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ABSTRACT 
 
The U.S. Navy is developing a Navy Leadership Behavioral Model (NLBM) to improve assessment of leadership potential, 
develop effective leadership across Sailors, and select the right leaders for the right positions. Organizations traditionally rely 
on theory-driven leadership models with limited empirical validation. However, the Navy is collecting extensive data to 
empirically derive and validate a NLBM across Navy communities. This will set the foundation for a comprehensive talent 
management system to track and support personalized Sailor assessment, career-long leadership development, and command 
selection via an enterprise-wide software application connecting disparate data sources. This paper will describe the 
development of the NLBM and supporting empirical evidence. 
 
A multi-stage, thematic analysis identified approximately 20 behavioral factors illustrating effective Navy leadership. First, a 
qualitative sorting of raw interview data from five Navy commands (n = 1,689) was used to group related statements; these 
were refined into an initial set of behavioral factors. Second, additional interview data was collected for validation and 
subsequent thematic coding (n = 2,131). Concurrently, two workshops with Navy subject matter experts were held to refine 
the behavioral factors and their operational definitions. Leveraging the refined model, all qualitative data was combined into 
a single dataset for a comprehensive sorting and quantitative analysis. This last step allowed us to assess the (1) metrics of 
inter-coder reliability, (2) factor commonalities via natural language processing analysis, and (3) Navy community priorities 
to support the current NLBM structure. 
 
Because organizations rarely validate leadership behavioral models, sharing the empirical process for developing the NLBM 
will demonstrate how the combination of well-known and novel methods for analyzing qualitative data can provide stronger 
and more relevant solutions than relying on theory alone. Additionally, the paper will discuss how conducting the empirical 
analysis supports long-term validation against relevant criteria and advanced data analytics across disparate data sources. 
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INTRODUCTION 
 
The United States (U.S.) Navy is developing a Navy Leadership Behavioral Model (NLBM) as part of an expansive 
effort to modernize talent management. The primary aims of the NLBM are to improve assessment of leadership 
potential, train effective leadership behaviors throughout Sailors’ careers, and help ensure the right leaders are retained 
and slated for the leadership positions that best use their abilities. The NLBM is designed to reflect leadership 
behaviors Navy-wide at the major command and department head levels (i.e., E-7 and up, O-5 and up), such as 
command triad teams, consisting of a Commanding Officer, Executive Officer, and Senior Enlisted Leader. Also, the 
NLBM is intended to serve as the foundation of a comprehensive system being built to track individual Sailors’ career-
long leadership development using an enterprise-level, profile-based technology solution that links disparate databases 
of information across the Navy. This solution will provide Sailors a clear sense of what they have achieved as leaders 
and where they can improve to become better leaders. 
 
Presently, the U.S. Navy does not have a force-wide leadership model that distinguishes the behaviors of exemplary 
leaders. Instead, many individual Navy communities (e.g., Naval Surface Forces, Submarine Forces, Explosive 
Ordinance Disposal) have developed their own models of leadership based on internal reviews regarding the 
behaviors reflective of effective leadership within their community. This siloed approach is not without merit; Navy 
communities fulfill a wide and diverse range of roles and missions to achieve objectives. However, other branches 
of the U.S. military with numerous communities and varying roles, such as the Army (Department of the Army, 
2022) and Air Force (Department of the Air Force, 2022), have successfully adopted force-wide leadership models. 
In addition, a siloed approach to leadership modeling runs contrary to the evolving and collaborative nature of 
modern naval leadership. This has been highlighted in recent Navy reports and initiatives (e.g., Department of the 
Navy, 2019; 2021; 2022). Therefore, the NLBM aims to define effective leadership Navy-wide while still working 
in concert with existing leadership models that have been developed within Navy communities. 
 
