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ABSTRACT 

PATRICIA K. STROBEHN 

EXPLORING VOLUNTARY TURNOVER OF NURSE PRACTITIONERS IN THE  

UNITED STATES 

Under the direction of LANELL M. BELLURY, PHD 

Access to care has been hindered by turnover in the NP workforce. The purpose was to describe 

the voluntary turnover behaviors of NPs to inform a contemporary model of NP voluntary 

turnover. A cross-sectional, descriptive, and exploratory secondary analysis of participants who 

self-identified as nurses with active certification, licensure, or other legal recognition to practice 

as an NP from a state board of nursing in the United States from the 2018 National Sample 

Survey of Registered Nurses (NSSRN) was used. Participants were excluded if they didn’t 

provide patient care or indicated involuntary reasons for leaving.  

 Descriptive statistics were used to analyze four NP voluntary turnover groups informed 

by Herzberg’s Dual-Factor Theory of Job Satisfaction (i.e., dynamic leavers, static leavers, 

dynamic stayers, and static stayers). Two-step cluster analyses were used to distinguish 

subgroups of NP dynamic leavers reporting similar NP differences, reasons for leaving, working 

conditions, and training topic needs.  

 Dynamic leavers (those who changed jobs but stayed in nursing) reported the highest 

percentages (35.2%) of job dissatisfaction. The study culminated in two cross-validated models 

best distinguishing dynamic leavers (i.e., Model 1: Burnout and Model 2: Job Satisfaction). The 

findings highlight job satisfaction, lack of good management, burnout, and other working 

conditions as contributors of NP voluntary turnover for dynamic leavers and support a wide 

variety of literature emphasizing job satisfaction as a predictor of NP turnover intention. Both 

models demonstrated strong validity evidence. 



 

xviii 

 

 The population estimates from the 2018 NSSRN parent study revealed findings related to 

race should be cautiously considered. Further refinement of Model 1: Burnout and Model 2: Job 

Satisfaction could maximize retention strategies, promote workforce development, shape 

healthcare policy, and project the future supply and distribution of NPs in the U.S. health care 

system. Future NP training initiatives should focus on working in underserved communities, 

social determinants of health, and evidence-based care. Accurate workforce projections related to 

scope of practice and the estimated costs of NP turnover would be beneficial. Instrumentation 

measuring burnout, stress, organizational climate, and satisfaction should be validated in the NP 

population. This study should be replicated using accurate race and ethnicity variables.  
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CHAPTER 1 

INTRODUCTION TO THE STUDY 

As of 2020, over 81 million Americans had inadequate primary care access, and over 120 

million Americans had inadequate mental health care access (HRSA, 2020). Nurse practitioners 

are part of the strategic plan to increase access to care and improve the direct-provider shortage 

(American Association of Nurse Practitioners [AANP], 2019). Nurse practitioners are more 

likely to provide access to care in rural communities when compared to other types of providers 

(Hooker et al., 2013) and represent a significant subset of direct health care providers who are 

uniquely situated to increase access to care in rural areas and meet the burgeoning demands of a 

complex health care system (Buerhaus et al., 2015; Kleinpell et al., 2014). 

While the number of NPs has been exponentially increasing (AANP, 2019), progress to 

meet health care needs has been hindered by NP turnover. The average annual growth of full-

time nurse practitioners is expected to increase at a rate of 6.8% annually, leading up to the year 

2030 (Aurbach et al., 2018). However, the NP workforce is still likely to fall short of projected 

health care demands in 2025 (Sargen et al., 2011). The direct-provider shortage and limited 

access to care are only exacerbated by NP turnover, which is often attributed to low levels of NP 

job satisfaction (Barnes, 2015; Faraz et al., 2017; Hagan & Curtis, 2018).  

Nurse practitioner turnover has been identified as a problem within the literature over the 

last decade. While some of these studies are dated, their findings still share similarities with 

more recent literature. For example, the annual turnover rate for NPs in the primary care setting 

in 2012 was approximately 12% a year (Anderson, 2012), and DeMilt et al. (2011) reported that 

out of 254 working NPs sampled across the United States, 27% indicated the intent to leave their 

current position, and over 5% intended to leave the profession of nursing altogether. In a more 



 

2 

 

recent study sampling 295 NPs, 14% indicated they intended to leave their job within the next 12 

months, and that number increased from 14% to 24% for NPs who planned to leave their 

position in the next 12 to 24 months (Hagan & Curtis, 2018). According to Nursing Solutions 

Inc. [NSI] (2020), the annual turnover rate of NPs from over 300 U.S. hospitals in 2018 was 

similar to previous reports at 11.3%, and over 90% of the turnover was attributed to voluntary 

reasons for leaving, such as caring for a child or parent, the opportunity for advancement, 

relocation, or a higher paying salary.  

In comparison to physicians, NP turnover is more than twice as likely to occur due 

to decreased productivity in the workplace, exhaustion, and job dissatisfaction (Anderson, 2012). 

One hospital-based study which sampled APRNs primarily comprised of NPs, discovered that 

hospital-based APRNs were only minimally satisfied with their role (Bryant-Lukosius et al., 

2007). Nearly 26% of the 592 primary care NPs sampled in another study expressed some aspect 

of job dissatisfaction, and 14% indicated they were overall dissatisfied with their jobs 

(Poghoysan & Aiken, 2015). NPs have reported being significantly less satisfied with their 

practice setting, income, and benefits plan when compared to physicians employed at the same 

organization (Freeborn et al., 2002). 

Feelings of discontentment and job dissatisfaction are also associated with higher NP 

turnover levels in the new graduate nurse practitioner population (Barnes, 2015). Among other 

causes, new-graduate NPs with less than two years of NP experience have lower retention rates 

than more experienced NPs (Barnes, 2015). New graduate NPs with higher turnover rates 

attributed their reasons for leaving to low levels of job satisfaction after graduation (Sargen et al., 

2011). Some of these new graduate NPs who leave their primary nursing position of employment 



 

3 

 

due to job dissatisfaction may leave for another organization or leave the nursing workforce 

altogether (Faraz, 2017).  

The existing NP turnover literature in the United States contains several weaknesses. 

Little is actually known about NP turnover, and while there is a moderate amount of research 

investigating predictors of NP job satisfaction, there is minimal evidence examining NP 

voluntary turnover because of the lack of readily accessible NP turnover data. Consequently, the 

investigation of NP turnover has primarily been substituted with a different and closely related 

alternative, NP turnover intention. Nurse practitioner turnover intention reflects an employee's 

attitudes, which indicates an employee’s motivation and anticipated behavior to leave a position 

of employment (Ngo-Henha, 2017).  

Nevertheless, the NP turnover intention research that does exist is weak (DeMilt et al., 

2011; Han et al., 2018; Steinke et al., 2018). More specifically, Han et al. (2018) had several 

concerns about the lack of generalizability in more recent NP job satisfaction and NP voluntary 

turnover intention research. They urged researchers to increase the quality and generalizability of 

future studies. Early studies related to NP job satisfaction provided foundational principles to 

inform models of NP voluntary turnover intention. However, these earlier studies did not account 

for contemporary practice models introduced by organizations and regulatory bodies responsible 

for current practice policies and scope of practice changes for NPs caring for patients in a variety 

of health care settings across the United States (Koelbel et al., 1991).  

More recent literature has attempted to fill this knowledge gap. Still, researchers have 

primarily used non-experimental descriptive survey designs with small convenience samples 

from select geographic regions to investigate the phenomenon of NP turnover intention (Cheng 

et al., 2014; Faraz, 2017; Hagan & Curtis, 2018; Lelli et al., 2015; Orava, 2017; Poghosyan et al., 
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2016). More recent studies using generalizable samples of NPs from across the United States 

from the 2012 National Survey Sample of Nurse Practitioners (NSSNP) may be outdated due to 

exponential growth within the NP workforce since 2012 (Falk et al., 2017; Mahoney et al., 2018; 

Spetz et al., 2017). Additionally, these studies have not investigated newer concepts such as 

telehealth, team-based practice, and value-based care models. Twenty-first-century health care 

delivery models suggest there may be new and emerging contributors to NP voluntary turnover. 

Most of what has been perceived about NP voluntary turnover has only been made visible 

through the lens of NP job satisfaction and NP voluntary turnover intention research. While 

literature examining the relationship between NP job satisfaction and NP turnover intention is 

growing, there is still a need to examine these relationships using more generalizable 

populations. By comparison, there is even less research informing actual NP voluntary turnover.  

Understanding NP voluntary turnover is crucial to strengthening the NP workforce and 

securing access to care for millions of patients. Mitigating the risk of NP voluntary turnover is 

crucial to workforce sustainability. According to Herzberg et al. (1959), the goal of investigating 

turnover is to search for ways to yield the maximum from employees while minimizing the risks 

of poor employee job performance and turnover. Heavey et al. (2013) suggested that professions 

would see substantial benefits if employers could consolidate and prioritize initiatives targeting 

the most significant factors influencing voluntary turnover.  

More specifically, understanding the behavior of NPs who left a primary nursing position 

of employment and still work in nursing may have the most utility to employers who are actively 

trying to recruit and retain highly productive and satisfied employees. Known predictors of NP 

job satisfaction evaluated within contemporary health care delivery models within larger samples 

are needed to better understand complex turnover behavior patterns of NPs. Analyzing the 
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variables associated with NP job satisfaction and NP voluntary turnover intention may provide 

new insights to inform workforce initiatives, increase NP job satisfaction, improve patient 

outcomes, and decrease anticipated NP turnover to strengthen the workforce. The purpose of this 

study is to describe the voluntary turnover behaviors of NPs to inform a contemporary model of 

NP voluntary turnover. 

Turnover Intention 

Understanding an employee’s motivation for leaving a position has been of considerable 

interest for those investigating both job satisfaction and turnover intention. Hom et al. (2012) 

originally categorized turnover intention into four motivational states, which were primarily 

based on the employee’s motivation to stay or leave a position of employment. Hom and 

colleagues (2012) first classified turnover intention into two dichotomous motivational states 

exhibited by leavers and stayers. The attitudes describing an employee’s motivation to leave, or 

stay were further categorized into enthusiastic or reluctant motivational states.  

The four motivational states of turnover intentions are categorized as enthusiastic leavers, 

reluctant leavers, enthusiastic stayers, and reluctant stayers. Enthusiastic leavers are employees 

who intend to leave a position of employment as soon as a better opportunity is perceived by the 

employee. Reluctant leavers are employees who prefer to leave a position of employment when 

external forces present a better job opportunity elsewhere. Enthusiastic stayers are employees 

who intend to stay and are committed to a position of employment, even in the presence of 

various external forces. Reluctant stayers are employees who prefer to stay in a position of 

employment as long as they continue to anticipate future satisfaction in their current position.  

Each of Hom et al.’s (2012) motivational states is multifaceted. Enthusiastic leavers and 

stayers are thought to be less influenced by external forces. Enthusiastic motivation was highly 
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associated with voluntary turnover behaviors such as leaving for a new opportunity for growth, a 

higher paying salary, and relocation. Reluctant leavers and stayers were thought to be more 

influenced by external forces and more highly associated with involuntary turnover behaviors 

due to layoffs, discharges, firings, terminations, disability, and retirement (U.S. Bureau of Labor 

Statistics [USBLS], 2020).  

NP Voluntary Turnover Groups 

A major tenet of Hom et al.’s (2012) motivational theory of turnover intention was that 

every employee eventually leaves, and “no one stays with an organization forever” (p. 831). 

Extending Hom et al.’s (2012) work by investigating more than anticipated turnover or turnover 

intention by actually measuring turnover behaviors exhibited by NPs is essential to this study. 

The self-reported behaviors of NPs can be categorized into four voluntary turnover groups. The 

groups are primarily determined by the NP’s decision to leave or stay in a primary nursing 

position of employment and represent the NP’s potential for future organizational and 

occupational movement within the nursing workforce. Similar to Hom et al. (2021), the two 

major behavior groups have also been classified as leaver and stayers. Instead of enthusiastic or 

reluctant motivation, the self-reported behavior is described as static or dynamic. Leaver and 

stayer behavior are defined as static or dynamic to differentiate Hom’s turnover intention model 

descriptors of enthusiastic or reluctant. The static or dynamic descriptor represents the NP’s self-

reported staying or leaving as well as the intention to stay or leave. 

The four NP voluntary turnover behavior groups are categorized as dynamic leavers, 

static leavers, dynamic stayers, and static stayers (Table 1). Dynamic leavers are NPs who 

voluntarily left a primary nursing position of employment and continue to work in nursing. 

Dynamic stayers are NPs who voluntarily stayed in a primary nursing position of employment 
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but have considered leaving. Static leavers are NPs who voluntarily left a primary nursing 

position of employment and no longer work in nursing. Static stayers are NPs who voluntarily 

stayed in a primary nursing position of employment and have not considered leaving. Static 

leavers and static stayers are firmly fixed in their employment state with very little potential for 

future movement. Dynamic leavers and dynamic stayers are less fixed in their employment state 

and therefore have greater potential for future movement than the static leavers and stayers. 

Table 1 

 

NP Voluntary Turnover Groups 

 

  Leavers (turnover) Stayers (turnover intention) 

Dynamic 

 

  

Dynamic Leavers:  

NPs who voluntarily left a primary 

nursing position of employment and 

continued to work in nursing. 

Dynamic Stayers:  

NPs who voluntarily stayed in a 

primary nursing position of 

employment but have 

considered leaving. 
   

Static 

 

 

  

Static Leavers:  

NPs who voluntarily left a primary 

nursing position of employment and 

no longer work in nursing. 

 

Static Stayers:  

NPs who voluntarily stayed in a 

primary nursing position of 

employment and have not 

considered leaving. 

 

Research Questions 

The purpose of conducting this study is to describe the voluntary turnover behaviors of 

NPs to inform a contemporary model of NP voluntary turnover. The study will further explore 

previously identified predictors of NP job satisfaction and voluntary turnover intention to 

develop a contemporary model of NP voluntary turnover. The study includes three research 

questions. 
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Research Question 1: What are the characteristics of NP dynamic leavers, static leavers, 

dynamic stayers, and static stayers? 

Research Question 2: What characteristics best distinguish subgroups of dynamic leavers 

reporting similar NP differences, reasons for leaving, working conditions, and training topic 

needs? 

Research Question 3: What conceptual model best distinguishes dynamic leavers? 

Study Significance 

In primary care settings, NPs provide the care of more than 23 million minority and low-

income Americans (Xue & Intrator, 2016). Nurse practitioners make substantial contributions as 

direct-care providers by providing quality and cost-effective health care to vulnerable and 

socially complex patient populations with limited health care resources (Buerhaus et al., 2015; 

Kleinpell et al., 2014; Xue & Intrator, 2016). Nurse practitioners provide comparable care to 

physicians but do so with higher levels of patient satisfaction using fewer health care resources 

(Landsperger et al., 2016; Jennings et al., 2015). In the United States, Medicare spends over $15 

billion each year on graduate medical education, but very little of this funding goes towards 

educating NPs (Aiken et al., 2018) although NPs who assume the role of direct care providers 

tend to care for a higher percentage of Medicaid and Medicare populations than physicians 

(Desroches et al., 2013). In the hospital setting, patients cared for by nurse practitioners reported 

higher levels of patient satisfaction in addition to having reduced hospital mortality rates and 

shorter length of stays (Landsperger et al., 2016). These health care system outcomes of NP care 

are significant considering NPs care for a higher percentage of vulnerable, underserved, and 

socially complex patients who are at higher risk of poor outcomes (Buerhaus et al., 2015; 

Desroches et al., 2013). There are also instances where NPs were found to provide a higher 
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quality-of-care related to improved health promotion and secondary disease prevention in the 

primary care setting when compared to physicians (Desroches et al., 2013; Mafi et al., 2016; 

Plomondon et al., 2007). 

Impact on Health Care Quality  

The increased health risks for patients associated with poor NP job satisfaction and NP 

voluntary turnover is also a significant concern when considering the delivery of quality health 

care to vulnerable and socially complex patients. Nurse practitioners with higher levels of job 

satisfaction were found to be more productive, delivered a higher quality of care, and had higher 

levels of patient satisfaction than NPs who were less satisfied with their jobs (Cunningham, 

2004; Plomondon et al., 2007; Weisman & Nathanson, 1985).   

According to AANP (2018), more than 50% of all nurse practitioners provide care in the 

primary care setting. In the primary care setting, quality of care has been associated with better 

patient outcomes. For example, Plomondon and colleagues (2007) studied primary care 

providers, which included NPs, and found primary care providers who experienced less turnover, 

had patients with better patient outcomes related to administering childhood immunizations and 

provided more secondary disease screenings than primary care providers who had experienced 

more turnover. For the subset of primary care nurse practitioners (PCNPs) in the study who 

experienced more turnover, their patients reported significantly less satisfaction with their 

provider and their health plan overall. Primary care NPs with higher employee turnover rates 

also had significantly lower patient satisfaction scores as a result of poor provider 

communication and longer office wait times. The poor patient outcomes described in Plomondon 

et al.’s (2007) study were ultimately attributed to lower levels of productivity and provider 

inefficiency within the workplace. These findings imply patients cannot afford to have reduced 
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health care quality or lose continuity in their care as a consequence of poor NP job satisfaction 

and voluntary turnover.   

Impact on Health Care Costs 

Costly financial implications are associated with poor NP job satisfaction and voluntary 

turnover (Han et al., 2018). It has been projected the organizational costs to recruit and develop 

one nurse practitioner can equal 100% of an NP’s annual salary (Cascio, 2006; Gilliland, 2019). 

Alternately, NP turnover can cost the organization up to two times the nurse practitioner’s salary 

in lost revenue and position backfilling (Mackey et al., 2004). The recurring costs associated 

with having to replace qualified NPs implores health care organizations to focus efforts on 

exploring predictors of NP job satisfaction to mitigate attrition, increase retention rates, and 

provide the highest quality of care for their patients (Waldman et al., 2004).  

