigated collective emergent phenomena, such as leadership, 
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team trust, or team cognition, “after the fact” i.e., after the construct has emerged (Kozlowski & 

Chao, 2012, p. 336). Thus, quantitative studies have failed to provide a comprehensive 

understanding of the ways in which leadership and other emergent collective phenomena come 

about.  

More specifically, quantitative organizational research has relied on methodological 

approaches, such as self-report surveys, which infer that a collective construct has emerged, 

rather than directly investigating the processes that led to its emergence. In contrast, qualitative 

studies of organizations have done a much better job of investigating processes of emergence 

directly (e.g., through ethnographies, participant observations, participatory action research). 

Yet, although qualitative studies can offer a rich and holistic understanding of emergent 

phenomena, replication and generalization based on qualitative research is often limited. 

Quantitative research, on the other hand, “samples multiple observations with the goal of 

measurement precision, hypothesis testing, replication, and generalization” (p. 337), and these 

features make quantitative research highly beneficial for theory and model evaluation 

(Kozlowski & Chao, 2012). Therefore, organizational scholars have called for more research 

using direct quantitative approaches, such as computational modeling or agent-based simulation, 

to investigating the emergence of critical organizational phenomena (e.g., Kozlowski, Chao, 

Grand, Braun, & Kuljanin, 2013). 

We suggest that semantic network analysis offers another direct quantitative approach to 

studying emergent organizational phenomena, and in particular, leadership. Broadly, semantic 

analysis refers to the process of “interpretation of semantic structures for the purpose of 

exploration or analytical reasoning” (Drieger, 2013, p. 7). A semantic network can be derived by 

coding the content of the communication messages connecting organizational actors to one 
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another for theoretically relevant sentiments. The edges or ties in a semantic network represent 

semantic relationships (i.e., the content of communications; Sowa, 1991) and the nodes represent 

organizational actors (i.e., people). Graph theory and network analysis (Wasserman & Faust, 

1994) can be used to analyze the structure of the semantic networks among organizational actors 

and to empirically link semantic networks with other types of emergent relationships (e.g., 

leadership).  

In the approach advanced here, semantic networks are used as predictors of leadership 

networks in inferential models of network emergence and development. This approach represents 

a more direct way of investigating leadership emergence in that it allows researchers to identify 

the verbal interactions related to leadership. In the following, we describe the steps involved in 

this approach. Then, we provide an illustrative example of how semantic network analysis can be 

used to test hypotheses related to communication and leadership emergence in the context of a 

large-scale laboratory study of multiteam collaboration.  

Step 1: Elicit Semantic Networks  

 The first step in the semantic network analysis approach to leadership is to collect 

relational streams of data from groups of two or more people. These relational data sources can 

then be used to generate semantic networks.  

There are multiple ways to collect relational streams of data. In particular, we suggest 

that leadership researchers capitalize on the many sources of digital trace data that are now 

available. Digital trace data are records of activity and interactions collected through virtual 

systems (DeChurch et al., in press). For example, digital traces of relational interactions could be 

collected in traditional laboratory research on dyads or groups, which allow researchers to 

capture all verbal and nonverbal interactions among participants (e.g., through video and audio 
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recordings). Leadership researchers could also investigate the digital traces that are left as people 

interact with one another via social networking websites (e.g., Twitter, Facebook), open-source 

collaborative enterprises (e.g., Wikipedia), online games (e.g., Minecraft), or virtual-

communication tools in organizations (e.g., video conferencing, organizational listservs, text-

based chat).  

For instance, Zhu, Kraut, and Kittur (2013) provide an insightful demonstration of the 

application of semantic data to understand leadership in their sample of 182 million digital trace 

indicators of informal influence processes on Wikipedia. Their findings suggest that when 

Wikipedia contributors used more language reflecting an aversive or directive leadership style in 

their messages to other users, these other users tended to increase their contributions to the task 

at hand (i.e., writing an encyclopedia entry). The degree to which contributors used language 

reflecting a transactional or person-focused leadership style, on the other hand, increased other 

users’ general motivation to contribute to the task (Zhu et al., 2013).  