Leadership Models: One Size Does Not Fit All 
 
Numerous academic and organizational researchers have developed an extensive collection of comprehensive 
leadership models that outline effective (or ineffective) leader behaviors that occur across different types of 
organizations. For instance, Yukl et al. (2002) created a model of 12 specific leadership behaviors culled from a review 
of decades of research on leadership. These behaviors were grouped into the meta-factors of task behavior, change 
behavior, and relations behavior. Avolio and Bass’s (1991) Full Range Leadership Model parses 12 leadership 
characteristics into a set of three leadership types (transformational, transactional, passive-avoidant) that describe high, 
moderate, and low levels of effort and engagement from leaders. Irrespective of the terms used across this deep pool 
of comprehensive leadership models, most have a few key commonalities (Campbell, 2012a). These commonalities 
include the use of three or four meta-factor solutions with each meta-factor containing factors comprised of multiple 
specific behaviors or competencies.  
 
Comprehensive models have utility because they condense volumes of leadership research into one product. But no 
matter how accurately a leadership model depicts leadership across organization types, it does not assure that the 
model is a good option for a specific organization.  Empirical validation along with an actionable plan to use the model 
to improve leadership (e.g., assessment, development, selection) is a necessary step that organizations often bypass 
(McLean & Moss, 2003). One example of a tailored approach to model development is 3M’s leadership competency 



 
 
 

2024 Interservice/Industry Training, Simulation, and Education Conference (I/ITSEC) 

I/ITSEC 2024 Paper No. 24220 Page 4 of 12 

model (Alldredge & Nilan, 2000). Rather than imposing a singular comprehensive leadership model, 3M opted to use 
existing leadership models as a starting point for developing a model that fit the culture and history of 3M. The result 
was a model that aligns 12 leadership competencies for company executives into fundamental, essential, and visionary 
categories. This model was subsequently used for talent management efforts at 3M, such as leader assessment and 
selection.  
 
Similarly, an effective model of leadership behaviors for the U.S. Navy should account for the nature, history, and 
culture of the organization while also incorporating the volumes of knowledge generated by more than a century of 
leadership research: a synthesis of the leadership research literature with Navy-specific data. Such a model should 
describe leadership behaviors Navy-wide but also have customizable options for individual Navy communities.  
 
NLBM DEVELOPMENT 
 
The NLBM was developed using findings from raw interview and focus group data to develop a model to fit the needs 
of the U.S. Navy while being anchored in the research literature. More specifically, transcripts from semi-structured 
interviews and focus groups were provided that represented insights from six different Navy communities (n = 3,820; 
Cigularov & Navy Expeditionary Combat Command, 2021; Naval Submarine Medical Research Laboratory, n.d.-a, 
n.d.-b, n.d.-c; Naval Surface Warfare Center Dahlgren, n.d.-a; n.d.-b, 2024). These communities included Naval Air 
Forces (AIRFOR), Engineering Duty Officer (EDO), Explosive Ordinance Disposal (EOD), Human Resources (HR), 
Submarine Forces (SUBFOR), and Naval Surface Forces (SURFOR). These data were collected by multiple research 
teams using different sets of interview questions and prompts. However, each interview or focus group predominantly 
involved participants being asked to describe some combination of characteristics, practices, and specific instances of 
both effective and ineffective leadership that they have experienced while in the Navy. The current version, NLBM 
3.0, was iteratively developed with periodic new data, SME coding and reviews, and statistical analysis. 
 
Qualitative Card Sort 
 
In the first phase of the analysis after several interview and focus group data collection events, three researchers 
simultaneously conducted a qualitative card sort to group related responses into categories that reflected similar themes 
or characteristics of naval leadership. This process was completed over three days using the available raw data at the 
time of analysis (n = 1,689). Researchers examined each response from the interviews and focus groups on separate 
slips of paper, stopping at intervals to describe emerging categories by writing a short description of the theme (e.g., 
“stress management”) or characteristic (e.g., “builds trust”) on an index card. The card sort process originally resulted 
in 64 categories of leadership characteristics. To distill these into a more manageable framework, further evaluation 
of the categories merged categories into common themes supported by the literature or removed them because of 
redundancy or infrequent occurrence. This process resulted in 20 leadership factors grouped across five meta-factors: 
the initial NLBM 1.0 draft.  
 