For NPs, the investigation of voluntary turnover builds on multidisciplinary and general 

nursing perspectives with additional emphasis on advanced practice health care delivery models, 

regulation, autonomy, resource utilization, role acquisition, human capital, workplace conditions, 

and predictors of job satisfaction in the presence of increased societal burdens placed on an aging 

nursing workforce (Faraz, 2017; Han et al., 2018). With the number of NPs more than doubling 

in the last decade (AANP, 2019) and with increasing demands to expand health care and the NP 

role, there is a need to understand the psychological and environmental complexities that 

contribute to NP voluntary turnover amid an evolving political and health care delivery 

landscape (Hoff et al., 2017). For example, it has been reported that NPs with greater levels of 

autonomy have greater levels of job satisfaction and intend to stay in their positions of 

employment for longer periods of time (Poghosyan & Liu., 2016; LaMarche & Tulao-

McGuiness, 2009; Hagan & Curtis, 2018). However, various changes in state regulatory and 
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organizational policies related to increasing levels of nursing autonomy have undergone rapid 

changes and NP job satisfaction in the United States requires further examination to inform 

future health care policy. Understanding the importance of the variables closely associated with 

NP voluntary turnover may maximize retention strategies, promote workforce development, and 

provide a better understanding of the future supply and distribution of NPs in the U.S. health care 

system (U.S. Department of Health and Human Services [USDHHS], 2012).     

Herzberg’s Dual-Factory Theory of Job Satisfaction 

The primary phenomenon being investigated in this study is NP voluntary turnover, 

which has been found to be strongly influenced by job satisfaction within the literature. 

Therefore, the predominant theory used to inform the conceptual framework for this study is 

Herzberg’s dual-factor theory of job satisfaction. Satisfaction, motivation, and reward-based 

systems are foundational to motivational and behavioral theories to stay in or leave a position of 

employment (Herzberg et al., 1959). Herzberg and colleagues discovered predictors of overall 

job satisfaction that directly and indirectly affect employee attitudes, motivation, and behaviors. 

As a result of Herzberg’s (1966) position on human motivation, Herzberg theorized that humans 

have two distinct needs, which he categorized as intrinsic motivators and extrinsic hygienes. 

Extrinsic hygienes are external rewards comprised of basic professional needs defined as 

supervision, interpersonal relations, working conditions, salary/benefits, company policies and 

administrative practices, and job security (Herzberg et al., 1959). Certain extrinsic hygienes need 

to be present to ensure a reasonable level of job satisfaction. The presence of extrinsic hygienes 

prevent dissatisfaction, and when they are inadequate, they oppose motivators of job satisfaction. 

When predictors of extrinsic hygienes are improved, employee job dissatisfaction will decrease. 
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Extrinsic hygienes are conceptualized on a continuum of extremes and contribute to either high 

or low levels of job dissatisfaction, also commonly classified as job dissatisfiers. 

Intrinsic motivators are internal rewards comprised of opportunities for professional 

growth, level of autonomy, and sense of value for work itself (Herzberg et al., 1959). Intrinsic 

motivators originate from a person’s internal reward-based system. According to Herzberg et al. 

(1959) intrinsic motivators such as achievement, recognition, work itself, responsibility, and 

opportunities for advancement are more motivating than extrinsic hygienes of the work 

environment and are therefore more likely to increase job satisfaction. When intrinsic motivators 

are improved, employee job satisfaction increases. Intrinsic motivators are conceptualized on a 

continuum of extremes and contribute to either high or low levels of job satisfaction, also 

commonly classified as job satisfiers.  

A depiction of Herzberg’s Dual-factor Theory of Job Satisfaction is presented in Figure 

1. Herzberg et al. (1959) suggested that employee attitudes and overall job satisfaction at a 

neutral point were influenced by intrinsic motivators and/or extrinsic hygienes. Intrinsic 

motivators increase job satisfaction in a neutral employee, and the presence of adequate extrinsic 

hygienes prevent job dissatisfaction. However, both positive intrinsic motivators and extrinsic 

hygienes must be present for employees to be extremely satisfied with their jobs. Intrinsic 

motivators and extrinsic hygienes are measured on the same continuum, perceived as 

hierarchical factors of job satisfaction having different strengths that may work for or against one 

another on the overall job satisfaction continuum (Pardee, 1990). Job satisfaction and 

dissatisfaction are considered to be extremes on a single continuum where the cumulative effects 

of the presence or absence of intrinsic motivators or extrinsic hygienes pull the employee’s 

perceptions to one-side or the other of neutral job satisfaction (Stello, 2011). Although the 
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presence of any of these factors can be a cause for job satisfaction or dissatisfaction, Herzberg et 

al. (1959) characterized job satisfaction with a dual-factor theory by separating factors into two 

groups to demonstrate how each conceptual domain contributed to employee perceptions and 

attitudes related to overall job satisfaction. In addition to assuming intrinsic motivators and 

extrinsic hygienes contribute to overall job satisfaction, Herzberg et al. (1959) also postulated 

that overall job satisfaction shaped employee attitudes and influenced precursors to behaviors 

such as decreased productivity and voluntary turnover. 

Figure 1  

Herzberg’s Dual-factor Theory of Job Satisfaction 

 

Numerous studies that have used Herzberg et al.’s (1959) theory to investigate NP job 

satisfaction (Bumbach, 2016; DeMilt et al. 2011; Dunaway & Running, 2009; Misener & Cox, 

2001). Koelbel et al. (2005) supported the use of Herzberg et al.’s (1959) theory as an 
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appropriate theoretical underpinning for measuring NP job satisfaction. Of the available NP job 

satisfaction research, Herzberg’s dual-factor theory of job satisfaction is the most commonly 

used theory investigating NP turnover intention to date (Bumbach, 2016; Dunaway & Running, 

2009; Kacel et al., 2005; Mahoney et al. 2018; Steinke et al., 2018). However, of the prior 

studies that have looked at job satisfaction using Herzberg et al.’s (1959) theory, there are very 

few that have investigated factors of NP job satisfaction and their relationship to NP turnover 

intention to validate Herzberg et al.’s (1959) theory (Han et al., 2018). More importantly, I was 

unable to identify any studies investigating NP voluntary turnover.  

An explanatory conceptualization of NP voluntary turnover is presented in Figure 2 in the 

Model of NP Voluntary Turnover. The model accounts for the cumulative effects of intrinsic 

motivators and extrinsic hygienes on NP job satisfaction, in the presence of NP differences, 

which ultimately influences NP voluntary turnover. Herzberg’s et al.’s (1959) theory alone does 

not account for the individual NP differences, including demographics, which have also been 

found to be predictors of NP job satisfaction (Koelbel et al., 1991; Samad, 2006). Nurse 

Practitioner voluntary turnover needs to be investigated while accounting for the cumulative 

effects of intrinsic motivators and extrinsic hygienes of NP job satisfaction in the presence of NP 

differences. Using Herzberg’s dual-factor theory of job satisfaction as part of the framework for 

this study aligns with previous NP turnover research and provides a valuable and meaningful 

approach to describing and modeling NP voluntary turnover.  

  



 

15 

 

Figure 2 

Model of NP Voluntary Turnover  

 
 

Table 2 includes a list of variables that will be used to investigate NP voluntary turnover 

in this study. The list of variables has been organized by conceptual domains. Previous models of 

NP job satisfaction and NP voluntary turnover haven’t accounted for the unique working 

conditions in the context of the twenty-first century NP, such as health care innovations and 

technologies (Misener & Cox, 2001; Koelbel et al., 1991). Teleheath, team-based care, and 

value-based care represent some of the contemporary variables being explored in this study.    

  



 

16 

 

Table 2 

 

Conceptual Domains from the Model of NP Voluntary Turnover and Operational Definitions 

from the 2018 NSSRN  

 
Conceptual Domain Operational Definitions 

 

Extrinsic Hygienes 

 

Working conditions Number of hours worked weekly, including overtime 

Working conditions Patient panel size  

Working conditions Time Spent with limited English proficiency patients 

Working conditions Time spent charting patient care 

Working conditions EHR use 

Working conditions Participates in team-based care 

Working conditions Telehealth use in the workplace 

Working conditions/Reasons for leaving Burnout 

Working conditions/Reasons for leaving Inadequate staffing 

Working conditions/Reasons for leaving Patient population 

Working conditions/Reasons for leaving Physical demands of the job 

Working conditions/Reasons for leaving Scheduling or inconvenient hours 

Working conditions/Reasons for leaving Stressful work environment 

Salary & Benefits Average annual earnings from primary position 

Salary & Benefits Better pay/Benefits 

Interpersonal relationships Interpersonal differences with colleagues and supervisors 

Interpersonal relationships Lack of collaboration/communication between health care 

professionals 

Interpersonal relationships Professional relationship with physician(s) 

Administrative support Lack of good management or leadership 

Intrinsic Motivators  

Professional growth Career advancement/promotion 

Professional growth Lack of advancement opportunities 

Professional growth School or educational program 

Professional growth/Training topic needs  Evidence-based care 

Professional growth/Training topic needs Patient-centered care 

Professional growth/Training topic needs Team-based care 

Professional growth/Training topic needs Practice management & administration 

Professional growth/Training topic needs Social determinants of health 

Professional growth/Training topic needs Working in an underserved community 
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Table 2 – continued. 

 
Conceptual Domain Operational Definitions 

Professional growth/Training topic needs Caring for medically complex special needs patients 

Professional growth/Training topic needs Population-based health 

Professional growth/Training topic needs Quality improvement 

Professional growth/Training topic needs Value-based care 

Professional growth/Training topic needs Mental health 

Autonomy Inability to practice to the full extent of license 

Autonomy Practiced to full extent of knowledge and training 

NP Differences  

Age Age 

Gender Gender 

Marital status Marital status 

Education Highest level of nursing education 

Work experience NP work experience 

Race/Culture Race/Culture 

Employment status Full or part-time employment status 

Practice setting Employment setting 

Certified population foci* NP certification/population foci 

Career change* Career change 

Caregiving* Family caregiving 

Relocation* Relocation to a different area 

Spouse’s employment* Spouse’s employment opportunities 

Length of commute* Length of commute 

Additional training* Completion of post-graduate residency/training program 

Dependents status* Dependents status 

Household income* Annual household earnings 

Language* Speaks additional language other than English 

Military status* Military status 

Job Satisfaction Overall job satisfaction 

Note: *Indicates contemporary variables not presented in the Model of NP Voluntary Turnover (see Figure 2). Data 

Source: The National Sample Survey of Registered Nurses: Codebook (HRSA, 2018a)  
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Definition of Terms 

• Access – the ability for a patient or population to use the necessary and basic health services 

to meet their needs (Bureau of Health Workforce Glossary [BWHG], n.d.). 

• Administrative Support - a function of workplace supervisors who support NP role 

development and promote health care systems entry into the work environment through 

regular contact, support, evaluation, mentorship, and networking (Bryant-Lukosius & 

DiCenso, 2004).    

• Advanced Practice Registered Nurse (APRN) – a registered nurse (RN) with advanced 

knowledge and education who assumes responsibility for the health of patients by assessing, 

diagnosing, and managing health problems (National Council of State Boards of Nursing 

[NCSBN], 2008).  There are four distinct roles among advanced practice registered nurses 

(APRNs).  The four roles include certified registered nurse anesthetist (CRNA), clinical 

nurse specialist (CNS), certified nurse-midwife (CNM), and nurse practitioner (NP).  

Although responsibilities for each APRN role are different, all APRNs build advanced 

clinical knowledge on the competencies of registered nursing (NCSBN, 2008).  

• Autonomy - having the authority to make decisions about the health care of a patient and the 

freedom to act in accordance within the nurse’s professional knowledge base (Skar, 2010). 

• Big Data - includes traditional and non-traditional data collection and comprehension 

techniques to process large volumes of data with highly complex variables manageable only 

with the use of a computer-based system (Brennan & Bakken, 2015; Westra et al., 2015). 

• Burnout – in health care, emotional exhaustion, and negative attitudes towards oneself and 

his or her patients (Van Dierendonck et al., 1994). 
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• Data Leakage - using known data and treating it as if it was unknown (Luo et al., 2016). If 

data leakage is present, it creates an environment where the model performs very well in 

theory, but it fails to generalize in real-life situations (Kaufman et al., 2011). 

• Data Mining - a process of finding patterns and correlations within large data sets to predict 

an outcome(s) (Statistical Analysis System [SAS], 2020a). 

• Design Effect (DEFF) – An adjustment made to original survey sample size resulting in a 

corrected population estimate when simple random sampling did not occur. The DEFF 

indicates the magnitude of the increases made in correction (Statistics-How-To, 2021). 

• Dissatisfiers (see extrinsic hygienes) – external rewards comprised of basic professional 

needs (Herzberg et al., 1959). Contributes to NP job dissatisfaction when working conditions, 

salary/benefits, interpersonal relations, administrative support, and organizational policy 

needs are not adequate (Centers for Medicare and Medicaid Services [CMS], 2016). 

• Dynamic Leavers - nurse practitioners who voluntarily left a primary nursing position of 

employment and continues to work in nursing.  

• Dynamic Stayers - nurse practitioners who voluntarily stayed in a primary nursing position 

of employment but have considered leaving. 

• Enthusiastic Leavers – employees who intend to leave a position of employment as soon as 

a better opportunity is perceived by the employee (Hom et al., 2012). 

• Enthusiastic Stayers – employees who intend to stay and are committed to a position of 

employment even in the presence of various external forces (Hom et al., 2012). 

• Ethnicity – the self-identified ethnic ancestry or origin of an individual (BWHG, n.d.) 

• Expectancy Theory – proposes individuals will manifest certain behaviors when motivated 

to achieve a perceived outcome (Lawler & Suttle, 1973).  
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• Electronic Health Record (EHR) – an electronic version of a patient’s medical history 

maintained over time which includes administrative clinical data relevant to a person’s 

medical care under a certain provider (“Electronic healthcare record,” 2020).  

• Extrinsic Hygienes (see dissatisfiers) – external rewards comprised of basic professional 

needs (Herzberg et al., 1959). Contributes to NP job dissatisfaction when working conditions, 

salary/benefits, interpersonal relations, administrative support, and organizational policy 

needs are not adequate (Centers for Medicare and Medicaid Services [CMS], 2016). 

• Feature Selection – is the process of selecting only the reasonable variables for final model 

building (McCormick & Salcedo, 2017). 

• Finite population correction - is used to correct standard errors when an estimated 

population has a fixed upper bound in complex sampling and the sample size is more than 

5% of the estimated population size (IBM, 2019a). 

• Human Capital – is comprised of individual characteristics, such as innate abilities, 

intelligence, knowledge, level of education, and work experience that are transferable to an 

employer and increases the employee’s marketability and job mobility within a particular 

field (Becker, 1962).   

• “Incident services” billing - services provided by non-physician providers such as nurse 

practitioners and are billed and reimbursed under the same requirements as a physician when 

a physician is not directly involved in treatment. “Incident services” billing under a nurse 

practitioner results in 85% reimbursement of the physician fee schedule (Centers for 

Medicare and Medicaid Services [CMS], 2016).    

•  “Incident-to” services billing – services provided by non-physician providers such as nurse 

practitioners and are billed and reimbursed under the same requirements as a physician when 
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a physician is directly involved in treatment. “Incident-to” services billing results in 100% 

reimbursement of the physician fee schedule (Centers for Medicare and Medicaid Services 

[CMS], 2016).   

• Intention to Search – the motivation of an employee to search for alternative job 

opportunities. 

• Intrinsic Motivators (see satisfiers) – are internal rewards comprised of opportunities for 

professional growth, level of autonomy, and sense of value for work itself needs are met 

(Herzberg et al., 1959).  

• Involuntary Turnover - includes employment separations as a result of layoffs, discharges, 

firings, terminations, disability, and retirement (U.S. Bureau of Labor Statistics [USBLS], 

2020).  

• Job Dissatisfaction – an unpleasant emotional state resulting from appraising one’s job 

(Locke, 1969) in relation to individual beliefs regarding job expectations (Misener & Cox, 

2001). 

• Job Satisfaction - a pleasant emotional state resulting from appraising one’s job (Locke, 

1969) in relation to individual beliefs regarding job expectations (Misener & Cox, 2001). 

• Machine Learning – a method of data analysis where computer systems are programmed to 

learn from data, identify patterns, and make decisions using automated analytical model 

building techniques (Statistical Analysis System [SAS], 2020b). 

• Marital Status – the state of either being married or not being married (Merriam-Webster, 

n.d.a).   

• Military Status – the active or inactive state of service or deployment in the army, navy, air 

force, etc. (Merriam-Webster, n.d.b).   
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• National Certification – is a formal recognition of specialized nursing knowledge and skills 

demonstrated by achievement standards from a national specialty organization (American 

Nurses Credentialing Center [ANCC], 2020). 

• National Practitioner Data Bank (NPDB) – a health care repository of “negative actions 

taken against health care professionals” (p. 20), and its primary function is to assist employer 

hiring decisions (HRSA, 2018b). Certain agencies are required to query physicians and 

dentists before hiring, but other health care professionals, including nurse practitioners, are 

still exempt (HRSA, 2018b).  

• Nurse Practitioner (NP) – one of the four types of advanced practice registered nurses 

(APRNs) who provide health care in one of the six following patient populations; family, 

pediatrics, geriatrics, women’s health, mental health, and acute care. Nurse practitioners are 

accountable for health promotion, disease prevention, patient education, and the diagnosis 

and management of acute and chronic illnesses in a variety of patient-care settings (NCSBN, 

2019). 

• Nurse Practitioner (NP) Differences – are the individual NP's demographic and 

professional characteristics, including age, tenure, gender, race/culture, marital status, 

education, work experience, employment status, specialty, and practice setting.   

• Occupational Turnover – is when an individual leaves an organization for a position at 

another organization or leaves the profession altogether (Bluedorn, 1978).   

• Organizational Commitment - employee perceptions of their employing organization 

influencing employee job satisfaction and the employee's commitment to stay with the 

organization.   
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• Organizational Turnover - when an employee leaves a position for an alternative position 

within the same organization (van der Heijden et al., 2009). 

• Outcome Leakage – one type of data leakage and occurs when a variable in the data set 

inherently predicts the future itself (Luo et al., 2016).  

• Overfitting – unintentional modeling with variations in data leading to the development of 

models that do not work well when applied to other data sets (Machine Learning Glossary 

[MLG], n.d.).  

• Patient Load - is related to the number of patients seen in a certain timeframe and accounts 

for caring for the patient's various needs. Patient load is measured using a variety of factors 

related to chronic or acute patient management, primary and secondary prevention, 

procedures, referrals, and the counseling and education of patients and their families.  

• Patient Mix – describes the types of patients cared for in relation to the patient’s medical 

complexity, primary diagnoses, disease severity, and socioeconomic parameters related to a 

specific patient population or demographic distribution (“Patient mix,” 2009). 

• Peer Relationships – is the social interactions between nurse practitioners and their 

supervisors, physicians, and colleagues.   