There are also multiple ways to analyze the semantic content of relational streams of 

data. For example, human coders might rate video-taped interactions among study participants or 

transcripts of interactions for particular words or sentiments. Machine learning approaches could 

allow researchers to identify key words or phrases signaling status or hierarchy (Gilbert, 2012) 

and these words might guide the subsequent coding of other interactions. Researchers could also 

develop specific, theoretically-derived hypotheses regarding the nature of the communication 

processes related to leadership and then use automatic semantic analysis programs to evaluate 

participants’ use of the hypothesized language.  

For example, an automatic semantic analysis program called Linguistic Inquiry and Word 

Count (LIWC; Tausczik & Pennebaker, 2010; Pennebaker, Boyd, Jordan, & Blackburn, 2015) 
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can be used to classify the words people say to one another (e.g., across email or text-based chat) 

for particular sentiments. This program identifies the extent to which certain words appear in a 

body of text. LIWC provides a set of internal dictionaries, each of which is pre-populated with a 

set of words related to a specific construct (e.g., affect) or language style (e.g., pronoun use). 

Additionally, the program allows users to create their own dictionaries. Potentially, a leadership 

researcher could create user-defined dictionaries in LIWC that reflect theoretically-meaningful 

sentiments (e.g., based on qualitative research on leadership). Then, the researcher could use the 

LIWC program to code large transcripts of interactions among many organizational actors to 

identify the degree to which these sentiments appeared in each pair of actors’ interactions.  

After the interactions among each pair of organizational actors are rated for a particular 

sentiment, these ratings can be translated into a semantic network. The nodes in the semantic 

network are organizational actors, and the ties reflect the degree to which each pair of nodes 

interacted in a particular way (based on the semantic analysis).  

Critically, sources of “big data,” such as the digital traces of person-to-person interactions 

just described, are promising in that these data are often voluminous, readily available, and 

automatically recorded (Howison, Wiggins, & Crowston, 2011). However, a key challenge of 

analyzing digital traces of interaction is to interpret the voluminous data in a scientifically-

rigorous way. Indeed, a critical open question is which (if any) digitally-derived metrics are 

theoretically relevant to the study of leadership.  

Step 2: Elicit Leadership Networks 

 The second step of the semantic network analysis approach to studying leadership is to 

capture the networks of leadership relationships that arise among organizational actors. These 

leadership networks might be assessed using approaches such as self-report sociometric (i.e., 
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round-robin) measures of leadership perceptions (Carson, Tesluck, & Marrone, 2007; Contractor, 

DeChurch, Carson, Carter, & Keegan, 2012). Alternatively, leadership relationships might be 

captured through behavioral ratings of interactions or other relational streams of data. Again, 

however, we caution that the use of any of these approaches should be grounded on basic 

research validating the metrics.  

Step 3: Evaluate the Relationships Between Semantic Networks and Leadership Networks 

After generating both semantic networks and leadership networks, researchers can use 

inferential models of network emergence or development to evaluate the degree to which 

particular sentiments relate to the emergence of leadership systems. 

Contractor and colleagues (2012) describe how leadership researchers can use inferential 

network models, such as a class of models known as p* or exponential random graph models 

(ERGMs; Anderson, Wasserman, & Crouch, 1999; Robins, Pattison, Kalish, & Lusher, 2007; 

Robins, Pattison, & Wasserman, 1999; Wasserman & Pattison, 1996; Snijders, Pattison, Robins, 

& Handcock, 2006), or longitudinal models of network development (e.g., Snijders, van de Bunt, 

& Steglich, 2010) to study leadership network emergence and evolution. These models were 

developed over the past 15 years as a way to account for the inherent dependence of network 

data in empirical analyses.  

Broadly, ERGMs predict the probability of a relationship (i.e., tie) Yij between each pair 

of actors i and j in a network. According to Robins et al. (2007), ERGM models have the 

following basic form: 

Pr(𝐘𝐘 = 𝐲𝐲) =  �
1
𝜅𝜅
�  exp ��𝜂𝜂𝐴𝐴𝑔𝑔𝐴𝐴(𝒚𝒚)

𝐴𝐴

� 

where (i) Y is the n x n matrix of network tie variables, with observed values y; (ii) 𝜅𝜅 is a 

normalizing constant that ensures the model has an appropriate probability distribution; (iii) each 
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𝑔𝑔𝐴𝐴(𝒚𝒚) term represents a network statistic; and (iv) 𝜂𝜂𝐴𝐴 represents the corresponding parameter 

estimate for the network statistic.  