Subject matter experts (SMEs) and project stakeholders from a variety of Navy communities and other branches of 
the U.S. military participated in a two-day workshop to provide feedback on the NLBM 1.0 draft. Attendees proposed 
revisions, deletions, and changes to meta-factor titles, factor titles, and operational definitions. The final version of 
the NLBM 1.0 contained 18 leadership factors across five meta-factors: Character, Command Climate, 
Communication, Continuous Development, and Mission Accomplishment.  
 
Thematic Coding  
 
After developing NLBM 1.0, we aimed to further refine the model through a thematic coding analysis. Raw interview 
and focus group responses used in the qualitative card sort were analyzed with additional raw interview statements (n 
= 2,131) that were acquired from Navy communities. Each coder was provided with the NLBM factors and operational 
definitions and were given instructions, such as using a drop-down box to select which of the NLBM factors were best 
represented in the statement. Coders had an option to suggest that a statement should be deleted because it was not 
relevant to naval leadership and an option to suggest that a statement belonged to an “other” category not evident in 
the model. 
 
Two researchers coded each statement. If the two researchers agreed about which leadership factor was being 
represented in a statement (53% of the statements), that statement was not coded a third time. But statements where 
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coders could not reach agreement were then coded by a third researcher. This additional coding resulted in 26% of 
statements reaching partial agreement (i.e., 2/3rds agreement). These coding efforts resulted in 21% of all statements 
having no agreement across three coders. Additionally, intercoder reliability (ICR) was computed for the full set of 
data (Krippendorff, 1970; 2019). Krippendorff’s Alpha (α) was chosen to measure ICR because of its ability to 
account for any number of coders, a variety of sample sizes, and nominal data such as NLBM factors (Hayes & 
Krippendorff, 2007; Krippendorff, 2019; Marzi et al., 2024). Using 95% confidence interval calculations from 1,000 
bootstrap iterations, our findings indicated poor overall agreement (α = .51, 95% CI [.50, .52]) based on standards for 
satisfactory (.80) or moderate (.79 - .67) levels of agreement (Krippendorff, 2019).  
 
Although our coder agreement percentage and ICR coefficient did not meet suggested standards, we did not find these 
results to be fully discouraging. When considering that researchers had 18 options for coding, there was a higher 
degree of difficulty than in most studies using thematic coding, which typically have fewer choices. Multiple 
researchers have noted that larger coding frames make coding decisions difficult (Hruschka et al., 2004) and can be 
problematic because coders may struggle to keep all codes in working memory (O’Connor & Joffe, 2020). Based on 
these results, we decided that combining the functional knowledge from the card sort analysis and NLBM 1.0 thematic 
coding with the right comprehensive model of leadership could lead to a better product moving forward.  
 
Campbell’s (2012b) model of leadership provided an ideal framework to refine NLBM 1.0 for a couple of reasons. 
First, integrating this model from research shifted the focus from a combination of individual differences and behavior 
to a greater focus specifically on observable behaviors, which would allow the factors to be more easily assessed and 
trained. Second, Campbell’s model was derived from an extensive review of leadership research combined with prior 
longitudinal research in the Army examining the behavioral determinants of job performance across numerous 
specializations (“Project A”; Campbell & Knapp, 2010). This version of Campbell’s (2012b) model used task 
performance, leadership performance, and management performance determinants, with each determinant having 
between six and eight factors. Combining factors from NLBM 1.0 and the model derived from Campbell’s work 
(2012b) resulted in the NLBM 2.0. The NLBM 2.0 was organized using three meta-factors based on Campbell’s 
(2012b) performance determinants (e.g., mission, leadership, and management), with each determinant having seven 
factors.   
 
Another round of thematic coding was used to determine the effectiveness of the NLBM 2.0. Similar to the first round 
of coding, researchers again indicated which factor was best represented in each raw data statement (i.e., primary 
factor). However, this time researchers had the option to provide a second factor if they thought multiple factors were 
evident within a single statement (i.e., secondary factor). One group of researchers used NLBM 2.0 to code the 21% 
of statements that did not reach either partial or full agreement in the first round of coding (n = 793). Concurrently, 
two Navy SMEs coded most of the raw interview data statements (n = 3,481) using the original leadership determinants 
and factors from Campbell (2012b). The rationale for using two different coding frameworks was to determine if coder 
agreement percentage and ICR would be higher using the using the NLBM 2.0 or the original Campbell factors.  
 