• Professional Growth – is maintaining professional credentials and increasing knowledge 

through formal coursework and informal learning for career development, skill enhancement, 

and advancement within the profession. 

• Registered Nurse (RN) – a nurse who provides nursing care in a variety of settings, and has 

graduated from a school of nursing, and passed a licensing exam.   

• Relative Value Units (RVU) – the fee for each service a nurse practitioner provides, which 

ranks on a scale based on the number of resources used to provide a particular service.  
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Provider RVUs are determined by the amount of time, skill, and effort used to provide 

patient service.  Fees are reimbursed to the provider and are determined by multiplying the 

amount of RVUs by a dollar conversion factor (National Health Policy Forum, 2015).   

• Reluctant Leavers – employees with a preference to leave a position of employment once 

external forces present a better opportunity elsewhere (Hom et al., 2012). 

• Reluctant Stayers – employees with a preference to stay in a position of employment as 

long as the employee continues to anticipate future satisfaction in their current position (Hom 

et al., 2012). 

• Satisfiers (see intrinsic motivators) – are internal rewards comprised of opportunities for 

professional growth, level of autonomy, and sense of value for work itself needs are met 

(Herzberg et al., 1959).  

• Scale Weighting - the process of reducing the weighted survey data down to the finite 

number of respondents in the survey population. 

• Self-actualization – a state of being when personal accomplishments are met, and talents are 

fully taken advantage of by an individual to meet his or her final stage of personal 

development as specified in Maslow’s (1965) hierarchy of needs.  

• Silhouette measure of cohesion and separation - The silhouette measure of cohesion and 

separation is an indicator of “cluster quality” (i.e., how far apart the clusters are from each 

other and how close the groupings of variables are within the model). A silhouette measure ≥ 

0.5 indicates “good” cluster quality, a silhouette measure ≥ 0.3 but < 0.5 indicates “fair” 

cluster quality, and a silhouette measure ≤ 0.2 indicates “poor” cluster quality.  

• Static Leavers – nurse practitioners who voluntarily left a primary nursing position of 

employment and no longer work in nursing.  
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• Static Stayers - nurse practitioners who voluntarily stayed in a primary nursing position of 

employment and have not considered leaving. 

• Supervised Machine Learning – is a type of machine learning which typically utilizes a set 

of historical data to predict similar problems in the future (Ayodele, 2010).  

• Team-based Care – refers to “comprehensive health services by at least two health 

professionals working collaboratively to provide safe, quality care” (HRSA, 2018b, p. 5). 

• Telehealth – use of electronic information and telecommunication technologies to support 

clinical health care and patient and professional health-related education at a distance 

(“Telehealth,” 2019).  

• Training Topic Needs – training topics that would have helped the employee do their job 

better.  

• Underfitting – is unintentional modeling with variations in data leading to the development 

of models that are too generalized and do not incorporate relevant variations in data and 

ultimately reduce power (Machine Learning Glossary [MLG], n.d.). 

• Unsupervised Machine Learning – is a type of machine learning which typically utilizes 

historical data to organize a large set of data so it can be analyzed in a manner that makes the 

data meaningful for interpretation (Ayodele, 2010). 

• Validation Leakage – a type of data leakage that occurs when information in the data set is 

used in both the training and testing data sets while conducting supervised machine learning 

(Luo et al., 2016). 

• Value of the Work Itself - is perceived by the NP and is reinforced by challenging work, 

recognition, and accomplishment (Bumbach, 2016). 
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• Voluntary Turnover - is characterized as the behavior of an employee who leaves a position 

of employment (Shaw et al., 1998). 

• Voluntary Turnover Intention - reflects the employee's attitudes and indicates the 

employee’s motivation and intended future behavior to stay in or leave a current position of 

employment for voluntary reasons (Ngo-Henha, 2017). 

• Vulnerable populations – persons, groups, or communities at a higher risk of poor health 

due to social, economic, political, environmental resources, or limitations due to disability or 

illness (National Collaborating Centre for Determinants of Health [NCCDH], 2020) 

• Working Conditions - include the number of hours worked and the type of work involved in 

being a nurse practitioner regarding patient load, patient mix, billing arrangements, and the 

proportion of time spent providing patient care, completing paperwork, and documenting 

patient information. 

Summary 

This chapter provided an overview of the background and problem surrounding NP 

voluntary turnover and the need to develop a practical and generalizable model.  Job satisfaction 

and turnover have been widely studied in various professions for over a century. Still, with the 

NP role emerging in 1965 (AANP, 2018), the NP profession is relatively young, and NP turnover 

research is sparse. It is proposed identifying the most important predictors influencing NP 

voluntary turnover will provide new knowledge to inform NP workforce initiatives and health 

care policies that may increase NP job satisfaction and NP retention to improve patient 

outcomes. Herzberg’s dual-factor theory of job satisfaction with the addition of NP differences 

provides the theoretical framework for this study. Chapter 2 provides a detailed overview of 

related literature.   
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CHAPTER 2 

REVIEW OF RELATED LITERATURE 

Health care systems and patient care organizations face challenging health care provider 

shortages and are actively trying to recruit and retain nurse practitioners (NPs) to meet demands. 

The various combinations of known predictors used to model nurse practitioner job satisfaction 

make it difficult for organizations to distinguish and effectively prioritize their NP recruitment 

and retention efforts. Due to a large number of predictor variables found in the literature, it is 

crucial to identify the most important predictors of NP voluntary turnover. This chapter contains 

a review of the extant and current literature used to identify the strongest predictors of NP job 

satisfaction and NP turnover to support a practical, intuitive, and generalizable model of NP 

voluntary turnover.  

Overview and Purpose 

The purpose of this chapter is to review, analyze, and integrate major concepts and study 

variables known to be predictors of NP job satisfaction and NP turnover. The goal is to provide 

background, discuss relevant predictors, and identify gaps in the research to provide a critical 

synthesis of the science related to NP job satisfaction and voluntary turnover research to inform 

the study’s conceptual framework and research questions. 

Scope and Organization 

The review of literature is synthesized using historical, conceptual, theoretical, and 

methodological characteristics and is presented thematically in three major sections. The chapter 

begins with a focused review of the historical literature from nursing and related disciplines of 

economics, sociology, and psychology to provide historical, theoretical, and research-based 

context and background related to the phenomena of NP job satisfaction, NP voluntary turnover 
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intention, and NP voluntary turnover. The second section presents a systematic review of NP job 

satisfaction and NP turnover and describes the known predictors of NP job satisfaction and NP 

voluntary turnover within the literature. The third section will conclude by presenting a synthesis 

of the major findings from the NP job satisfaction and NP turnover literature and highlight major 

weaknesses in the literature that are closely related to this study.  

Historical Perspectives of Turnover Research 

This section will provide a review of the historical perspectives of turnover research. 

Multidisciplinary perspectives will initially be presented to introduce the various types of 

turnover. The central role of job satisfaction will also be discussed before explaining the job 

satisfaction and turnover relationship. This section will conclude by discussing the general 

nursing perspectives of turnover research.  

Multidisciplinary Perspectives of Turnover Research 

Employee turnover continues to be a growing concern among various workforce 

organizations with scientific investigations dating back to as early as the late 19th century (Hom, 

Lee, Shaw, & Hausknecht, 2017). Interest in the phenomenon of employee turnover emerged out 

of social necessity around the time of the First World War due to booming organizational 

industries and after the birth of labor unions (Abrahamson, 1997). The earliest known 

psychological publication related to employee turnover was published in the Journal of Applied 

Psychology in 1917 (Hom et al., 2017). During the next 20 years, employee turnover research 

focused primarily on descriptive reports and occupational patterns, emphasizing the demographic 

and psychological predictors associated with high rates of employee turnover (Hom et al., 2017). 

With over 100 publications from management and related fields, employee turnover has quickly 

become a topic of psychological and managerial discourse in the United States (Heavey et al., 
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2013). More than two-thirds of employee turnover research has been published in the last decade 

alone (Heavey et al., 2013). 

Multiple disciplines continue to investigate employee turnover from differing 

perspectives, including management, marketing, economics, psychology, and sociology.  

Market-oriented and economic researchers primarily study external predictors of employee 

turnover from the perspective of industrial relations, job alternatives, and supply and demand 

(Lee & Mitchell, 1994). Economists examine employee turnover from the industry perspective 

using predictors such as unemployment and the composition of the labor force (Hulin et al., 

1985; Shaw et al., 1998). The rational cost-benefit analysis associated with employee turnover is 

the emphasis of market-oriented employee turnover research (Price & Mueller, 1981). 

Psychologists primarily study employee turnover using internal predictors related to the 

employee’s demographics, perceptions, and attitudes. Human resource managers utilize theories 

taking the psychological perspective a step further by examining employee turnover from the 

organizational level and by measuring organizational turnover. Organizations incorporate 

predictors of employee turnover by including concepts related to working conditions, 

organizational commitment, and workplace relationships (Porter et al., 1974; Roberts et al., 

1978; Huselid, 1995).   

In recent years, employee turnover research has shifted from the human relations and 

personnel management approaches developed in the mid-20th century by transitioning into 

broader explanations of voluntary turnover using organizational and professional viewpoints 

(Hom et al., 2017). Sociologists still utilize well-established psychological perspectives but have 

more recently emphasized organizational and structural predictors of employee turnover 
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associated with the work environment and the effects of the work environment on employee 

attitudes such as job satisfaction (Price & Mueller, 1981).  

The personal, professional, and economic costs associated with employee turnover are 

substantial (Mitchell et al., 2003). Collectively, it has been reported that higher employee 

turnover rates will reduce an organization’s financial performance, increase employee 

absenteeism, lower workforce productivity, and reduce customer satisfaction (Heavey et al., 

2013). The consequences of employee turnover are based primarily on the following: (a) 

employee turnover will damage workplace performance by losing skilled and knowledgeable 

employees who have valuable human capital (Osterman, 1987); (b) employee turnover disrupts 

established patterns of the workplace and diverts attention to nonproductive workplace activities 

(Summers et al., 2012); and (c) turnover is costly to organizations because employers invest 

substantial resources into recruiting, hiring, training, and retaining their employees (Heavey et 

al., 2013).  

Turnover Types 

Over the last 100 years, numerous types of employee turnover have emerged from 

multidisciplinary sciences resulting in various types of employee turnover. The major types are 

organizational and occupational turnover, followed by involuntary and voluntary turnover. The 

various types of turnover will be discussed next. 

Organizational & Occupational Turnover. There are two major categories of 

employee turnover, and they both have to do with an employees’ direction of movement at the 

time the position is vacated. Organizational turnover is when an employee leaves a position for 

an alternative position within the same organization (van der Heijden et al., 2009). 

Organizational turnover primarily focuses on the consequences of turnover associated with cost, 
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performance, recruitment, training, transition, and retention of an employee within the same 

organization (van der Heijden et al., 2009). Occupational turnover is when an individual leaves 

an organization for a position at another organization or leaves the profession altogether 

(Bluedorn, 1978). Occupational turnover primarily focuses on the consequences of turnover 

associated with cost, performance, training, transition, and retention of an individual in a specific 

field, occupation, or profession. Occupational turnover is more commonly studied because from 

a human resource perspective it incurs the greatest amount of cost (Bluedorn, 1978).   

Voluntary & Involuntary Turnover. Initially, turnover research focused on the 

phenomenon of employee turnover, with few studies specifying the difference between voluntary 

and involuntary turnover (Abassi & Holloman, 2000). Voluntary and involuntary turnover 

specify the forces that initiate employee movement (Abassi & Holloman, 2000). Voluntary 

movement is caused by an individual’s internal forces, and involuntary movement is caused by 

external forces (Bluedorn, 1978). Voluntary and involuntary turnover are acknowledged as 

distinct constructs that are often studied together and historically have not been well-delineated 

within employee turnover literature (March & Simon, 1958; Marsh & Mannari, 1977). Shaw et 

al. (1998) encouraged the research community to investigate the two concepts as distinct and 

separate constructs with different causes and consequences.    

Involuntary Turnover. Involuntary turnover is when the employer-employee relationship 

is terminated by the employer (Ngo-Henha, 2017). The Job Openings and Labor Turnover 

Survey (JOLTS) also defines involuntary turnover as separations due to layoffs, discharges, 

terminations, disability, and retirement (U.S. Bureau of Labor Statistics [USBLS], 2020). Causes 

of involuntary turnover are when the employee is either forced to leave an organization as a 

consequence of external forces, such as a weak economy or an oversaturated workforce, which 
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may result from economic and organizational hardships that are out of the employee’s control 

and can also be caused by poor employee performance or disciplinary action resulting in 

termination from the organization (Shaw et al., 1998). Involuntary turnover is largely unstudied 

because external forces such as economic and organizational hardships are often unavoidable at 

the employee level. Other causes of involuntary turnover due to retirement, disability, and death 

have been classified as uncontrollable and therefore, have largely gone unstudied (Shaw et al., 

1998). Although workplace factors can speed up an employee’s anticipated retirement, planned 

retirement is not so much a function of workplace factors but personal characteristics and 

circumstances outside the workplace (Adams, 1999). Since the age at which an employee retires 

does vary amongst professions, there is some debate about whether retirement should be 

classified as entirely voluntary or involuntary (Adams, 1999; Schmidt & Lee, 2008).   

Voluntary Turnover. Studies investigating voluntary turnover started as early as 1958 

(March & Simon, 1958). Voluntary turnover is characterized as an individual choice or behavior 

to leave a position of employment and has traditionally been the primary unit of psychological 

analysis in employee turnover research (Mobley et al., 1979). March & Simon (1958) identified 

predictors of voluntary employee turnover resulting from both individual perceptions and 

desirability for job movement. Voluntary turnover has been primarily studied at the 

organizational level from the human resource perspective. Voluntary turnover is more relevant to 

employers and organizations than involuntary turnover because it is considered preventable.   

While voluntary turnover is a large area of study interest from the sociological and 

psychological perspectives and it may be common in terms of absolute numbers, actual 

occurrences of turnover research are very sparse when viewed in terms of person, place, and 

time. Turnover events are considered rare because they depend on a binary behavioral outcome. 
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These rare occurrences make research opportunities somewhat difficult (Lacy, 1997). Studying 

rare phenomena often require longitudinal or retrospective research designs and a large study 

sample, which tend to be expensive and time-consuming (Cohen et al., 2016; Lacy, 1997).  

Table 3 displays the four turnover types adapted from Bluedorn (1978), with 

occupational and organizational turnover being voluntary turnover types. In instances of 

voluntary turnover, the individual initiates the direction of the movement.   

Table 3 

Involuntary and Voluntary Turnover Types Adapted from Bluedorn (1978) 

 

Initiator of Movement Direction of Movement 

Organizational Occupational 

The Individual 

(Internal Forces) 

Type II 

(Voluntary Turnover) 

Type I 

(Voluntary Turnover) 

Other than the Individual 

(External Forces) 

Type III 

(Involuntary Turnover) 

Type IV 

(Involuntary Turnover) 

 

Voluntary Turnover Intention. Voluntary turnover intention reflects the employee's 

attitudes and indicates the employee’s motivation and intended future behavior to stay in or leave 

a current position of employment for voluntary reasons (Ngo-Henha, 2017). Simply stated, 

turnover intentions measure employee attitudes about potential turnover behaviors (Ngo-Henha, 

2017). Other terms used throughout the literature that describe the likelihood that an employee 

will quit, such as turnover intent, intention to leave, and intention to quit, are synonymous with 

turnover intention (Ngo-Henha, 2017). 

Due to the difficulties associated with investigating voluntary turnover, it is 

understandable that a majority of occupational turnover research has investigated the closely 

related precursor and more accessible outcome, voluntary turnover intention (Appelbaum et al., 
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2010; Hayes et al., 2011; Ma et al., 2009; Zurmehly et al., 2009). Investigating the construct of 

intent is much more amenable to research than actual turnover (Cohen et al., 2016).   

The study of voluntary turnover intention has been a growing phenomenon of interest 

since its initial study (Porter et al., 1974). The study of actual turnover holds significant value, 

but organizations still find it challenging to determine the underlying situational and personal 

reasons for leaving, making the study of voluntary turnover intention especially useful (Ngo-

Henha, 2017). Hayes (2014) suggested measuring turnover intentions to provide insight and to 

validate models of actual turnover. Explanatory modeling is beneficial for theory building and 

testing and helps to develop more practical predictive models measuring NP turnover, but 

Shmueli (2010) argued that generating an accurate prediction should be the first priority of the 

researcher, followed by trying to understand the reasons why. 

Explanatory modeling is beneficial for theory building and testing and helps to develop 

more practical predictive models measuring NP turnover (Shmueli, 2010). Modeling of NP 

attitudes such as NP job satisfaction and NP voluntary turnover intention provides meaningful 

information for two reasons. One, measuring NP attitudes in real-time helps to eliminate recall 

bias. Two, modeling NP voluntary turnover intention offers a proactive explanation as to why 

NPs may leave their positions, which is useful for an organization to know while there is still an 

opportunity to increase NP retention efforts.  

Porter et al. (1974) were the first to examine the relationship between attitudes towards 

turnover and actual turnover. Fishbein and Ajzen (1975) theorized that behavior intention is a 

close predictor of the behavior itself, and Lambert et al. (2001) discovered a strong correlation 

between turnover intention and actual turnover. The theoretical assumption that turnover 

intention predicts actual turnover behavior has been empirically supported (Harrison, Newman, 
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& Roth, 2006). Voluntary turnover intention has been identified as one of the strongest and most 

direct predictors of actual voluntary turnover and at times is a more accessible outcome for 

analysis than actual voluntary turnover (Appelbaum et al., 2010; Hayes et al., 2011; Ma et al., 

2009; Zurmehly et al., 2009). However, it has also been noted that turnover intentions are 

sometimes poor predictors of actual turnover (Lee & Mowday, 1987; Kirschembaum & 

Weisberg, 1990; Cohen et al., 2016), indicating the strength of these correlations to be 

inconclusive (Cohen et al., 2016). Cohen (2018) found that across 180 U.S. federal agencies the 

same 12 predictors explained more than 59% of the variance for actual turnover rates, but only 

explained 12% of the variance for turnover intention rates. Turnover intentions and actual 

turnover are two distinct and separate constructs (Cohen et al., 2016) and because they are 

different, turnover metrics should be carefully selected when managing employee turnover 

(Hayes, 2014).   