As Contractor, Wasserman, and Faust (2006) explain, the basic premise of inferential 

models in the context of organizational research is that any theoretical explanation for the 

emergence of a social network can be represented as a specific structural signature. For 

example, if people’s level of extraversion positively relates to their attempts to influence others 

and other’s acceptance of their influence attempts (i.e., their emergence as leaders; Judge, Bono, 

Ilies, & Gerhardt, 2002), then researchers might expect to see a structural signature like that 

shown in Figure 1a—where more extraverted individuals are relied on for leadership—more 

often than the structural signature shown in Figure 1b—where less extraverted individuals are 

relied on for leadership. 

 

Figure 1a. 

 

Figure 1b. 

 

Figure 1. Structural signatures representing incoming leadership nominations based on higher 
extraversion (Figure 1a) or based on lower.  
Note. Circles represent MTS members; shading of circles represent different team membership; 
A directional arrow from member i to member j indicates i relies on j for leadership.  
 

ERGM parameter estimates reflect the degree to which hypothesized structural signatures 

appear in the sample dependent variable network(s) more (or less) often than would be expected 

by chance. Parameter estimates in ERGMs are similar to those obtained in traditional regression 
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analyses such that each parameter describes the effect of a specified structural signature 

controlling for all other parameters in the model, and the parameter is statistically significant if it 

is twice the size of its standard error (Kalish, 2013). 

Inferential models of network emergence, such as ERGMs, allow researchers to use other 

networks as predictors of the dependent variable network. These predictor networks might be the 

dependent variable network measured previously (e.g., leadership networks collected at an initial 

time point) or other theoretically-distinct types of relationships (e.g., trust, communication, 

advice). With regard to semantic network analysis, the key predictor is the semantic network 

whereas the dependent variable network is leadership. If, for example, a study hypothesis 

predicted that a certain type of communication style would positively predict the emergence of 

leadership influence, one would expect to see the structural signature shown in Figure 2—where 

a tie in the semantic network of interest measured at Time 1 positively predicts a tie in the 

leadership network at Time 2—more than would be expected by chance. In this example, at 

Time 1, Person A sent a message containing a particular type of sentiment to Person B. Then, at 

Time 2, Person A reported relying on Person B for leadership.  

 

    

Figure 2. Example structural signature: Semantic network positively predicts leadership network. 
Note. Circles represent organizational actors; The dashed-line arrow from Person A to Person B 
at Time 1 indicates that A sent communication messages containing hypothesized semantic 
element to B; The directional arrow from Person A to Person B at Time 2 indicates Person B 
relied on Person A for leadership at Time 2.  
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Example Application: Leadership Emergence in Laboratory Multiteam Systems 

This section describes an example application of the semantic network analysis approach. 

We apply this approach to test a single hypothesis regarding the type of communication 

processes related to leadership emergence in a laboratory study investigating multiteam system 

collaboration. Laboratory contexts are particularly beneficial for conducting basic research on 

the fine-grained communication processes underpinning leadership (Antonakis, Bastardoz, 

Jacquart, & Shamir, 2016). For example, laboratory studies of collaboration can enable 

researchers to: (a) collect large sample sizes of collectives with comparable size, task demands, 

composition, and tenure; (b) manipulate relevant variables; and (c) capture all members’ 

interactions and communications over their entire lifespan as a collective. However, we also note 

that laboratory contexts often have certain limitations, including low ecological validity or short-

term interactions that can limit generalizability. Thus, it is important to triangulate findings from 

laboratory studies of leadership processes with studies of leadership in real-world organizations.   