The researchers using NLBM 2.0 as a coding framework reached agreement on the primary leadership factor being 
represented for 40% of statements and were able to find some level of agreement (e.g., primary/secondary factor 
agreement, secondary factor agreement) for 64% of statements. The Navy SME coders agreed on the primary 
leadership factor being represented for 48% of statements and found some level of agreement for 61% of statements. 
ICR was then calculated by recoding both primary and secondary agreement as overall agreement. For NLBM 2.0 
coding, ICR remained below acceptable levels of agreement (α = .57, 95% CI [.54, .61]). Navy SME coders had 
slightly improved ICR yet remained below acceptable levels of coder agreement (α = .63, 95% CI [.61, .64]). At face 
value, the Campbell factors coded by the Navy SMEs appear to be better supported than the NLBM 2.0 factors. 
However, the Campbell factors (48% primary agreement) had slightly less agreement than NLBM 1.0 factors (53% 
agreement). Meanwhile, the NLBM 2.0 factors demonstrated utility when applied to the most ambiguous statements 
in the data set, which had no agreement in prior coding efforts (i.e., NLBM 1.0). These results, combined with an 
adjustment to Navy needs and culture, led to the NLBM 2.0 moving forward for further refinement. 
 
During another two-day workshop led by the Office of Naval Research (ONR), SMEs and Navy stakeholders reviewed 
the NLBM 2.0. The research team collected feedback on the breadth and depth of content, inclusion or exclusion of 
model items, factor titles and definitions, and fit with the Navy. This feedback was used in conjunction with natural 
language processing analysis (topic modeling) to create NLBM 3.0. 
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Topic Modeling 
 
We applied a natural language processing method (NLP) as a supplement to the iterative card sort and thematic 
analyses because multi-method approaches to research (e.g., human-driven analyses and NLP methods) can bolster 
the trustworthiness of results when they converge (Rodriguez & Storer, 2020). NLP methods provide another way of 
analyzing the raw NLBM leadership statements that have unique advantages (e.g., decision rules are explicit) and 
disadvantages (e.g., lack of nuance and understanding). Ultimately, NLP methods offer an alternative means of 
describing the data that is less reliant on the subjectivity of human judgments. 
 
Structural topic models are a type of NLP that can make inferences about the underlying (i.e., latent, not-directly-
observable) topic structure of text. These models describe each statement as a mixture of topics and each topic as a 
mixture of words. We used the STM package in R for all topic models (Roberts et al., 2019). Perhaps the most 
important choice when creating a topic model is selecting the number of topics (k) because k affects the way a topic 
model categorizes data and must be set in advance. However, there is no “correct” answer to the question of how many 
topics are in a set of text. There are a variety of methods for inferring a reasonable range for the number of topics 
(Arun et al., 2010; Cao et al., 2009; Deveaud et al., 2014; Griffiths et al., 2004). We primarily focused on conducting 
a parallel model search (i.e., running a series of models with different k values) and comparing variables like topic 
exclusivity (how unique a topic is) and semantic coherence (how often related words are used together, which is 
correlated with human judgments of topic quality [Mimno et al., 2011]) as a guide. Ultimately, k values should be 
chosen based on the interpretability of the generated topics and the theory-driven considerations of the researchers. 
After evaluating a series of different models (e.g., k = 5, k = 21, k = 30) and diagnostics, we concluded that a 15-topic 
model was an appropriate choice for the NLBM statements because it maximized the interpretability of the generated 
topics. 
 