The phenomenon of voluntary turnover intention has traditionally been characterized as a 

multi-stage process involving the voluntary departure of an employee (Takase, 2010), but 

researchers also acknowledge motivators of human behavior as being sudden or impulsive 

(Mobley, 1977; Sheridan & Abelson, 1983), which makes predicting actual turnover using 

turnover intentions even more challenging. In one study, adding turnover intention to the model 

of actual employee turnover did not enhance the model’s overall predictive power (Cohen et al. 

2016), but in another study, turnover intention accounted for 30% of the model’s variance 

(Bluedorn, 1982). While job attitudes and behavioral intentions are superior in explaining why 

an employee intends to leave, they are still considered inferior in predicting actual employee 

behaviors (Newman, 1974). It has also been proposed that turnover intentions may 

overemphasize the importance of the employee experience on actual employee turnover (Hayes, 
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2014). For example, job satisfaction was found to be less important in studies predicting actual 

turnover when compared to studies predicting turnover intentions (Hayes, 2014; Yin & Yang, 

2001). It has been recommended to investigate actual turnover as a more objective estimate of 

turnover whenever possible because it has the most utility to organizations and agencies (Cohen 

et al., 2016; Hayes, 2014).   

Explanatory and descriptive models elucidating behavioral attitudes such as NP voluntary 

turnover intention are beneficial for theory development, but modeling actual behaviors, such as 

NP voluntary turnover, provides practical value for a variety of reasons (Cohen et al., 2016; 

Hayes, 2014). Health care organizations and agencies will be able to project future retention and 

turnover rates impacting the supply and demand of NPs. Modeling the behavior of voluntary 

turnover helps to estimate future costs associated with the supply and demand of NPs. Models of 

NP voluntary turnover provide health care organizations and agencies an opportunity to mitigate 

future losses and project the employee and organizational needs associated with turnover at a 

variety of organizational and national levels. 

Central Role of Job Satisfaction 

The relevance of Herzberg et al.’s (1959) theory shares meaning among human resource 

management, psychologic, economic, and health care-related fields because of its impact on 

society (Castaneda & Scanlan, 2014). Job satisfaction has been identified as being central to a 

variety of voluntary turnover theories and is the most frequently studied psychological predictor 

of voluntary turnover and voluntary turnover intention (Han et al., 2018; Hom et al., 2017; Hulin 

et al., 1985; Mobley et al., 1979). Job satisfaction is defined as a pleasurable or emotional state 

resulting from appraising one’s job that explores employee perceptions and attitudinal responses 

to workplace conditions (Locke, 1969). Job dissatisfaction is theorized to be a direct precursor of 
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voluntary turnover intention that occurs in the absence of job satisfaction (Hom et al., 2017). Job 

satisfaction and voluntary turnover are separate constructs that are negatively 

correlated (Mobley, 1977). However, since overall job satisfaction directly predicts voluntary 

turnover intention, job satisfaction and voluntary turnover intention are commonly investigated 

concurrently (Hom et al., 2017; Han et al., 2018; Mahoney et al., 2018).   

Job Satisfaction-Turnover Relationship 

An employee’s level of overall job satisfaction influences attitudes associated with 

voluntary turnover intentions, and turnover intention is a precursor to voluntary turnover. In one 

study of teachers, Porter and Steers (1973) discovered job satisfaction and behavioral intention as 

predictors of absenteeism and voluntary turnover. Porter and Steer’s (1973) study also found that 

employee job satisfaction was influenced by workplace conditions, such as support, supervision, 

and camaraderie. Job dissatisfaction was ultimately found to be a precursor to leaving an 

organization (Porter & Steers, 1973).   

Mobley (1977) confirmed a strong relationship between job satisfaction and voluntary 

turnover but proposed mediating factors of employee withdrawal to develop the first model of 

voluntary turnover intention. Before Mobley (1977), job satisfaction had only been linked to 

voluntary turnover. Influenced by Expectancy Theory (Lawler & Suttle, 1973), Mobley (1977) 

proposed that employees were motivated to make decisions and were more productive in their 

work environments when the employee’s expectations of the job were being met. It was also 

proposed that turnover intentions were the result of employee withdrawal originating from unmet 

expectations and job dissatisfaction in the workplace (Mobley, 1977). Mobley’s (1977) model 

linking job satisfaction to voluntary turnover intention was the first study to emphasize the 
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attitudes associated with voluntary turnover intention as a precursor to the behavior associated 

with actual turnover. 

Mobley (1977) proposed that the voluntary turnover intention process is based on the 

premise that employee dissatisfaction provokes the thought of quitting, and is manifest by 

absenteeism, reduced productivity, and other adverse employee job behaviors (Marsh & 

Mannari, 1977; Mobley, 1977; Mobley, 1979). In Mobley’s (1977) foundational model, the 

voluntary turnover intention process set the groundwork for other researchers to begin 

identifying broad predictors of voluntary turnover intention in a new era of theory testing (Hulin 

et al., 1985; Price & Mueller, 1981; Steers et al., 1981; Rusbult, 1983). Over time, other studies 

confirmed that job satisfaction was indeed a stable and reliable predictor of both voluntary 

turnover intention and voluntary turnover (Price, 2001; Hulin et al., 1985; Cotton & Tuttle, 

1986).   

Price and Mueller (1981) also developed a voluntary turnover intention model 

highlighting the probability that employee attitudes and perceived job dissatisfaction influences 

an employee's behavior to leave. Price and Mueller (1981) used principles from Mobley’s (1977) 

voluntary turnover intention model to incorporate job satisfaction into the employee withdrawal 

process (Hulin et al., 1985). Job dissatisfaction has since been found to be an indirect predictor 

of voluntary turnover intention (Hulin et al., 1985) and is one of the strongest predictors of 

voluntary turnover (Adams & Beehr, 1998; Blau & Lunz, 1998; Griffeth et al., 2000). While job 

satisfaction has been one of the most frequently studied psychological predictors of voluntary 

turnover, Mobley (1979) reported job satisfaction accounted for less than 16% of the variance in 

various explanatory models and encouraged the research community to continue exploring other 
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predictors of voluntary turnover in order to gain more insight into this socially relevant 

phenomenon.   

Nursing Perspectives on Turnover 

The nursing workforce has historically been a priority area for employee turnover 

research due to the profession’s significant role in the provision of health care (Mobley, 1977). 

Voluntary turnover among nursing professionals disrupts various aspects of the profession’s 

productivity-related patient outcomes (Hom et al., 2017). It is for these reasons that job 

satisfaction has historically been one of the most commonly investigated variables in nursing 

turnover research (Mitchell et al., 2001).   

The nursing profession examines employee turnover by building on multidisciplinary 

perspectives described above but utilizes additional predictors unique to the nursing profession.  

Predictors of voluntary nursing turnover commonly investigated are the level of nursing 

education, longevity, professional collaboration, intrapersonal relations, autonomy, 

organizational effectiveness, and patient outcomes (Larrabee, 2003). Additionally, high levels of 

burnout within the nursing profession have been associated with job dissatisfaction and voluntary 

nursing turnover (Larrabee, 2003). In health care, burnout refers to the emotional exhaustion, 

and negative attitudes towards oneself and the patients they care for (Van Dierendonck, 

Schaufeli, & Sixma, 1994). 

Within the nursing profession, job satisfaction has been found to influence nursing 

productivity, turnover, retention, recruitment, patient satisfaction, and patient outcomes 

(Castaneda & Scanlan, 2014). With an aging nursing workforce, the retention of highly 

experienced nurses is of significant importance to the nursing profession (Cohen, 2006; Cox et 

al., 2014; Gao et al., 2014; Moseley et al., 2008). Nursing turnover poses a significant problem to 
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the profession through the loss of highly skilled and trained nurses. Turnover becomes even 

more challenging when the supply of qualified nursing personnel is already limited (Takase, 

2009).   

Policymakers and employers are interested in stabilizing the nursing workforce to reduce 

health care costs and improving patient outcomes in a period of increased health care demand 

and persistent nursing shortages (Kovner et al., 2014). For nurses, the investigation of job 

satisfaction is an important measure of employability, professional mobility, retention, and other 

working conditions (Kovner et al., 2014).  

 To summarize this section of historical perspectives, employee turnover is a broadly 

investigated phenomenon among numerous disciplines, including nursing. An increased interest 

in the phenomenon of nursing turnover has propelled an increased amount of turnover research 

over the last decade alone. Different types of turnover facilitate certain areas of research to meet 

the specific needs of organizations and employers. Although less accessible, voluntary turnover 

was noted as having greater utility to organizations, employers, and employees than involuntary 

turnover.  

Systematic Review of NP Job Satisfaction and NP Turnover Research 

The following section will present a systematic review of NP job satisfaction and NP 

turnover research. The objective of the systematic review was to summarize the current 

knowledge related to NP job satisfaction and NP turnover. It was unknown if a review protocol 

already existed. The literature was systematically reviewed using the Preferred Reporting Items 

for Systematic Reviews and Meta-Analyses Checklist (PRISMA, 2009). See Appendix D for the 

PRISMA checklist.  
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Search Strategy 

Search strategies were conducted sequentially through internet searches using Google 

Scholar and other computerized databases. Electronic databases included PubMed, CINAHL, 

OVID, and ProQuest. Primary key search terms included “nurse practitioner,” “advanced 

practice registered nurse,” “job satisfaction,” “turnover,” and “turnover intention,” while 

secondary search terms included “intent to leave,” “career intention,” “retention,” and “shortage” 

within the general population, nursing, and nurse practitioner populations in the past 30 years 

(1989-2019). MeSH headings and truncation techniques were used when appropriate. Inclusion 

criteria included peer-reviewed, extant, and select gray literature in the English language that 

pertained to NP job satisfaction, NP voluntary turnover intention, and NP voluntary turnover. 

The author also conducted a hand review of the references of the included articles to locate 

additional articles meeting the inclusion criteria.  

Search Results 

Figure 3 displays the PRISMA flow diagram (Moher et al., 2009) and search results for 

the review of the literature. The electronic databases returned over 1,434 articles. Google Scholar 

returned over 25,000 records, and 8,600 records were searched until saturation was reached on 

webpage 86. A total of 225 articles were duplicates. After duplicates were removed, the 

remaining 9,809 articles and records were screened via title and abstract reviews. Articles were 

excluded if they were related to general nursing job satisfaction and turnover and if they did not 

specifically include the NP study population. Articles that solely addressed other APRN roles 

such a certified registered nurse anesthetist (CRNA), clinical nurse specialist (CNS), and 

certified nurse-midwife (CNM) were also excluded. Articles were also excluded if they did not 

measure NP job satisfaction, NP turnover intention, or NP turnover.  
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After applying inclusion criteria to the abstract reviews, a total of 42 articles remained. 

After full-text review, a total of 28 studies were included in the literature review. All 28 articles 

were related to NP job satisfaction, 11 of the 28 articles were related to both NP job satisfaction 

and NP voluntary turnover intention (Bryant-Lukosius et al., 2007; Cheng et al., 2014; DeMilt et 

al., 2011; Faraz, 2017; Falk et al., 2017; Hagan & Curtis, 2018; Lelli et al., 2015; Mahoney et al., 

2018; Orava, 2017; Poghosyan et al., 2016; Spetz et al., 2017). None of the articles were related 

to NP voluntary turnover.  
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The study of NP job satisfaction has primarily been informed by Herzberg et al’s (1959) 

dual-factor theory of job satisfaction. Therefore, an overview of NP job satisfaction literature has 

been arranged to align with this study’s conceptual model using Herzberg et al.’s (1959) dual-

factor theory of job satisfaction as part of its theoretical foundation. An overview of Herzberg et 

al.’s (1959) dual-factor job satisfaction theory was provided in Chapter 1, and the Model of NP 

Voluntary Turnover depicted in Figure 2. 

Extrinsic Hygienes  

Extrinsic hygienes are considered a human’s first need to avoid death, harm, loss, and 

pain (Herzberg et al., 1959; Misener & Cox, 2001). Herzberg et al. (1959) classified external 

predictors of job satisfaction as hygienes because they are maintenance factors required for 

fostering and preserving a nourishing work environment for employees. Extrinsic hygienes are 

independent of the work itself and are external forces that influence overall job satisfaction. 

Herzberg et al.’s (1959) extrinsic hygienes are primarily categorized as working conditions 

salary and benefits, interpersonal relations, supervision, company policies and administrative 

practices, and job security.   

 Herzberg et al. (1959) described hygienes of a healthy work environment as being 

analogous with a person’s “medical health” (p. 113). Therefore, hygienes are considered 

preventative rather than therapeutic (Herzberg et al., 1959). Herzberg et al. (1959) considered 

extrinsic hygienes as job dissatisfiers because when employees reported feelings of unhappiness, 

they often were not related to the job itself but were conditions that “surrounded” (p. 113) the 

work.   

For nurse practitioners, working conditions (i.e., number of hours worked, patient load, 

patient mix, paperwork and documentation requirements), salary and benefits, interpersonal 
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relationships (i.e., respect from physicians and colleagues), administrative support, and practice 

policies (including billing arrangements) have been identified as known predictors of NP job 

satisfaction. Although Herzberg et al. (1959) and extant NP job satisfaction literature classified 

the quality of supervisor support as “supervision” (Koelbel et al., 1991; Misener & Cox, 2001), 

more recent literature refers to this category as administrative support (DeMilt, et al., 2011; Falk, 

Chapa, & Greene, 2017; Lelli et al., 2015; Mahoney et al., 2018; Spetz et al., 2017). The change 

is attributed to increased clarity of the administrative roles within health care organizations that 

may or may not have physicians directly supervise the NP. The term “supervision” may be used 

to describe the regulatory relationship among physicians and nurse practitioners in selected states 

where NPs cannot practice autonomously. Job security was not found to be a significant 

predictor of NP job satisfaction and therefore, was not included in the model.  

 Based on the available literature surrounding NP job satisfaction, Herzberg et al.’s 

(1959) extrinsic hygienes were classified into the primary categories of NP working conditions, 

salary and benefits, interpersonal relationships, administrative support, and practice policies. The 

following will outline and review what is known about extrinsic hygienes of NP job satisfaction 

and will elucidate each predictor's importance in the context of the conceptual model provided in 

Chapter 1.   

Working Conditions. Working conditions relevant to nurses in the NP role may vary by 

practice setting and population focus (Bae, 2016; Kacel et al., 2005; Wild et al., 2006). Working 

conditions were found to be extrinsic hygienes of overall NP job satisfaction (Koelbel et al., 

1991), but the various aspects of NP working conditions investigated are dynamic and changing 

(Han et al., 2018). Working conditions studied in the extant literature include the number of 

hours worked and the type of work regarding patient load, patient mix, billing arrangements, and 
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the proportion of time spent providing patient care, completing paperwork, and documenting 

patient information (Bae & Champion, 2016). Working conditions also reflect either constant, 

changing, or emerging contemporary variables of the twenty-first century NP work environment.  

Number of Hours Worked. The number of hours worked varies among NPs who work in 

different specialty settings and is also associated with the NP’s employment status (Bryant-

lukosius, 2007). Bumbach (2016) found that NPs who worked less than 37 hours per week were 

much more satisfied with their jobs than NPs who worked more than 37 hours per week. It was 

also reported that males, on average, worked more hours per week than female NPs (Bumbach, 

2016). Additionally, the amount of overtime worked is a predictor of NP job satisfaction (Greene 

et al., 2017). Overtime is defined by the number of hours worked above and beyond a 40-hour 

workweek. Higher amounts of overtime worked have been found to be negatively correlated with 

job satisfaction ( = -.313, p = .008) for NPs working in the oncology setting (Bryant-lukosius et 

al., 2007).   

Greene et al. (2017) recommended that future NP job satisfaction research should further 

investigate the amount of overtime worked while accounting for other known predictors. NPs, 

who worked more than 40 hours a week were more likely to have a hierarchical relationship with 

physicians where NPs were billing “incident-to” services (Bae & Champion, 2016). “Incident-

to” services billing is a common practice for NPs who are working in a setting and requires the 

NP to involve a physician in the care of his or her patients, which does tend to increase the 

amount of time needed to see each patient.   

NPs who used electronic health records (EHRs) for patient documentation tend to work 

more overtime than NPs who don’t and worked full-time in specialty areas compared to primary 

care NPs working full-time (Bae & Champion, 2016). However, overtime is not always 
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associated with NP job dissatisfaction. For example, rural-based primary care NPs tend to work 

more overtime than urban-based NPs, but overall job satisfaction differences have not been 

statistically significant (Bae, 2016). For these reasons, it is important when investigating the 

amount of overtime NPs work each week to examine the phenomenon of NP job satisfaction in 

the presence of other predictors.   

Patient Load. Patient load is related to the number of patients seen in a certain timeframe 

and accounts for factors related to caring for the patient's various needs. Patient load is measured 

using a variety of factors related to chronic or acute patient management, primary and secondary 

prevention, procedures, referrals, and the counseling and education of patients and their families. 

An NP's time on patient care includes the time allocated to see patients, review patient labs and 

records, and return messages.   

The patient load of NPs who worked in ambulatory care settings may be lower than NPs 

who worked in hospital-based settings (Bae & Champion, 2016). Patient load and the amount of 

time not spent with patients were found to be the greatest sources of dissatisfaction for a group of 

primary care providers consisting of nurse practitioners (Freeborn et al., 2002). Tri (1991) found 

that NPs working in the primary care setting were only somewhat satisfied with the time spent on 

patient care. Nurse practitioners who worked in practices that were considered “slower” also 

reported being less satisfied than NPs working in faster-paced practices (Tri, 1991).   

Patient Mix. Patient mix describes the types of patients cared for by the nurse 

practitioner in relation to the patient’s medical complexity, primary diagnoses, disease severity, 

and socioeconomic parameters related to a specific patient population or demographic 

distribution (“Patient mix,” 2009). Patient mix considers the demographic distribution of the 

patients being cared for by the nurse practitioner specific to race, age, sex, or ethnicity (“Patient 
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mix,” 2009). Patient mix also considers the severity of the patient’s primary diagnoses within a 

specific patient care population such as primary, surgery, maternity, or specialty settings (Fetter 

et al., 1980). Kacel et al. (2005) reported that patient mix was one of the strongest predictors of 

NP job satisfaction. Bryant-Lukosius et al. (2007) found that specialty NPs working in oncology 

settings who took care of a slightly higher percentage of female patients with more advanced 

disease were only minimally satisfied with their jobs. These findings suggest a relationship exists 

between patient mix and NP job satisfaction, but the strength and the direction of the relationship 

are unknown.   