Theoretical Background: Leadership in Multiteam Systems 

 Many of the most important organizational and societal challenges are beyond the 

capacity of single teams, working in isolation, and instead, require the collaborative efforts of 

larger collaborative entities known as ‘Multiteam Systems’ or ‘MTSs’ in the organizational 

sciences (Mathieu, Marks, & Zaccaro, 2001). MTSs are networked collections of two or more 

component teams whose success as a larger collective depends on the degree to which 

constituent members and teams collaborate effectively toward the accomplishment of shared 

‘superordinate’ goals. Given the inherent complexities of these systems (e.g., large size, 

multilevel goal hierarchies, functional diversity, virtually-mediated communication), leadership 

is crucial to MTS success. 
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However, multiteam contexts directly challenge traditional approaches to conceptualizing 

and studying leadership, which were based on an assumption that leadership stems from a single 

formal leader toward subordinates who all share a common group membership (Hogg, van 

Knippenberg, & Rast, 2012). The large size and complexity of MTSs and the potential for 

constituent members to belong to multiple organizations and/or functional areas of expertise 

often precludes any single individual from being able to meet all leadership needs for the entire 

system. Rather, MTS contexts often necessitate that multiple people assume responsibility for 

various aspects of leadership, simultaneously, or rotated over time (Carter & DeChurch, 2014; 

Davison, Hollenbeck, Barnes, Sleesman, & Ilgen, 2012; Johannessen, McArthur, & Jonassen, 

2012; Zaccaro & DeChurch, 2012). 

Moreover, qualitative research on MTS collaboration suggests that informal leadership 

processes are often necessary for the success of these systems, particularly if the goals require 

complex, geographically-distributed, and interdisciplinary collaboration. For example, Beck and 

Plowman (2014) described the response efforts of a MTS that emerged after the Columbia space 

shuttle disaster on February 1, 2003. Although the disaster cost the lives of at least seven 

passengers, the disaster response efforts were deemed a success. Beck and Plowman note that the 

informal processes of influence and trust that emerged among individuals who did not have 

formal authority over one another (e.g., members of different organizations) were key to aligning 

the efforts of the component teams in the system.  

In summary, theories of leadership in MTS contexts reflect the broader leadership 

literature which is increasingly depicting leadership as an emergent relational process that may 

or may not involve formal authority. Thus, traditional approaches to studying leadership, which 

focus on identifying the traits, attributes, or behavioral ‘styles’ (e.g., transformational leadership) 
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of individuals who occupy formal positions of authority, can provide only a limited 

understanding of MTS leadership. Approaches such as semantic network analysis, however, may 

allow MTS researchers to develop a better understanding of the ways in which leadership 

emerges and impacts team and multiteam outcomes.  

Example Application of Approach: MTS Laboratory Experiment  

This section first provides an example of a hypothesis regarding leadership emergence 

that might be tested using the semantic network analysis approach described previously. Then, 

we describe the methods and results of a laboratory study of MTS collaboration used to 

demonstrate the semantic network analysis approach to testing this hypothesis.   

Example hypothesis. In many complex multiteam contexts, a variety of forces, including 

psychological divides between teams (Luciano, DeChurch & Mathieu, 2015), reinforcement 

strategies that reward individual or team outcomes (Mathieu, 2012), or ambiguity between 

members’ actions and superordinate goal achievement (Kanfer & Kerry, 2012), can focus 

members’ attention and efforts away from superordinate goals and toward other objectives. Thus, 

MTSs are often composed of some members who care strongly about achieving the 

superordinate goal and other members who prioritize other, potentially competing, goals.  

Leadership scholars have suggested that when a person sends out signals that appeal to a 

recipient’s goals, values, morals, or emotions, the recipient is more likely to accept the sender’s 

influence attempts (Antonakis et al., 2016). However, in MTSs composed of teams with different 

priorities, the types of appeals that inspire or influence some members might be uninspiring to 

others. Thus, MTS members who wish to be influential may need to tailor their language to 

appeal to the goals or values of different recipients. A basic hypothesis stemming from this 

conjecture is: 
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Hypothesis: MTS members will be more likely to grant leadership influence to other 

members when those members use language referencing the message recipient’s priorities. 

Participants and study design. Two hundred and sixty four undergraduate students 

participated in this study. In each of 22, four-hour experimental sessions, 12 participants were 

randomly assigned to one of 12 unique roles on a four-team MTS. Each of the three-member 

teams was located in a separate room. Throughout the first three hours of each session, 

participants learned their roles and practiced collaborating with their team. During the last hour, 

all four teams collaborated to solve a complex problem requiring input from all four teams. 

During this MTS collaboration phase, participants communicated with members of other teams 

using a virtually-mediated text-based chat interface. Hence, all inter-team communications were 

automatically transcribed. 