Words from the topic model results that were highly frequent in a topic but also relatively rare in the text (exclusive) 
were chosen as distinguishing terms. Notably, researchers were quickly able to generate topic labels from the k = 15 
distinguishing terms that were subsequently confirmed by reviewing the raw statements most strongly associated with 
each topic by the model. In addition, researchers compared the topics generated by the structural topic model to the 
human-derived leadership factors from NLBM 1.0 and 2.0. The topic model results supported all but one of the 18 
NLBM 1.0 categories and all but four of the 21 NLBM 2.0 categories. These findings further support the structure of 
the NLBM model iterations by demonstrating that human and algorithmic decision makers are coming to very similar 
conclusions about the topics that are important for effective Navy leadership and aligned with the research literature.    
 
Refinements leading to NLBM 3.0 
 
The second workshop with Navy SMEs along with the findings from the thematic coding analyses provided insights 
that led to the development of the current model: NLBM 3.0. At the workshop, small groups worked to refine and 
clarify NLBM determinants, factors, and operational definitions, offering suggestions for how to make titles and 
descriptions more applicable to the Navy. In addition, Navy SMEs provided ideas for assessments and training 
interventions to align with the NLBM. Combining these ideas for improvement with results from thematic coding 
and the topic modeling process led to a more streamlined and effective NLBM 3.0, which consists of 22 factors 
across four determinants. The model with operational definitions is outlined in Tables 1a-1d.  
 
Another model refinement from NLBM 2.0 to NLBM 3.0 that was identified via the workshop was the addition of a 
fourth determinant, Ethos, focused on measurable internal individual differences vice the observable behavior focus 
of the other three. The Ethos determinant contains seven factors that outline internal attributes and variables that 
vary from one individual to another but are relatively stable, reliably predictable, measurable, and quantifiable. 
Though NLBM 1.0 included individual differences, these were scattered throughout the factors in combination with 
observable behaviors. NLBM 3.0 reinstates these important leadership characteristics but disentangles internal traits 
from observable behavior.  
 
A major goal of NLBM is to enhance Navy talent management efforts. Subsequently, the Ethos factor outlines 
individual difference characteristics that influence observable behavior and can be assessed through commonly used 
metrics (e.g., personality inventories, cognitive ability tests). The addition of Ethos with the three other 
behaviorally-focused factors will help the Navy align appropriate assessments to each factor, select the right Sailors 
for the right leadership roles by linking measurable individual traits with observable behaviors and critical 
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outcomes, and match development recommendations to trainable characteristics. Tables 1a-d provide an overview of 
the NLBM 3.0 determinants, factors, and operational definitions. 
 
Table 1a. NLBM 3.0: Mission Determinant      
 

  

 

Table 1c. NLBM 3.0: Management Determinant     Table 1d. NLBM 3.0: Ethos Determinant 

 

Table 1b. NLBM 3.0: Develop/Inspire 
Determinant 
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DISCUSSION 
 
The NLBM, a customized and data-driven approach to leadership modeling, was built from a foundation in the 
research literature, developed through Navy SME input, and refined and validated using a diverse set of methods and 
procedures, including card sorting, thematic coding, and algorithm-based topic modeling. This multi-faceted approach 
provides an empirically-based framework for a long-term leadership development, training, and selection solution.  
 
Because data is used from across naval communities, the U.S. Navy can replace the current siloed approach with a 
leadership model that will evaluate leaders on a set of Navy-wide factors while enabling Navy communities to 
emphasize the assessment and development of specific factors based on their needs. The collaboration across 
communities and the validation of the model factors using multiple modalities helps ensure a model that fits Navy 
Sailors and allows for the assessment and future development of Navy leaders.  
 
The findings highlight several limitations to this research that deserve further examination. One such area is the 
distribution of agreed upon raw interview statements among NLBM factors. Some specific factors require additional 
discussion for their high, low, or non-existent frequency. A few factors stood out for their high frequency of responses, 
including Serves as a Model (689), Communication (428), and Emotional Intelligence (410), each of which contained 
greater than 10% of all agreed upon statements. While the prevalence of these factors could be attributed to their 
importance to effective leadership, another possibility is that these factors contain multiple factors. Additional data 
from Navy communities may resolve this concern and provide clarity.   
 