Nurse Practitioners in the United States are more likely to care for patients who are 

uninsured or from more vulnerable racial and ethnic minority groups than primary care 

physicians (Buerhaus et al., 2015; Poghosyan & Carthon, 2017). Primary care NPs are also more 

likely to practice in rural areas where primary care physicians are less likely to practice 

(DesRoches et al., 2013). Rural patients have a wide variety of complex medical problems and 

are at an increased risk of disease when compared to more urban-based patients with equal 

access to primary care services (DesRoches et al., 2013). Vulnerable patient populations who are 

uninsured often have increased needs and are more medically and socially complex than patients 

with private insurance. With more than 80% of full-time NPs accepting Medicaid and Medicare 

insurance (AANP, 2019), there is an increased likelihood that NPs will continue to accept and 

care for a mix of patients that are vulnerable and medically complex. For these reasons, patient 

mix has the potential to be a significant predictor of NP job satisfaction. 

Paperwork and Documentation. Effects from increasing amounts of electronic health 

care record (EHR) usage in the clinical setting is an important and emerging aspect of the 

twenty-first century NP working conditions requiring further investigation. Increasing amounts 
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of time are being spent completing patient documentation and “paperwork” that can now be 

completed electronically. A majority of health care practices and institutions are now using 

EHRs to facilitate patient documentation, lab testing, prescription writing, billing, and coding. 

The amount of EHR usage is negatively associated with the number of patients the NP can see 

each day (Xue et al., 2016), and new graduate NP’s who used EHRs were more likely to work 

more hours than those who did not (Bae & Champion, 2016). The migration from paper to 

electronic documentation was not investigated in seminal NP job satisfaction research (Koelbel 

et al., 1991; Misener & Cox, 2001). EHR use is ubiquitous now and so investigating the amount 

of time spent in various types of EHRs should be considered in contemporary models of NP job 

satisfaction. 

In summary, working conditions have the potential to predict job satisfaction but vary 

widely by practice setting. Findings supporting working conditions as predictors of job 

satisfaction are inconsistent. Working conditions remain largely unexplored in the investigation 

of NP voluntary turnover. Practice hours, patient load, patient mix, paperwork, and 

documentation remain largely unexplored in NP voluntary turnover investigation. More evidence 

is needed to support the influence of working conditions on NP job satisfaction and voluntary 

turnover.  

Salary & Benefits. Salary and benefits are among the highest-ranking predictors of NP 

job satisfaction (Freeborn et al., 2002; Hagan & Curtis, 2018; Tri, 1991). Koelbel et al. (1991) 

also found a significant correlation between an NP’s hourly wage and overall job satisfaction (r 

= .19; p = 0.03). Li et al. (2018) found that primary care NPs who were more satisfied with their 

jobs earned almost 10% more annually than less satisfied colleagues. Compensation and 

monetary bonuses have also been found to be sources of job dissatisfaction for NPs working in 
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Midwestern states (Kacel et al., 2005). Hagan & Curtis (2018) discovered a strong positive 

correlation between NP job satisfaction and salary for NPs residing in the State of Texas. 

According to Hagan and Curtis (2018), for every two-thousand dollar increase in NP salary, 

overall job satisfaction increased, and the predicted odds that the NP would leave their current 

position within the next five years decreased significantly. However, most of the study findings 

related to compensation are limited by geographic region and smaller sample sizes that may not 

be generalizable to a larger population of NPs (Hagan & Curtis, 2018; Kacel et al., 2005; 

Koelbel et al., 1991).   

Among larger studies, the strength of salary as a predictor of NP job satisfaction is 

unclear. In a large study (n = 8311), incorporating NPs from across the United States salary was 

a weak predictor of NP job satisfaction (Athey et al., 2016). Mahoney et al. (2018) found that 

NPs with higher salaries were more likely to be satisfied with their job in a variety of practice 

settings.   

Additionally, there may be less emphasis on salary in organizations where fringe benefits 

are higher (Cotton & Tuttle, 1986; Yanchus et al., 2015). Salary has not historically been 

considered a strong predictor of job satisfaction for NPs working in service organizations (Cheng 

et al. 2014). For a sample of 273 Canadian NPs where health care is publicly funded, salary was 

not found to be correlated with job satisfaction (Orava, 2017). More than 75% of the NPs in 

Orava’s (2017) study reported they were satisfied with their pension plan and access to 

workplace benefits (Orava, 2017).   

It is unclear how strong a predictor salary and benefits are since NP wages vary greatly 

by region, practice site, gender, and specialty setting. Overall, nurse practitioners' average full-

time employment earnings have steadily increased from 2010 through 2018 (Auerbach, 
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Buerhaus, & Staiger, 2020). Herzberg et al. (1959) noted that salary was strongly correlated with 

other intrinsic motivators as a result of achievement and recognition in the workplace. However, 

Herzberg et al. (1959) still maintained that salary was external to the work itself and classified it 

as an extrinsic hygiene of NP job satisfaction because salary was found to have greater potential 

to be a job dissatisfier. These findings indicate a distinctive and complex association between 

salary, benefits, and other known predictors of NP job satisfaction.    

Interpersonal Relationships. Beehr et al. (2000) reported that colleagues and 

administrators are an important source of social support, job satisfaction, and retention in 

stressful work situations. For nurse practitioners, interpersonal relationships include the social 

interactions with supervisors, administrators, physicians, and intraprofessional and 

interprofessional colleagues. The respect NPs receive from physicians, colleagues, and 

supervisors are considered significant predictors of NP job satisfaction (Misener & Cox, 2001; 

Steinke et al., 2018). Wild et al. (2006) found interpersonal relationships to be a strong predictor 

of NP job satisfaction, but interpersonal relationships were not found to be a significant predictor 

of new graduate NP job satisfaction (Faraz, 2017). Although Faraz’s (2017) study investigating 

new graduate NP job satisfaction included a sample size of 177 new graduate NPs working in the 

primary care settings, there may be distinct NP differences related to age, practice settings, and 

work experience that are associated with the perceived value of interpersonal relationships. 

Nurse practitioner interpersonal relationships remain underexplored. All of the NP job 

satisfaction studies exploring interpersonal relationships use primarily descriptive and cross-

sectional survey data. Increased understanding of the NP’s complex interpersonal relationships 

may be acquired by incorporating qualitative and mixed-method approaches.  
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Respect from Physicians and Colleagues. Intrapractice partnerships and collegiality are 

known predictors of NP job satisfaction in multiple NP practice settings (Kacel et al., 2005).   

Bae (2016) found that NPs from rural and non-rural practice settings were satisfied with the 

respect they received from both physicians and their colleagues, and there is no literature to 

suggest gender plays a role in the NP’s perceived respect from physicians. Bumbach (2016) 

found no significant gender differences in job satisfaction when evaluating NPs perceived 

respect from other colleagues. However, Athey et al. (2016) discovered that on average, NPs 

were less satisfied with the respect they received from physicians in comparison to other 

colleagues.      

NPs who perceive they are not a valuable member of the health care team and who have 

poor physician relationships reported higher levels of job dissatisfaction (DeMilt et al., 2011; 

(Tri, 1991). For example, when physicians did not accept patient referrals from the NP, higher 

levels of job dissatisfaction were more likely to be reported (Steinke et al., 2018). Also, the 

higher the NP’s perceived skill level, the better they perceived physician and colleague 

relationships (Tri, 1991). Nurse practitioners who feel their work environment is not supportive 

of their role are more likely to leave the organization (DeMilt et al., 2011). These findings 

suggest that respect from physicians and colleagues is a well-identified predictor of NP job 

satisfaction. 

In summary, interpersonal relationships have the potential to predict job satisfaction but 

can vary widely depending on the NP’s age and level of work experience. Respect from 

physicians and colleagues was found to be a predictor of NP job satisfaction, but the level of 

respect was also positively correlated with the NP’s perceived skill level. Administrative support 

remains largely unexplored in the investigation of NP voluntary turnover. More evidence is 
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needed to support interpersonal relationships' strength and direction as a predictor of NP job 

satisfaction and voluntary turnover in different populations.  

Administrative Support. Administrative support is defined as a function of immediate 

workplace supervisors who support nurse practitioner role development and promote systems 

entry into the work environment through regular contact, support, evaluation, mentorship, and 

networking (Bryant-Lukosius & DiCenso, 2004). Administrative support is also a strong 

correlate of NP recruitment and job satisfaction for NPs (Misener & Cox, 2001; Steinke et al., 

2018). Faraz (2017) suggested that the level and quality of administrative support were 

significant predictors of new graduate NP job satisfaction. Administrative support within a 

workplace is essential for nurse practitioner role development since there is a considerable 

amount of learning that occurs during the first year in a new work environment (Bryant-Lukosius 

& DiCenso, 2004) and administrative support is ongoing, and it should not stop after initial 

employee onboarding. 

In summary, there is moderate evidence that administrative support is necessary for NP 

job satisfaction. Administrative support was found to be a more reliable predictor of NP job 

satisfaction in the new graduate NP population. More evidence is needed to support the influence 

of working conditions on NP job satisfaction and NP voluntary turnover.  

Practice Policies. Herzberg et al. (1959) found company policies to be an extrinsic 

hygiene of the work environment. A no “vacation policy” is just one example of a dissatisfier an 

NP may encounter when working in a smaller private practice setting (Steinke et al., 2018). 

DeMilt et al. (2011) also recognized inflexible schedules and inconsistencies between the NP’s 

goals and the organization as reasons for decreased job satisfaction. Athey et al. (2016) 
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discovered that, on average, NPs were unsatisfied with their ability to provide input into 

organizational practice policies.  

Billing Arrangements. Nurse Practitioners are recognized as advanced health care 

providers by Medicare, which reimburses NP services at 85% of the physician rate (Centers for 

Medicare and Medicaid Services [CMS], 2016). When an NP bills for services independently 

under his or her national provider identifier (NPI), it is classified as “incident services” billing. 

“Incident services” billing are services provided by non-physician providers billed and 

reimbursed under the same requirements as a physician, but when a physician is not directly 

involved in treatment. “Incident services” billing results in 85% reimbursement of the physician 

fee schedule (CMS, 2016). “Incident services” billing is one of the many ways NPs receive 

recognition for providing cost-effective health care to federally designated primary care shortage 

areas (DesRoches et al., 2013). However, less than half of NPs in the United States bill directly 

under their NPI number (DesRoches et al., 2013). Reduced reimbursement rates for NPs 

incentivize employers and health care organizations to bill “incident-to,” so they can be 

reimbursed at the same physician fee schedules (Poghosyan et al., 2017a). “Incident-to” services 

billed by non-physician providers are reimbursed under the exact requirements as a physician 

when a physician is directly involved in treatment. “Incident-to” billing results in 100% 

reimbursement of the physician fee schedule. ‘Incident-to” billing practices make it very difficult 

to detect the NP’s level of involvement in patient care because the claims are not submitted 

directly under the NP’s unique NPI number (DesRoches et al., 2013).     

Regulatory requirements and reimbursement rates may affect the NP’s day-to-day billing 

arrangements. Xue & Tuttle (2017) found that NPs who billed incident-to were less productive 

and were less likely to feel that their skills were being fully utilized. Nurse practitioners who 
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billed “incident-to” for their services were more likely to perceive themselves as being in a 

hierarchal relationship with their physician colleagues because the physician must be involved in 

the patient’s care to be eligible for 100% reimbursement (Jones, 2018).  

Studies investigating billing arrangements have primarily explored NP practice 

characteristics (Xue & Tuttle, 2017; Jones, 2018). The author was unable to identify any existing 

studies investigating NP billing arrangements as a possible predictor of NP job satisfaction. 

Exploring the complexities associated with the NP’s billing arrangements may provide new 

insight into national and organizational practice policies and their relationship with NP job 

satisfaction and NP voluntary turnover.  

In summary, there is little known about how practice policies predict NP job satisfaction. 

Billing arrangements may have more to do with the NP’s level of autonomy than the actual 

billing itself. Working conditions remain mostly unexplored in the investigation of NP voluntary 

turnover. More evidence is needed to support the influence of practice policies on NP job 

satisfaction and voluntary turnover.        

Intrinsic Motivators  

Herzberg et al. (1959) classified internal predictors of job satisfaction as intrinsic 

motivators because he proposed that a person’s job is one of the most important aspects of a 

person’s life, and people attempt to achieve self-actualization in their work. One of the tenets of 

Herzberg et al.’s (1959) theory is men and women feel the greatest fulfillment when they are 

participating in activities that fulfill their own needs but are also meaningful to society. Herzberg 

et al. (1959) claimed that only by performing the tasks associated with the job itself can a person 

become self-actualized to the point where the rewards reinforce his or her professional 

aspirations and continue to motivate the employee.   
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It is for these reasons that intrinsic motivators are historically classified as satisfiers of 

job satisfaction. Herzberg et al. (1959) considered intrinsic motivators as job satisfiers because 

motivators have the potential to bring the highest levels of job satisfaction. Additionally, 

Herzberg et al. (1959) assumed that job attitudes were unidirectional rather than on a continuum, 

which was almost always the case regarding intrinsic motivators. The presence of satisfiers in a 

person who is at a neutral point would increase satisfaction, but the absence of satisfiers 

wouldn’t necessarily decrease satisfaction. Herzberg et al. (1959) explained that in the presence 

of few motivators, employers and organizations must increase the level of hygienes offered to 

their employees to make work “tolerable” (p. 115).   

For NPs, intrinsic motivators have the greatest influence on job satisfaction even in the 

presence of dissatisfiers (Kacel et al., 2005; Misener & Cox, 2001). Intrinsic motivators are 

satisfiers of the job historically categorized as advancement, responsibility, achievement, 

recognition, and the value of work itself (Herzberg et al., 1959). Based on the available literature 

surrounding NP job satisfaction, Herzberg et al.’s (1959), intrinsic motivators have been 

appropriated specifically for the population of NPs. In this study model, intrinsic motivators 

were classified into three categories: professional growth, autonomy, and value of the work 

itself. The following will outline and review what is known about intrinsic motivators of NP job 

satisfaction and will elucidate the importance of each predictor in the context of the conceptual 

model.   

Professional Growth. Professional growth is maintaining professional credentials and 

increasing knowledge through formal coursework and informal learning for career development, 

skill enhancement, and advancement within the profession. According to Herzberg (1966), the 

second human need revolves around a human’s physical, psychological, and existential demands 
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to continually grow and reach their maximum potential (Herzberg et al., 1959). Psychologists 

have described the human need to achieve maximum potential as self-actualization (Maslow, 

1965; Rogers, 1963). Self-actualization is when personal accomplishments are met, and talents 

are fully expressed by an individual to meet their final stage of personal development as 

specified in Maslow’s (1965) hierarchy of needs. It has also been theorized that employees are 

likely to leave an organization when their self-interests have reached maximum potential, and 

they are no longer satisfied at a particular organization (Shaw et al., 1998). According to 

Herzberg et al. (1959), employees are motivated by pursuing unmet needs and should be allowed 

to satisfy the need for self-actualization in the workplace. Herzberg et al. (1959) concluded that 

organizations need to find ways to increase their employees' intrinsic motivation and noted that 

highly motivated employees are capable of developing remarkable advancements.   

Misener and Cox (2001) developed the Misener Nurse Practitioner Job Satisfaction Scale 

(MNPJSS) (1996) using theoretical underpinnings from Herzberg’s dual-factor theory of job 

satisfaction and McCloskey and Mueller’s Nurse Satisfaction Scale (MMNSS) (1974). The 

MMNSS (1974) was only validated in hospital-based registered nurses (RNs). Misener and Cox 

(2001) added additional factors of the nurse practitioner role in primary care and ambulatory 

settings. They found the opportunity for professional growth to be an emerging category of NP 

job satisfaction (Misener & Cox, 2001). Professional growth is comprised of advancement 

opportunities, support for continuing education, and the opportunity to participate in practice 

improvement activities (Misener & Cox, 2001). The professional growth categories included in 

Misener and Cox’s (2001) NP Job Satisfaction Scale (NPJSS) have been similarly classified with 

the addition of training topic needs as part of support for continuing education. 
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The following will review what is known about professional growth and will elucidate 

the importance of each predictor in the context of current NP job satisfaction literature and 

within the conceptual model.  

Advancement Opportunities. It has been theorized advancement opportunities and 

corresponding NP salaries may reach a “ceiling” (p. 30) after individuals have been in the 

profession for a certain number of years (Kacel et al., 2005). Steinke et al. (2018) also reported 

that there might be a lack of support from employers when NPs seek to obtain doctoral degrees, 

especially outside the United States. 

Support for Continuing Education. Misener and Cox (2001) found support for 

continuing education to be a predictor of job satisfaction. To date, there is no literature 

investigating the various training topic needs of NPs and if the lack of training predicts job 

satisfaction or turnover. Training topic needs are defined as training topics that would have 

helped the employee do their job better. Identifying the training topic needs of NPs who provide 

patient care may reveal new information to increase educational opportunities to support 

contemporary NP practice.  

Participation in Practice Improvement Activities. The ability to participate in practice 

improvement activities has also been identified as a predictor of NP job satisfaction. For 

example, NPs in Midwestern states were dissatisfied with the amount of time off to serve on 

professional committees and to be involved in research (Kacel et al., 2005). Misener and Cox 

(2001) also found time off to serve on committees and to be involved in research were predictors 

of NP job satisfaction.  

Mahoney et al. (2018) also found opportunities for professional growth to be a strong 

predictor of NP job satisfaction and turnover intention by identifying significant differences in 
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the opportunities for growth based on practice setting. In contrast, DeMilt et al. (2018) also 

found professional growth to be a predictor of NP job satisfaction but not necessarily turnover 

intention. While there is strong evidence suggesting opportunities for professional growth 

contribute to NP job satisfaction, it is still unclear if professional growth contributes to NP 

turnover.   

In summary, there is moderate evidence to support professional growth as a predictor of 

NP job satisfaction, but there is little evidence elucidating its role in predicting NP voluntary 

turnover. Professional growth remains largely unexplored in the investigation of NP voluntary 

turnover. More evidence is needed to support the role of having the opportunity for professional 

growth in the NP population.  