Experimental manipulation. The laboratory study used here aimed to model the effects 

on MTS collaboration and leadership emergence of teams with different, and somewhat 

competing, priorities. In each session, experimenters manipulated the goals prioritized within the 

four teams. Whereas some teams were told to focus on achieving the shared superordinate 

‘MTS’ goal, other teams were focused on achieving more proximal (i.e., individual-, or team-

level) goals.  

Step 1: Elicit semantic networks. To generate semantic networks for each of the 22 

MTSs in this study, we created user-defined dictionaries in the LIWC semantic analysis program 

described in the “Step #1” section above. The user-defined dictionaries contained words 

reflecting the MTS members’ different goals (i.e., words contained in the materials directing the 

participants’ to prioritize certain goals). Then, we passed the transcriptions of all chat messages 

between every pair of MTS members in the sample (n = 4,813 chat messages) through the LIWC 
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program to automatically identify the degree to which each participant had referenced each other 

participant’s prioritized goal in his or her chat messages to that person. The output from the 

LIWC program was used to generate semantic networks (see Figure 3) reflecting the degree to 

which each MTS member sent messages to each other member containing language referencing 

the recipient’s manipulated goal priority. 

 

 
Figure 3. Example semantic network based on goal-referencing language (hypothesized 
antecedent of leadership networks).  
Note. Circles represent MTS members; shading of circles represent different team membership; 
A directional arrow from member i to member j indicates that i sent communication messages 
containing language referencing j’s manipulated goal priority.  
 

Step 2: Elicit leadership networks. Leadership networks (see Figure 4) were assessed at 

the end of the multiteam collaboration phase. Following the approach described by Contractor et 

al. (2012) and Carson et al. (2007), participants were given a roster of all other MTS members 

and were asked responded to the following item: “Who did you rely on for leadership?” 
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Figure 4. Example leadership network.   
Note. Circles represent MTS members; shading of circles represent different team membership; 
A directional arrow from member i to member j indicates i relies on j for leadership.  

 

Step 3: Evaluate relationships between semantic networks and leadership networks. 

To test the exemplar hypothesis, I used the semantic network and a set of control variables as 

predictors of leadership networks in an exponential random graph model predicting leadership 

networks. Supporting the hypothesis, the results (see Table 1) indicated that MTS members were 

1.36 times more likely to grant leadership influence to MTS members who referenced the 

recipient’s priority in their communications than to those who did not. Explanations for the other 

(control) effects in the model are included in Table 1.  

Conclusion 

 In conclusion, semantic network analysis offers a promising approach to direct 

quantitative investigation of the communication processes underpinning the emergence of 

leadership. This approach enables empirical research on leadership to take a much needed 

relational turn.  
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Table 1.  

Results of exponential random graph model predicting the emergence of leadership networks 
based on hypothesized semantic network and a set of controls. (Null hypothesis: All leadership 
ties are independent with equal probability). 
 

Dependent Variable:  
MTS Leadership Networks 

Odds 
Ratio 

Explanation  

Controls:   
Arc .03** Leadership ties are less likely to emerge 

between any random set of participants 
than would be expected by chance. 

Reciprocity 1.46† Leadership ties are more likely to be 
reciprocated than would be expected by 
chance. 

Incoming leadership nominations 
based on manipulated goal priority 

1.20** Members who prioritize the MTS goal are 
more likely to be relied on for leadership 
than members who do not prioritize the 
MTS goal.   

Outgoing leadership nominations 
based on manipulated goal priority 

1.86** Members who prioritize the MTS goal are 
more likely to rely on others for leadership 
than members who do not prioritize the 
MTS goal.   

Incoming leadership nominations 
based on individual’s word count in 
text-based chat 

1.00** MTS members who use more words in 
their communications with members of 
other teams are more likely to be relied on 
for leadership.  

Hypothesis Test   
Semantic network: Use of language 
referencing the recipient’s 
manipulated goal priority 

1.36* An MTS member is more likely to rely on 
another member when he or she references 
the message recipient’s priority in his or 
her communications (semantic networks 
positively predict leadership networks). 

Note. † p < .10; * p < .05; ** p <.01; n = 264 individuals assembled into 22, 4-team MTSs; There 
were 2,904 possible leadership network ties across entire sample. 
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