Conversely, during NLBM 2.0 coding a few factors had low frequencies (e.g., Administration, Self-Development) 
and in some cases no support (e.g., Non-Job-Specific Task Proficiency, External Representation). Simply removing 
factors for not being coded often enough seems straightforward. However, that perspective leaves out some important 
nuance, including the possibility that interview guides or topical discussions simply did not highlight these factors. 
Instead, asking if a particular behavior or attribute is necessary to being an effective Navy leader may be more 
productive. However, asking for this feedback may activate implicit theories of leadership (i.e., Sailors’ perceptions 
and expectations of leaders). These perceptions have been found to have a consistent and significant influence on 
perceived leader effectiveness that is often skewed toward leaders with perceived masculinity and charisma 
(Offermann & Coats, 2018). Looking at it from this perspective, there are certainly persuasive arguments to retain the 
aforementioned factors with lower frequencies. Further, each of these factors were derived from the extensive body 
of leadership literature (Campbell, 2012b). In short, weighing the balance between the efficiency (i.e., not having too 
many concepts), model extensiveness (i.e., not missing key leadership aspects), and relevance to the Navy will be vital 
to molding the NLBM as it continues to evolve. 
 
Topic modeling within NLP analyses also indicated support for the NLBM factors, with slightly more support for 
NLBM 1.0. This support could be attributed to NLBM 1.0 being formulated from raw interview data, whereas NLBM 
2.0 framework comes more from research (Campbell, 2012b). Still, NLBM 2.0 was also supported in the NLP analysis. 
This may indicate that the melding of the Campbell model factors with NLBM 1.0 factors to create NLBM 2.0 may 
have struck a successful balance between the raw interview responses and the large body of knowledge on leadership. 
Additional support for this conclusion also can be found in NLBM 2.0 coding, where 40% agreement was achieved 
for raw interview statements that three coders could not previously reach agreement upon.  
 
The refinement to NLBM 3.0 combined NLP analysis with SME-input and the research foundation. This appears to 
provide an excellent balance of leadership theory, implicit perceptions, and Navy needs. As more data is collected, 
further refinement will offer further insight into the validity and utility of the NLBM as it evolves. 

 
CONCLUSION 
 
This paper adds to the field of leadership research in two key ways. First, the study demonstrates a rigorous method 
for developing and validating behavioral models of leadership that goes beyond theoretical findings. Reliance on 
theory alone to develop a behavioral leadership model runs a high risk of failure, as no one theory can account for the 
constellation of phenomena that impacts leadership (Rumsey, 2012). Instead, a combination of choosing the best 
theoretical model from the vast array of options along with analyzing data from a broad range of relevant 
organizational sources can provide stronger and more relevant, applicable solutions for the specific organization than 
relying on theory alone. This is particularly true when the solution is tied to leader assessment, training, and selection 
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within an organization. The NLBM meets these criteria by being developed with a relevant theoretical model, using 
qualitative data from Navy personnel about their leadership experiences within naval communities, and through 
ensuring that leadership factors are measurable and trainable to align with Navy talent management goals.    
  
Second, the study afforded the opportunity to incorporate NLP algorithms and human analyses on the same large set 
of data. While the NLP results helped confirm the findings of the human analysis at the factor level, they lacked the 
richness and nuance of human analysis in being able describe how each factor added to the model as a whole. 
Human judgments about model efficacy and topic content are still needed. The human analysis, on the other hand, 
was labor intensive, subjective, and reaching sufficiently high levels of inter-coder agreement was difficult due to 
the noise in the data and the model's complexity. Notably, both approaches depend on the accuracy and clarity of the 
data, which reinforces the need to maximize measurement accuracy in data collection as much as possible. A more 
optimal path might be to start with NLP analyses and use the results as a baseline to drive theoretical model 
development and subsequently apply more focused human-analyses (Rodriguez & Storer, 2020). Such an approach 
would likely build on the strengths and bolster the weaknesses of both approaches.  
 
As the work continues, we will continue to leverage the combination of statistical analysis such as NLP with SME 
review to derive a validated and meaningful leadership model. In addition to further refinement with new data into 
NLBM 4.0, we hope to conduct criterion validity testing to evaluate and determine its relevance to important Navy 
outcomes and empirically justify its framework. 
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