Autonomy. Autonomy is defined as having the authority to make decisions about the 

health care of a patient and the freedom to act within the nurse practitioner’s professional 

knowledge base (Skar, 2010). Nurse Practitioners reporting increased levels of autonomy 

perceive themselves as leaders of the health care team, which may contribute to overall job 

satisfaction (Poghosyan et al., 2016). Pasaron (2013) discovered NPs were minimally dissatisfied 

with the level of challenge and autonomy in the workplace. While Pasaron’s (2013) study sample 

size was small (n = 39), there are multiple studies indicating that when NPs feel they are 

practicing to their fullest potential, NPs report higher levels of job satisfaction (Athey et al., 

2016, Freeborn et al., 2002; Kacel et al., 2007; Poghosyan et al., 2016; Pron, 2013; Spetz et al., 

2017). Because organizational and political climates have a large impact on regulating NP 

practice, the implications for investigating NP autonomy could be extremely valuable to health 

care systems and the nursing profession.   
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Nurse practitioner autonomy can vary by country, state, region, organization, and practice 

setting. For example, nurse practitioners who work in primary care, rural health care, and service 

organizations have reported higher levels of job satisfaction due to their perceived levels of 

autonomy (Faraz, 2017; Faris et al., 2010; Pron, 2013, Spetz et al., 2017). Autonomy was found 

to be one of the greatest predictors of job satisfaction for primary care NPs (Faraz, 2017; 

Freeborn et al., 2002). Nurse Practitioners working for the Veteran’s Affairs have reported being 

very satisfied with their level of autonomy (Faris et al., 2010) primarily because NPs see their 

role as autonomous and only requiring “physician back-up” (p. 1) on occasion (Fletcher et al., 

2007). Too much physician oversight has been negatively associated with NP job satisfaction 

(Bae, 2016). No matter the setting, it appears job satisfaction is greater when NPs feel 

“challenged” (p. 472) and when they were practicing their skills to the fullest extent (Bae, 2016).   

In summary, there is stronger evidence to support autonomy as a predictor of NP job 

satisfaction. There is some moderate evidence to support the importance of autonomy in 

predicting NP voluntary turnover. More evidence is needed to support the role of autonomy on 

the NP voluntary turnover.   

Value of Work Itself. Herzberg et al. (1959) claimed that the conditions surrounding 

work do not have the potential to satisfy an employee’s need for self-actualization, and it is only 

by performing the work itself that the needs of the employee can be satisfied. The value of the 

work itself is perceived by the NP and is reinforced by challenging work, recognition, and 

accomplishment (Bumbach, 2016). A sense of value for what NPs contribute as part of their job 

is a strong predictor of NP job satisfaction (Faris et al., 2010; Koelbel et al., 1991; Pasaron, 

2013; Wild, 2006).   
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Bumbach (2016) found there were gender differences in how NP’s perceived the value of 

their work. Male NPs were significantly more satisfied with the value of their work than female 

NPs. Lelli et al. (2015) found that although NPs working in the retail setting were satisfied with 

their jobs overall, their perceived value of the work itself was lower than NPs in traditional clinic 

settings. It was suggested that because retail clinic NPs spend some of their time verifying 

insurance and collecting payment, retail clinic NPs may perceive their roles as diminished or less 

valuable since their education is not being fully utilized. Although the overall job satisfaction of 

retail clinic NPs was similar to NPs in traditional settings, retail clinic NPs were significantly 

more satisfied with salary and benefits. Lelli et al.’s (2015) findings suggest that although a 

sense of value for work itself may be important to NPs, it may not be the strongest predictor of 

NP job satisfaction in the presence of other strong demographic or practice setting variables 

(Bumbach, 2016; Lelli et al., 2015). More evidence is needed to support the value of work itself 

on the NP voluntary turnover.   

 For nurse practitioners, intrinsic motivators, including professional growth, autonomy, 

and value for meaningful work, are collectively considered to be important factors of job 

satisfaction (Han et al., 2018). Relevant literature utilizing Herzberg’s dual-factor job satisfaction 

theory suggests that in general, intrinsic motivators generate the highest levels of overall job 

satisfaction when compared to less satisfying extrinsic hygienes in the nurse practitioner 

population (Faraz, 2017; Kacel et al., 2005; Kleinpell, 1997; Koelbel et al., 1991; Misener & 

Cox, 2001; Strickland & Hanson, 1995). Herzberg et al.’s (1959) findings in a study population 

of 203 engineers and accountants suggested that intrinsic motivators such as achievement, 

recognition, and the value of work itself had the greatest chance of increasing job satisfaction 

even in the presence of poor working conditions. The nursing profession may also be more 
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motivated by intrinsic motivators such as professional growth and value for work itself. 

However, there appears to be an emerging emphasis on autonomy and its role in predicting NP 

job satisfaction and NP voluntary turnover. The existing evidence suggests autonomy may be the 

strongest predictor of NP job satisfaction, which distinctly separates the NP profession from 

other disciplines.   

Nurse Practitioner Differences 

March and Simon (1958), Porter and Steers (1974), Price (2001), and Mobley (1977) all 

used a combination of employee demographics within their models of voluntary employee 

turnover. Demographics such as age, gender, marital status, and the number of dependents were 

found early on to predict both voluntary and involuntary employee turnover (Arnold & Feldman, 

1982; Marsh & Mannari, 1977; Steers et al., 1981). Additionally, marital status, number of years 

worked, full or part-time employment status, and educational level were commonly thought to be 

predictors of voluntary employee turnover.  

Koelbel et al. (1991) developed the first explanatory model of NP job satisfaction using 

Herzberg’s dual-factor theory of job satisfaction and incorporated sociodemographic predictors 

of job satisfaction that were classified as “individual differences.” Koelbel et al. ’s (1991) 

individual differences were comprised of sociodemographic predictors thought to be specific to 

NP job satisfaction such as age, tenure, gender, race, education, work experience, employment 

status, specialty area, and community setting (Koelbel et al., 1991).  

Based on the available literature surrounding NP job satisfaction, the individual 

differences included in Koelbel et al.’s (1991) explanatory model of NP job satisfaction have 

been updated to incorporate NP differences as outlined in the Model of NP Voluntary Turnover 

(see Figure 2). Nurse practitioner differences were classified into similar categories as Koelbel et 
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al.’s (1991) with the addition of marital status. Nurse practitioner differences are the individual 

NP's demographic and professional characteristics, including age, tenure, gender, race/culture, 

marital status, education, work experience, employment status, specialty, and practice setting 

(see Figure 2). The following will review what is known about NP differences and will elucidate 

the importance of each predictor in the context of current NP job satisfaction literature and 

within the conceptual model.  

Age. Historically, seminal literature surrounding the topic of job satisfaction has found 

that age is positively correlated with employee job satisfaction (Price, 2001; Price & Mueller, 

1981). Freeborn et al. (2002) found that primary care providers were more satisfied the longer 

they had been working at an organization, which was positively correlated with employee age. 

Price and Mueller (1981) argued that underlying factors associated with younger employee age 

were actually attributed to factors of employee dissatisfaction evidenced by increased job 

routinization, less promotional opportunity, and lower salaries than older employees within the 

same organization.   

The incorporation of age varies among the NP literature and reveals conflicting evidence.  

Koelbel et al.’s (1991) explanatory model of NP job satisfaction included age after finding age to 

be a significant predictor of NP job satisfaction. Pron (2013) found a weak association between 

age and job satisfaction, and Bumbach (2016) and Hagan & Curtis (2018) did not find age to be 

a reliable predictor of NP job satisfaction in their studies.   

However, literature suggests that NPs who are approaching retirement age may be of 

particular interest to the nursing profession (DeMilt et al., 2011). In addition to being a predictor 

of job satisfaction, DeMilt et al. (2011) found the most common reason influencing NP voluntary 

turnover intention was when dissatisfied NPs were planning to retire in the next three to five 
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years. Falk et al. (2017) extended DeMilt et al.’s (2011) study by finding that NPs over the age 

of 54 who were very satisfied with their jobs were less likely to retire in the next five years than 

NPs who were dissatisfied with their jobs. Han et al.’s (2018) systematic review concluded that 

there is an urgent need to investigate the relationship between age, generational attitudes, and NP 

job satisfaction among an aging population of nurses. Since the average age of an NP in the 

United States is 49 years old (AANP, 2019), age is a demographic reality of predicting the 

voluntary and involuntary turnover intentions of NPs. However, a lack of evidence and weak 

associations in the existing literature may prove age to be less important than other NP 

differences.  

Gender. Historically, females are more likely to leave employment more frequently than 

males as a result of family obligations and a less traditional career ladder (Marsh & Mannari, 

1977). Previous turnover work suggests professions with a higher proportion of females are 

associated with higher voluntary turnover rates (Baron et al., 1986). In a national study of NPs, 

Bumbach (2016) discovered that male NPs were slightly more satisfied than female NPs and 

suggested future job satisfaction research is needed to evaluate gender differences based on 

similar practice specialties and gender expectations.   

Since salary and benefits are considered to be stronger predictors of NP job satisfaction, 

the existing gender-wage gap among NPs remains a considerable concern. The gender wage gap 

in the NP population is still disparate. Greene et al. (2017) found that male NPs earn much more 

than female NPs with similar education and work experience. Greene et al. (2017) surveyed 6591 

NPs working full-time from around the United States and discovered new graduate male NPs 

made $7,405 more than new graduate female NPs. The gender-wage gap amplified over time.  

Male NPs eventually earned, on average, $12,859 more annually than their female colleagues 



 

65 

 

across all specialty areas after adjusting for NP differences. Greene et al. (2017) reported that 

white male NPs were twice as likely to have a doctorate in nursing than white female NPs.  

However, in a national survey of more than 13,000 NPs, Li et al. (2018) did not find education 

level to be associated with pay.   

Muench et al. (2015) studied a national sample or RNs and found that male RNs made 

$5,000 more annually than female RNs. The difference could not be explained by differences in 

work experience, time taken for childrearing, or even physical strength. Muench et al. (2015) 

attributed the differences in pay to career aspirations because men were more willing to change 

their job for higher pay. These results suggest that child-rearing, career aspirations, and other 

factors affecting the gender-wage gap still need to be evaluated in relation to NP job satisfaction. 

Additionally, males have historically been underrepresented in general nursing and NP related 

workforce studies (DeMilt et al., 2011). As the number of male nurses entering the nursing 

profession increases, it is important to evaluate gender differences and investigate gender 

influence on NP job satisfaction and NP voluntary turnover.  

Marital Status. Bumbach (2016) found significant gender differences among NPs who 

were married and those who were not. Male NPs were more likely to be married than female 

NPs, but NPs who were married were only slightly more satisfied with their jobs than NPs who 

were not married (Bumbach, 2016). Similarly, Koelbel et al. (1991) did not find marital status to 

be a predictor of NP job satisfaction but did find that NPs with children were more satisfied. 

Scheduling and family-work balance satisfaction did emerge as predictors of McCloskey and 

Mueller’s (1974) Nurse Satisfaction Scale (MMNSS) but did not emerge as predictors in 

Misener and Cox’s (2001) Nurse Practitioner Job Satisfaction Scale (MNPJSS). DeMilt et al. 

(2013) concluded that problems with family-work balance were often associated with NP job 
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satisfaction, and Cheng et al. (2014) found marital status and family responsibilities to be 

stronger predictors of both NP job satisfaction and NP voluntary turnover intention. These 

findings suggest that although marital status is a possible predictor of NP job satisfaction, the 

concept of marital status has been measured and interpreted in a variety of ways. Marital status 

should be defined with clarity in this and in future studies. For this study, marital status is 

defined the state of either being married or not being married (Merriam-Webster, n.d.a). 

Race/Culture. Cultural background, race, and ethnicity are known to be strong 

influences of employee values and have historically been predictors of employee job satisfaction 

(Porter & Steers, 1974; Marsh & Mannari, 1977). There is less evidence to support race as a 

strong predictor of NP job satisfaction. Non-white or Hispanic NPs were found to be less 

satisfied with their jobs than white NPs (Bumbach, 2016). However, non-white and Hispanic 

NPs made, on average $2,401 more a year than white NPs while accounting for NP differences 

(Greene et al., 2017).   

Work Experience. Tri (1991) found that NPs with less than two years of experience 

were less satisfied with their jobs. Kacel et al. (2005) found new graduate NPs with less than one 

year experience were the most satisfied with their jobs, but the level of job satisfaction quickly 

diminished the longer the NP practiced until job satisfaction plateaued between years eight and 

eleven. After year eleven, job satisfaction slowly and steadily increased over time (Kacel et al., 

2005). Faraz (2017) identified the first year after graduation as a critical period of transition for 

novice NPs. Barnes (2015) suggested that poor transition experiences related to personal and 

environmental factors can lead to frustration, discontent, lower job satisfaction, and increased 

levels of NP voluntary turnover. New graduate NPs who have access to fellowship training after 
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graduation have expressed increased job satisfaction and higher retention rates than those who 

did not have a formalized transition to practice (Bush & Lowery, 2016; Wilcox et al., 2016). 

Bumbach (2016) found that NPs who worked 15 years or more had greater levels of job 

satisfaction than those NPs who had been working for less than 15 years. Bryant-Lukosius et al. 

(2007) reported that years of experience in oncology was a sign of increased confidence that was 

also positively correlated with NP job satisfaction. It is also possible that job satisfaction 

increases with prolonged work experience as a result of increased salary and benefits (Kacel et 

al., 2005). These findings indicate that increased time in the NP role may be positively correlated 

with NP job satisfaction after a certain amount of work experience is obtained. 

Education. There has been conflicting evidence as to whether or not a nurse’s level of 

education has predicted job satisfaction in the general nursing literature (Coomber & Barriball, 

2007). The role of educational attainment in nursing job satisfaction has been inconsistent, and 

there has been little consensus as to whether or not conflicting findings are the result of 

methodological variability and study design (Coomber & Barriball, 2007). Findings are similar 

in studies investigating the association between education level and NP job satisfaction. Koelbel 

et al. (1991) did not find a relationship between education level and NP job satisfaction but did 

find a strong correlation between the job satisfaction of NPs who had obtained national 

certification. In one national study of NPs (n = 8,311), there were no consistent relationships 

between an NP’s level of education and job satisfaction (Athey et al., 2016). Falk et al. (2017) 

found that NPs over the age of 54 with less than a master’s degree were more likely to retire 

earlier than those NPs of the same age with a master’s degree. Additionally, personal fulfillment 

of the NP’s highest level of education and training may be associated with job satisfaction (Kacel 

et al., 2005). With more than 99% of nurse practitioners in the United States holding at least a 
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Master’s degree in nursing (AANP, 2019) and with more NP programs offering the Doctor of 

Nursing Practice as the entry-level degree to APRN practice, highest level of nursing education 

may be an emerging predictor of job satisfaction in the NP population. Still, there is a lack of 

evidence to support educational level as a predictor of job satisfaction since it may also be 

associated with professional growth, age, and work experience.  

Employment Status. Full or part-time employment status is an under-researched area of 

NP job satisfaction.  Falk et al.’s (2017) study revealed opposing findings. Falk et al. (2017) 

found nurses over the age of 54 who were working part-time intended to retire earlier than those 

who were working full-time. Employment status may have been attributed to NPs needing full 

employee benefits, specifically health insurance coverage. However, the same study revealed 

that collectively, NPs who worked part-time had lower turnover intentions than NPs who worked 

full-time (Falk et al., 2017). Mahoney et al. (2018) confirmed that part-time employment 

increased NP job satisfaction. Overall, there is inconclusive evidence to support employment 

status as a strong predictor of NP job satisfaction and Np voluntary turnover.  

Specialty. More than 87% of NPs are certified in primary care, and more than 72% of all 

NPs in the United States deliver primary care (AANP, 2019).  For NPs, practice specialty has 

historically been divided into two major categories, primary care and non-primary care (Coombs, 

2015).  However, some NP’s obtain additional training and provide specialty care across several 

primary care, internal medicine, surgical, and additional specialties and subspecialties. Nurse 

practitioners working in primary care on average have reported the highest levels of autonomy, 

but lower salaries (Athey et al., 2016; Faris, 2017; Greene et al., 2017). While NPs working in 

specialty clinics earned 7.1% more on average than their primary care NP colleagues, their 

overall job satisfaction was not found to be significantly higher (Li et al., 2018), but Bumbach 
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(2016) found there to be no significant differences between specialty area and NP job 

satisfaction. However, Mahoney et al. (2018) found NPs working in internal medicine were 

significantly less satisfied with their jobs. Since autonomy and salary are well-known predictors 

of NP job satisfaction, practice specialty may be moderately correlated with other predictors of 

NP job satisfaction (Athey et al., 2016, Freeborn et al., 2002; Greene et al., 2017; Kacel et al., 

2007; Mahoney et al., 2018, Poghosyan et al., 2016; Pron, 2013; Spetz et al., 2017).     

Practice Setting. Practice settings vary by region, organization, and types of settings 

including ambulatory, hospital, long-term care, and public health practice settings. In general, 

practice setting has only been marginally found to contribute to overall NP job satisfaction 

(Athey et al., 2016). The literature investigating practice setting and NP job satisfaction varies in 

strength, and many practice settings remain largely unexplored. 

Nurse practitioners working in the hospital and long-term care facility settings tend to 

work longer hours, which may be associated with higher amounts of workload and job 

dissatisfaction than in ambulatory settings (Bae & Champion, 2016). In rural settings, levels of 

job satisfaction for rural NPs were not found to be significantly different than NPs working in 

non-rural settings (Bae, 2016). However in a different study using the same data set, rural NPs 

were more satisfied with their work and were less likely to leave their position than their urban-

based colleagues (Spetz et al., 2017). There were no significant differences in overall job 

satisfaction between NPs in retail versus traditional practice settings (Lelli et al. 2015). Oncology 

NPs were found only to be minimally satisfied with their jobs (Bryant-Lukosius et al., 2007). 

Mahoney et al. (2018) found significant job satisfaction differences among various practice 

settings, but with small effects. According to DeMilt et al. (2011), a majority of NP job 
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satisfaction research has been conducted in the primary care setting which leaves the variable of 

NP practice setting as an area for further investigation.  

In summary, little is known about the relationship between NP differences and NP job 

satisfaction and NP voluntary turnover. While age, specialty, and practice setting seem to contain 

the strongest amount of evidence, the findings are inconsistent. It is very possible the 

inconsistency is a result of numerous strongly correlated predictors. Further investigation is 

warranted to determine the significance of demographic and other differences in the NP 

population.  

Synthesis of Major Findings from the Review of Literature 

The third and final section in this chapter discusses the synthesis of major findings from 

the review of literature. The synthesis of major findings is separated into two parts. The first part 

will summarize the major findings related to NP job satisfaction and the second part will 

summarize major findings related to NP turnover. Both parts present the major weaknesses in the 

literature.  

NP Job Satisfaction 

Table 4 provides a brief overview of the NP job satisfaction and voluntary turnover 

intention articles presented in chapter 2. There were 28 articles that investigated NP job 

satisfaction. Only 11 of the 28 articles investigated both NP job satisfaction and NP voluntary 

turnover intention. The most frequently used framework was Herzberg et al.’s (1959) Dual-factor 

theory of job satisfaction. The most frequently used instruments were the Misener Nurse 

Practitioner Job Satisfaction Scale (MNPJSS), the Nurse Practitioner Primary Care 

Organizational Climate Questionnaire (NP-PCOCQ), and the 2012 National Sample Survey of 

Nurse Practitioners (NSSNP). 
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Table 4 

Overview of NP Job Satisfaction & Voluntary Turnover Intention Articles 

 
Author & Year Setting & 

Population 

Sample 

Size 

Outcome 

Variable: 

Job 

Satisfaction 

Outcome 

Variable: 

Turnover 

Type 

Design/Framework/Instrument 

Athey et al. (2016 U.S/NPs n = 8311 X  NSSNP 

Bae (2016) 

 

Rural U.S./NPs n = 9010 X  HDFTJS; NSSNP 

Bae & Champion 

(2016) 

U.S/NPs n = 9010 X  NSSNP 

Bumbach (2016) 

 

U.S/NPs n = 8,978 X  HDFTJS; NSSNP 

Bush & Lowery 

(2016) 

 

FL/NPs n = 254 X  MNPJSS 

Faris et al. (2010) Veteran’s 

Affairs 

Sites/NPs 

n = 1,983 X  MNPJSS 

Kacel et al. (2005) 

 

Midwestern 

U.S./NPs 

n = 147 X  HDFTJS 

Karlin et al. (2002) Unspecified/Ge

riatric NPs only 

 

n = 36 X  POMS 

Koelbel et al. 

(1991) 

 

MN/NPs n = 146 X  HDFTJS 

Misener & Cox, 

2001 

2 unspecified 

U.S. states/NPs 

n = 342 X  HDFTJS; MMSS 

Miller et al. (2005) 

 

U.S. & Virgin 

Islands/NPs 

n = 196 X  HDFTJS 

Pasaron (2013) Author’s place 

of 

employment/NP

s 

 

n = 17 X  HDFTJS 

Ryan & Ebert 

(2013) 

 

KS & MO/NPs n = 122 X  MNPJSS; HDFTJS 

Scheistel (2007) AZ/NPs n = 329 X  MNPJSS 

Steinke et al. 

(2018) 

U.S & 

International/N

Ps 

 

n = 1690 X  MNPJSS 

Tri (1991) WA/ PCNPs 

only 

 

n = 373 X  APJSS; PCPEI 
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Table 4 – continued.  

Author & Year Setting & 

Population 

Sample 

Size 

Outcome 

Variable: 

Job 

Satisfaction 

Outcome 

Variable: 

Turnover 

Type 

Design/Framework/Instrument 

Wild et al. (2006) 

 

CA/NPs n = 66 X  MMSS 

Bryant-Lukosius et 

al. (2007) 

 

Ontario/ 

Primarily 

ACNPs 

 

n = 73 

 
X X 

“Turnover 

Intention” 

MNPJSS 

Cheng et al., 2014 

 
Federally 

funded family 

planning 

clinics/all 

APRNs 

 

n = 406 X X 

“Intention 

to 

Remain” 

PMCMVT 

DeMilt et al. (2011) U.S/NPs n = 254 X X 

“Intent to 

Leave” 

MNPJSS; ATS 

Falk et al. (2017) 

 
U.S/NPs age 

>55 

 

n = 7,131 X X 

“Intent to 

Retire” 

NSSNP 

Faraz (2017) U.S/Novice 

NPs 

 

n = 177 X X 

“Turnover 

Intention” 

MNPJSS; ATS; RAS; 

Confidence Scale 

Hagan & Curtis 

(2018) 
TX/NPs n = 315 X X 

“Intention 

to Leave” 

MNPJSS 

Lelli et al. (2015) 

 
AANP 

Conference in 

U.S./ PCNPs 

 

n = 310 X X 

“Intention 

to Leave” 

MNPJSS; DPBS 

Mahoney et al. 

(2018) 

 

U.S./NPs n = 6,720 X X 

“Turnover 

Intention” 
 

NSSNP 

Orava (2017) 

 

Toronto/ 

PCNPs only 

 

n = 273 X X 

“Turnover 

Intention” 

MNPJSS 

Poghosyan et al. 

(2016) 

 

MA/NPs n = 314 X X 

“Intention 

to Leave” 

MNPJSS; NP-PCOCQ 

Spetz et al. (2017) 

 
U.S./ Rural 

PCNPs only  
n = 9,010 X X 

“Intention 

to Quit” 

NSSNP 

Note. Advanced Practice Job Satisfaction Survey (APJSS); Anticipated Turnover Scale (ATS) (Gerber et al., 1983); 

Confidence Scale (Grundy, 1992); Dempster Practice Behavior Scale (DPBS) (Bahadori & Fitzpatrick, 2009); 

Herzberg et al.’s (1959) Dual Factor Theory of Job Satisfaction (HDFTJS); Misener Nurse Practitioner Job 

Satisfaction Scale (MNPJSS); Mueller-McCloskey Satisfaction Scale (MMSS); 2012 National Sample Survey of 

Nurse Practitioners (NSSNP) (HRSA, 2014b); Nurse Practitioner Primary Care Organizational Climate 

Questionnaire (NP-PCOCQ) (Poghosyan, Nannini, Finkelstein, Mason, & Shafer, 2013); Price & Mueller’s Causal 

Model for Voluntary Turnover (PMCMVT) (1981); Primary Care Practice Environment Inventory (PCPEI); Profile 

of Moods States (POMS) (Karlin et al., 2002); Role Ambiguity Scale (RAS) (Rizzo, House, & Lirtzman, 1970) 
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Major Weaknesses in NP Job Satisfaction Literature 

The following outlines the major weaknesses identified in NP job satisfaction research. 

The major weaknesses are discussed in two major categories including inconsistent use of 

Herzberg et al.’s (1959) theory and the limitations of existing NP job satisfaction 

instrumentation. 

Inconsistent use of Herzberg’s Theory. Seminal studies related to NP job satisfaction 

provide foundational principles and insight into the phenomena of NP job satisfaction and 

turnover intention. Of the existing studies examining NP job satisfaction and NP voluntary 

turnover intention, only two studies investigated all three of the intrinsic motivators used to 

predict NP job satisfaction (Lelli et al., 2015; Mahoney et al., 2018). Many job satisfaction 

studies used only a portion of Herzberg et al.’s (1959) possible predictors. For example, a 

majority of national studies have primarily studied the relationships between sociodemographic 

factors and extrinsic hygienes of the work environment such as practice setting type, patient mix, 

number of hours worked, and pay (Greene et al., 2017; Spetz et al., 2017; Jones, 2018; Lie et al., 

2018; Xue et al., 2016). These studies overlooked the contributions of intrinsic motivators since 

intrinsic motivators are known to be some of the strongest predictors of job satisfaction (Athey et 

al., 2016; Kacel et al., 2005; Misener & Cox, 2001; Pogyhosan et al., 2016; Tri, 1991). Studies 

using Herzberg et al.’s (1959) theory should incorporate both intrinsic motivators and extrinsic 

hygienes in future research to increase understanding of the phenomena of NP job satisfaction. 

Inconsistent use of Herzberg et al.’s (1959) theory may be one of the primary reasons why there 

is no unified theory of NP job satisfaction to inform a general model of NP voluntary turnover 

intention. 
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From a historical perspective, Herzberg et al.’s (1959) dual-factor job satisfaction theory 

has relevance to NP job satisfaction and has traditionally served as the theoretical underpinning 

for most of the existing NP job satisfaction and turnover intention research. To date, more than 

two-thirds of the authors from the 28 articles found in this systematic literature review used 

Herzberg et al.’s (1959) dual-factor job satisfaction theory to inform their studies by way of 

either conceptualization or instrumentation (see Table 4). While the relationship between NP job 

satisfaction and NP turnover intention has been well-established, the applicability of Herzberg et 

al.’s (1959) dual-factor job satisfaction theory to NP turnover has not been confirmed. A 

majority of NP job satisfaction research does not specifically address voluntary turnover 

intention or voluntary turnover. However, the relationship between NP job satisfaction and 

voluntary turnover intention is strong enough to suggest Herzberg et al.’s (1959) theory could 

also be relevant to NP voluntary turnover (Han, Carter, Champion, & Jamail, 2018). 

Instrumentation. There are a variety of instruments that have been used to measure NP 

job satisfaction (see Table 4). The following will review the most commonly used instruments 

from the review of literature because of their influence on existing NP job satisfaction research. 

The most commonly used instrument, the Misener Nurse Practitioner Job Satisfaction Scale 

(MNPJSS), was initially developed to measure job satisfaction among PCNPs (2001). However, 

the MNPJSS has since been widely used in various NP populations, although not validated for 

use in those other NP populations (Misener & Cox, 2001). The MNPJSS started as a 77-item 

scale developed and mailed to a population of 413 NPs in two unspecified states. After an 

exploratory factor analysis using an item-to-factor loading minimum of .35, a total of 44 items 

loaded onto six factors titled intra-practice partnership/collegiality, challenge and autonomy, 

professional/social/community interaction, professional growth, time, and benefits. While 



 

75 

 

content validity was well-established and reliability was high with a Cronbach’s alpha of .96 for 

the full scale, the study sample only included PCNPs from two unspecified states. The MNPJSS 

is intended for use in the population of PCNPs, as the scale has not been validated for use in the 

general NP population. As displayed in Table 4, 11 of the 28 studies investigating NP job 

satisfaction reported they either used the MNPJSS as part of the study’s conceptualization or 

instrumentation (see Table 4). However, only four of these 11 studies specifically aligned their 

study sample with the instrument’s intended population of PCNPs (Lelli et al., 2015; Orava, 

2017; Poghosyan et al., 2016; Spetz et al., 2017). The MNPJSS needs further validation for use 

in other NP populations and raises questions about the quality and strength of studies using the 

MNPJSS to measure job satisfaction in NPs not working in primary care.   

The Nurse Practitioner Primary Care Organizational Climate Questionnaire (NP-

PCOCQ) (Poghosyan, Nannini, Finkelstein, Mason, & Shafer, 2013) was recently developed to 

measure the NP work environment and account for various organizational structures and scope 

of practice. The questionnaire combines various extrinsic hygienes and intrinsic motivators, such 

as physician relationships, organizational support and resources, autonomy and independent 

practice, administration relations, and professional visibility to describe the organizational 

climate of PCNPs. The NP-PCOCQ has only been validated in the primary care population of 

NPs, and while U.S. policy is focused on access to primary care, NP-PCOCQ is not 

generalizable to the entire population of NPs in the United States. Additionally, the NP-PCOCQ 

did account for NP job satisfaction's contemporary variables reflecting technological 

advancements of the twenty-first century, specific to telehealth use, team-based care, or value-

based care. More recent studies have used the NP-PCOCQ in conjunction with other 
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interprofessional frameworks to explore the NP perspective of the team-based work environment 

in an effort to bridge this gap (Poghosyan et al., 2017b). 

The 2012 National Sample Survey of Nurse Practitioners (NSSNP) was the first publicly 

available data set to represent a stratified random sample of 13,000 NPs from across the United 

States. Unlike the MNPJSS and the NP-PCOCQ, the 2012 NSSNP did account for more than just 

the population of PCNPs. The 2012 NSSNP public use data set created a ground-breaking 

opportunity to fill the generalizability knowledge gap by investigating NP job satisfaction using 

a large representative sample from across a variety of settings. Further development of the 

phenomena has been sluggish since HRSA published its initial NSSNP data set in 2012, and 

changes to policy and technology have created rapid advancements in the health care delivery 

system. The 2012 NSSNP did not collect specific information related to the NP working 

conditions, such as telehealth, team-based, or value-based care. The 2012 NSSNP has also 

quickly become antiquated due to the rapid growth of the NP workforce in the United States. It is 

estimated the number of licensed NPs in the US has increased from over 154,000 NPs in 2012 to 

more than 270,000 in 2019 (AANP, 2019). The AANP (2019) reported more than 28,700 NPs 

graduated from NP programs in the 2017-2018 year alone.  

The two major weaknesses identified in NP job satisfaction research were the 

inconsistent use of Herzberg et al.’s (1959) theory and instrumentation. The prevalent use of 

Herzberg’s dual factor theory of job satisfaction suggests its suitability for NP job satisfaction 

research but does not leave much room for other theories to reveal new perspectives on NP job 

satisfaction. Instrumentation has primarily focused on the job satisfaction of PCNPs, which may 

not be suitable for use when investigating the other 31% of NPs who do not provide primary care 

in the U.S (AANP, 2019). 
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To summarize NP job satisfaction research, some evidence suggested extrinsic hygienes 

(i.e., salary and benefits, interpersonal relationships, and administrative support) moderately 

predict NP job satisfaction. The other extrinsic hygienes (i.e., working conditions and practice 

policies) remain largely unexplored, which could be attributed to rapid changes in working 

conditions and practice policies. These predictors' strength varies from study to study, making it 

potentially difficult for organizations and employers to develop effective strategies to improve 

NP job satisfaction. A large number of possible predictors make it challenging to discern the 

most important predictors which could lead to specific and practical recommendations to 

improve NP job satisfaction. Even more recent studies studying NP job satisfaction did not 

include contemporary variables of NP job satisfaction reflecting technological advancements of 

the twenty-first century. 

Stronger evidence suggested intrinsic motivators (i.e., professional growth, autonomy, 

and value of work itself) are some of the strongest predictors of NP job satisfaction. When 

intrinsic motivators have been investigated, they have been consistent in predicting NP job 

satisfaction. Autonomy appears to be one of the strongest predictors of all the intrinsic 

motivators.   

Very little evidence suggested NP differences consistently predict NP job satisfaction. 

Many studies demonstrate inconsistent evidence or equivocal findings. The job characteristics of 

specialty and practice setting appear to be of particular interest to the research community, but 

many studies have produced inconsistent findings. These inconsistencies could be attributed to 

salary, patient population, and the various working conditions associated with certain specialty 

areas and practice settings.  
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Lastly, job satisfaction has historically played a central role in investigating NP turnover 

and has been found to have a strong relationship with NP turnover intention. There is no 

evidence to date to support the role of job satisfaction in the investigation of NP voluntary 

turnover. Still, extant literature in and outside of nursing suggests job satisfaction’s theoretical 

relevance in the investigation of larger turnover research.  

NP Turnover 

There is limited research investigating NP turnover in comparison to NP job satisfaction 

research. Historically, job satisfaction has been one of the most commonly studied predictors of 

NP turnover intention (Mitchell et al., 2001) because the level of NP job satisfaction has been 

found to be strongly associated with NP turnover intention. A majority of the studies found 

overall NP job satisfaction had a direct effect on voluntary turnover intention (Cheng et al., 

2014; Falk et al., 2017; Faraz, 2017; Lelli et al., 2015; Poghosyan et al., 2016; Spetz et al., 2017).  

Falk et al. (2017) found job satisfaction to be a significant predictor of intent to retire in 

NPs approaching retirement age, but not in NPs over the age of 60. This age cutoff may indicate 

unexplained predictors influencing the NP’s decision to leave due to involuntary reasons. Very 

little research explored the rapidly aging population of NPs, and if job satisfaction had any 

influence on retirement.  

Some evidence suggested extrinsic hygienes (i.e., salary and benefits, interpersonal 

relationships, and administrative support) moderately predict NP turnover intention. The other 

extrinsic hygienes (i.e., working conditions and practice policies) are continually evolving and 

remain underexplored. More robust evidence suggested intrinsic motivators (i.e., professional 

growth, autonomy, and value of work itself) are some of the strongest predictors of NP turnover 

intention. Intrinsic motivators have been relatively consistent in predicting NP turnover intention 
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in various NP populations throughout the literature. Like NP job satisfaction, very little evidence 

suggests NP differences consistently predict NP turnover. A majority of NP turnover intention 

studies demonstrated weaker and inconsistent findings concerning NP differences. 

Many NP turnover intention studies used predictors of NP job satisfaction in their studies. 

In a recent systematic review of NP job satisfaction and turnover, Han et al. (2018) identified a 

total of ten studies investigating NP job satisfaction. Of these ten studies, only two studies 

examined the relationship between NP job satisfaction and NP voluntary turnover intention (De 

Milt et al., 2011; Poghosyan et al., 2016). In this systematic literature review, the author 

identified an additional nine articles, for a total of 11 out of 28 studies which examined the 

relationship between NP job satisfaction and NP voluntary turnover intention (see Table 4) 

(Bryant-Lukosius, 2007; Cheng et al., 2014; DeMilt et al., 2011; Faraz, 2017; Falk et al., 2017; 

Hagan & Curtis, 2018; Lelli et al., 2015; Mahoney et al., 2018; Orava, 2017; Poghosyan et al., 

2016; Spetz et al., 2017).  

Table 5 lists the 11 articles that investigated the voluntary turnover intentions of NPs. All 

11 articles used predictors of job satisfaction. None of the articles directly measured NP 

turnover. Each study used various types of extrinsic hygienes and intrinsic motivators.  

Table 5 

Overview of NP Voluntary Turnover Intention Articles 
 

Author & Year Setting & 

Population 

Sample Size Extrinsic 

Hygienes 

Intrinsic 

Motivators 

NP Differences Analysis 

Type(s) 

Bryant-Lukosius 

et al. (2007) 

 

Ontario/ 

Primarily 

ACNPs 

 

n = 73 

 

Working 

Conditions  

Interpersonal 

relationships 

 

Not included Age 

Work 

Experience 

Specialty 

Practice setting 

 

Univariate, 

linear 

multiple 

regression 
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Table 5 – continued. 

Author & Year Setting & 

Population 

Sample Size Extrinsic 

Hygienes 

Intrinsic 

Motivators 

NP Differences Analysis 

Type(s) 

Cheng et al., 2014 

 

Federally 

funded 

family 

planning 

clinics/ 

APRNs 

 

n = 406 Working 

conditions 

Professional 

growth 

Age  

Education 

Work 

Experience 

Employment 

status 

Practice Setting 

Univariate  

DeMilt et al. 

(2011) 

U.S./NPs n = 254 Working 

conditions 

Benefits 

Interpersonal 

relationships 

Administrative 

Support 

Practice 

policies 

 

Professional 

growth 

Autonomy 

Age  

Gender 

Race 

Education 

Work 

Experience 

Employment 

status 

Univariate, 

Bivariate  

Falk et al. (2017) 

 

U.S./ NPs 

age >55 

n = 7,131 Working 

conditions  

Salary/benefits 

Interpersonal 

relationships 

Administrative 

Support 

Practice 

policies 

Not included Age  

Gender 

Marital Status 

Race 

Education 

Work 

Experience 

Employment 

status 

Specialty 

Univariate, 

Bivariate, 

& linear 

multiple 

regression  

Faraz (2017) U.S./ 

Novice 

NPs 

 

n = 177 Interpersonal 

relationships 

 

Professional 

growth 

Autonomy 

Age  

Gender 

Marital Status 

Race 

Education 

Work 

Experience 

Employment 

status 

Specialty 

Practice setting 

Univariate, 

Hierarchica

l linear 

regression 

Hagan & Curtis 

(2018) 

TX/NPs n = 315 Working 

conditions  

Salary 

Interpersonal 

relationships 

Administrative 

Support 

Practice 

policies 

 

Professional 

growth 

Autonomy 

Age  

Race 

Work 

Experience 

Specialty 

Practice setting 

Univariate, 

bivariate, 

linear 

logistic 

regression 
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Table 5 – continued. 

Author & Year Setting & 

Population 

Sample Size Extrinsic 

Hygienes 

Intrinsic 

Motivators 

NP Differences Analysis 

Type(s) 

Lelli et al. (2015) 

 

AANP 

Conferenc

e in U.S./ 

PCNPs 

 

n = 310 Working 

conditions  

Salary/benefits 

Interpersonal 

relationships 

Administrative 

Support 

Practice 

policies 

 

Professional 

growth 

Autonomy 

Work Itself 

Age  

Gender 

Race 

Education 

Work 

Experience 

Employment 

status 

Practice setting 

Univariate, 

Bivariate, 

linear 

logistic 

regression 

 

Mahoney et al. 

(2018) 

 

U.S./NPs n = 6,720 Working 

conditions  

Salary/benefits 

Interpersonal 

relationships 

Administrative 

Support 

Practice 

policies 

 

Professional 

growth 

Autonomy 

Work Itself 

Age  

Work 

Experience 

Practice setting 

Explorator

y factor 

analysis, 

linear 

logistic 

regression 

Orava (2017) 

 

Toronto/ 

PCNPs 

only 

n = 273 Working 

conditions  

Salary/benefits 

Interpersonal 

relationships 

Administrative 

Support 

Professional 

growth 

Autonomy 

 

Age  

Marital Status 

Education 

Work 

Experience 

Employment 

status 

Practice setting 

 

Univariate, 

Bivariate, 

linear 

multiple 

regression 

 

Poghosyan et al. 

(2016) 

 

MA/ 

PCNPs 

only 

n = 314 Working 

conditions  

Salary/benefits 

Interpersonal 

relationships 

Administrative 

Support 

Autonomy Age  

Gender 

Race 

Education 

Work 

Experience 

Employment 

status 

Practice setting 

 

Univariate, 

Bivariate, 

Hierarchica

l linear 

regression 

Spetz et al. (2017) 

 

U.S./ 

Rural 

PCNPs 

only 

n = 9,010 Working 

conditions  

Salary/benefits 

Practice 

policies 

Autonomy Practice setting Univariate, 

Bivariate 

 

 

All of the NP voluntary turnover intention articles used a portion or combination of 

intrinsic motivators or extrinsic hygienes, further supporting the relevance of Herzberg et al.’s 
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(1959) dual-factor theory of job satisfaction among the NP population. These findings support 

the utility of measuring NP voluntary turnover intention. At the same time, there is still an 

opportunity for organizations to increase retention efforts and may indicate NP voluntary 

turnover intention is a direct measure of NP attitudes.  

Investigating turnover intentions provides a proactive explanation of why the NP may 

potentially leave a position of employment. It is also practical for health care organizations and 

employers to assess NP attitudes while there is still an opportunity for the employer to increase 

NP retention efforts. NP turnover intention is also more amenable for research than actual 

turnover because the number of NPs who have considered leaving is presumed greater than the 

number of NPs who leave an NP position.  

All the studies in Table 5 investigated the turnover intentions of NPs and did not directly 

measure NP turnover. Sampling actual NP turnover is more complicated and is more difficult to 

predict than NP turnover intention because of relative frequencies and the effects of severe class 

imbalances (Kuhn, 2013). The phenomenon of turnover has traditionally been considered a 

“rare” but powerful event occurring in more infrequent circumstances that is of considerable 

interest due to the magnitude of the event and its significance to the community (Hom et al., 

2017). Measuring NP turnover provides valuable information as to the most salient reasons for 

leaving. Measuring NP turnover also provides health care organizations and employers with 

practical information to accurately measure future costs and the future supply and demand of 

NPs as a result of turnover rates. The lack of NP turnover research findings from the literature 

review supports the need to investigate NP voluntary turnover since it directly measures the self-

reported turnover behaviors of NPs.  
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Major Weaknesses in NP Turnover Literature 

The following outlines the major weaknesses identified in NP turnover research. The 

major weaknesses are discussed in three major categories. The three weaknesses are 

generalizability, inconsistency among existing models, and methodology.  

Generalizability. The existing evidence investigating the relationship between NP job 

satisfaction and voluntary turnover intention is weak (Han et al., 2018). Han et al. (2018) had 

several concerns about the lack of generalizability in more recent NP job satisfaction studies. 

Consistent with Han et al.’s (2018) findings, the current NP job satisfaction, and turnover 

intention literature has primarily used convenience sampling from smaller geographic locations 

around the United States and Canada (see Table 4). Steinke et al. (2018) looked at NP job 

satisfaction by surveying 1690 international NPs in 19 countries and had over a 75% response 

rate from NPs in the United States. However, Steinke et al. (2018) did not examine the 

relationship between predictors of job satisfaction and NP voluntary turnover intention. 

DeMilt et al. (2011) were the first to evaluate predictors of NP job satisfaction and its 

relationship to turnover intention using a national sample of NPs, but the sample size was small 

(n = 254), and males were proportionally underrepresented. For example, only 2.4% of the 

sample was male, at a time when males made up more than 7% of the NP workforce in the 

United States (HRSA, 2014a). The difference in the study sample significantly underrepresents 

the estimated population of male NPs. Previous studies provide direction and valuable insight in 

determining the possible predictors of NP job satisfaction and turnover intention, but the strength 

of these studies is limited, and their findings may be largely attributed to the differences in 

APRN regulation across various geographic regions and practice settings throughout North 

America (Koelbel et al., 1991; Misener & Cox, 2001). While it is essential to recognize the needs 
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of NPs in specific regions and states and control for local differences, the author agrees with Han 

et al. (2018) by suggesting there is a pressing need to examine the relationship between NP job 

satisfaction and turnover intention using larger sample sizes across broader settings to inform a 

general model of NP voluntary turnover intention. 

Of the 11 studies investigating both NP job satisfaction and turnover intention, only three 

studies used a larger national sample (Falk et al., 2017; Mahoney et al., 2018; Spetz et al., 2017).  

Falk et al. (2017) studied job satisfaction and intent to retire in NPs greater than the age of 55, 

and Spetz et al. (2017) investigated job satisfaction and turnover intention in primary care NPs 

(PCNPs) only. Mahoney et al. (2018) examined NP job satisfaction and turnover intention by 

practice setting using intrinsic motivators and extrinsic hygienes. Still, they did not account for 

NP differences such as gender, race, education level, or employment status in their study.  

Additionally, Mahoney et al. (2018) did not measure the outcome of NP voluntary turnover 

intention using the predictor of overall job satisfaction, which may have been due to issues of 

multicollinearity. The Model of NP Voluntary Turnover displayed in Figure 2 highlights the 

incorporation of NP differences and overall job satisfaction, which are both considered relevant 

in the literature.  

Accessibility of National Data Resources. The lack of generalizability from the existing 

literature may be in part due to a lack of national NP data resources. To date, two major 

organizations have collected nationwide NP workforce data in the United States. The American 

Association of Nurse Practitioners (AANP) (2019) has deployed a national NP compensation 

survey and NP sample and practice-related survey separately on an alternating schedule of every 

four years. While items on the AANP surveys address NP job satisfaction, historically no items 

have addressed NP voluntary turnover, and while this data is available to the public, AANP 
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reports are primarily descriptive, and data sets are not accessible to the public for secondary 

analysis. The second organization to deploy a national NP survey was the United States 

Department of Health and Human Services’ (USDHHS) National Sample Survey of Nurse 

Practitioners (NSSNP) in 2012 and the National Sample Survey of Registered Nurses (NSSRN) 

in 2018. The 2012 NSSNP survey items included information on different aspects of NP job 

satisfaction in addition to overall NP job satisfaction and intent to leave, but it did not measure 

actual turnover.   

The USDHHS recently published the National Sample Survey of Registered Nurses 

(NSSRN, 2018) in January of 2020 and included a mix of new variables after combining 

elements of previous NSSRN questionnaires with elements of the 2012 NSSNP questionnaire to 

make one comprehensive nursing workforce survey. The redesigned NSSRN (2018) represented 

a stratified random sample of 25,889 NPs from across the US and was combined with items from 

the 2012 NSSNP to reduce redundancy (HRSA, 2018c). The 2018 NSSRN measures job 

satisfaction, voluntary and involuntary turnover intention, and voluntary and involuntary 

turnover behaviors. The phenomenon of NP voluntary turnover intention has been studied using 

Herzberg’s dual-factor theory of job satisfaction’s intrinsic motivators and extrinsic hygienes, 

but existing models are varied, and they have not been extensively validated in the presence of a 

variety of new health care delivery practices such as are telehealth, team-based care, and value-

based care (HRSA, 2018d). Like the 2012 NSSNP, the 2018 NSSRN measures overall job 

satisfaction and voluntary turnover intention of the NP, in addition to measuring involuntary 

turnover intention and voluntary and involuntary turnover of NPs. It is of note that the 2018 

NSSRN is the first national sample survey to include all four roles of advanced practice 

registered nursing recognized by The Consensus Model for APRN Regulation, Licensure, 
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Accreditation, Certification, and Education (NCSBN, 2008). The four roles of the APRN include 

NPs, certified nurse midwives (CNM), clinical nurse specialists (CNS), and certified registered 

nurse anesthetists (CRNA).   

Inconsistencies Among Existing Models. There is a lack of uniformity from one study 

to the next when modeling NP voluntary turnover intention. As evidenced by the review of 

literature, a large number of known predictors exist, which have contributed to the development 

of varying models of NP voluntary turnover intention, but there is no study using all the possible 

predictors known to be predictors of job satisfaction throughout the literature (see Table 5). The 

variations among existing models could be attributed to poor study design, excluding a known 

predictor variable in the original analysis, or smaller geographic study sampling. These 

inconsistencies indicate a need to develop a unified theory using a combination of the best 

variables that will be generalizable to a broader population of NPs. Additionally, there are no 

models of NP involuntary or voluntary turnover behavior.  

Methodology. There were no longitudinal studies located related to NP voluntary 

turnover research. Of the 11 studies investigating the relationship between NP job satisfaction 

and turnover intention, a majority of these studies used descriptive, bivariate, and linear 

regression, which may not be optimal for, or conceptually aligned with, cross-sectional data 

analysis when predicting decision-making outcomes such as voluntary turnover intention or 

voluntary turnover. Mobley et al. (1979) argued that bivariate correlates of employee turnover, 

particularly relating to job satisfaction, are not sufficient to elucidate employee turnover, and the 

phenomena would require well-developed explanatory models (Locke, 1969; Mobley, 1977; 

Porter & Steers, 1974; Price, 2001). Linear regression models have excellent predictive power 

but poor explanatory power for complex psychometric modeling. Since it is unlikely for NP 
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turnover to be unidirectional, continuous, and incrementally steady, it is also unlikely to predict 

NP voluntary turnover using only time-sequenced or causal analysis. Some of the existing 

general linear models within NP job satisfaction and voluntary turnover intention research lack 

interpretability. Although the concept of turnover intention has historically been characterized as 

a multi-stage process involving the voluntary departure of employees (Takase, 2010), employee 

intentions are discontinuous and intensify at different rates. An employee’s decision to leave may 

be manifested unexpectedly (Sheridan, 1985). Therefore, turnover attitudes and behaviors of NPs 

are not assumed to be unidirectional, continuous, or incrementally steady. 

Although a variety of variables have been used to examine NP job satisfaction and its 

relationship to NP voluntary turnover intention using traditional statistical methods, no study has 

examined the best possible variables of NP job satisfaction and turnover intention using non-

linear analyses. It was suggested by Wagner (2009) that non-linear modeling is best suited for 

turnover intention research, but it never made its way into mainstream nursing turnover research 

because it was associated with intricate mathematical analyses. The use of non-linear modeling 

in other studies justifies the need for robust, practical, and intuitive approaches to interpreting NP 

turnover (Alao & Adeyemo, 2013; Chang et al., 2007; Vevoda et al., 2016).   

Summary 

To date, there is moderate research investigating the numerous variables thought to be 

possible predictors of NP job satisfaction. Theoretical and instrumental inconsistencies weaken a 

large portion of the existing NP job satisfaction studies and there is no unified theory of NP job 

satisfaction to inform a generalized model of NP voluntary turnover intention. Additionally, 

there is limited research investigating the relationship between known predictors of NP job 

satisfaction and the attitudes associated with NP voluntary turnover intention.  
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NP voluntary turnover research lacks generalizability and has conceptual and 

methodological weaknesses. While the previous literature suggests there is still a need to develop 

a generalized model of NP job satisfaction and NP voluntary turnover intention, it appears there 

is also a large and pressing need to examine NP turnover behavior, since it remains largely 

unexplored. The 2018 NSSRN’s potential to measure the mostly unknown area of NP turnover 

augurs well for researchers interested in advancing this area of science.  

The population of NPs in the United States had increased by more than 50% since 2012 

when the original NSSNP (2012) was administered (AANP, 2019), indicating there may be new 

and emerging predictors of NP job satisfaction, NP voluntary turnover intention, and NP 

voluntary turnover associated with recent political and technological advancements in the United 

States. The 2018 NSSRN presents an opportunity to explore new variables of NP job satisfaction 

while directly measuring NP voluntary turnover in the presence of well-established predictors to 

inform future theory development.  
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CHAPTER 3 

METHODOLOGY 

The purpose of this study is to describe the voluntary turnover behaviors of NPs to 

inform a contemporary model of NP voluntary turnover. NP voluntary turnover behaviors are 

defined in Chapter 1 as dynamic leavers, static leavers, dynamic stayers, and static stayers. 

Herzberg’s dual-factor theory of job satisfaction provides the theoretical foundation for the 

conceptual model of this study and guided the research design. Research questions and design 

decisions are based on previous literature and are intended to address the research gaps identified 

in Chapter 2.  

This chapter proposes a secondary analysis of the data from the 2018 NSSRN. The 

research methods for the study are presented in two major sections. The first section will 

describe the history, background, and methods of the parent study, the 2018 NSSRN. The second 

section will provide a detailed overview of the current study design and the data analysis plan for 

each research question. Chapter 3 concludes by discussing the reporting guidelines, protection of 

human subjects, and proposed limitations of the research study.   

Parent Study: 2018 NSSRN 

As the longest-running survey of RNs in the United States, the NSSRN uses a 

population-based descriptive survey design. The NSSRN is considered a mainstay in 

governmental analysis and has been pivotal in health care system decision-making for decades 

(HRSA, 2018c). Since the first assessment in 1977, the NSSRN has been administered a total of 

ten times, with the 2018 version being publicly available in January of 2020. The 2018 NSSRN 

was commissioned by HRSA’s Bureau of Health Professions (BHPr) in collaboration with the 

U.S. Census Bureau and was administered by the National Center for Health Workforce Analysis 

(NCHWA). The NSSRN was congressionally mandated by the Public Service Act 42 U.S.C. 
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Section 294n(b)(2)(A) to provide information in response to societal and professional needs 

(HRSA, 2018d). The NSSRN traditionally reports on various aspects of RN demographics, level 

of education, licenses and certifications, and other employment characteristics used to identify 

workforce patterns and identify needs (HRSA, 2018c). The purpose of the NSSRN is to estimate 

the characteristics of the registered nursing and nurse practitioner populations at the U.S. state 

and national levels. 

Overview of the 2018 NSSRN 

In 2018, the NSSRN underwent a complete revision to include RNs and APRNS, to 

increase data collection efficiency, and to reduce the burden on survey respondents who are 

licensed as both RNs and APRNs (HRSA, 2018c). The 2018 NSSRN survey was modeled after 

questions from previous NSSRN surveys and the NSSNP distributed in 2012 (HRSA, 2014a). 

The previous 2008 NSSRN was reviewed, and changes were incorporated in the 2018 NSSRN to 

reflect the most recent changes in U.S. health care and align with best practices in survey 

methodology. Improvements to the 2018 NSSRN included frame reconstruction, sample 

selection, survey design, data collection operations, and the treatment of missing data (HRSA, 

2018d). HRSA designed the original 2012 NSSNP with consultation from national nursing 

stakeholders and nursing workforce researchers to reveal whether NPs were practicing to their 

fullest extent of education and training to inform health care workforce policy (HRSA, 2014a, 

HRSA, 2014b). The 2018 NSSRN combined select survey items from the previous 2008 NSSRN 

and 2012 NSSNP surveys to capture the broader RN and APRN workforce (HRSA, 2018c).  
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The 2018 NSSRN includes various questions related to the workforce and turnover 

variables presented in the review of literature. As displayed in Appendix B, the 2018 NSSRN 

Questionnaire is approximately twenty-four pages long and includes 11 major sections with a 

series of survey items (HRSA, 2018b). Table 6 outlines the major section topics and content 

contained in the 2018 NSSRN Questionnaire (HRSA, 2018d). The survey design of the parent 

study consists of sections that create highly complex branches of survey items. Some sections 

included all RN respondents, and others were specific only to the NP role.  
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Table 6 

 

2018 NSSRN Survey Sections 

 
Section Content 

A: Eligibility and education Initial nursing education following their first license, and education preparation for 

advanced practice nursing. 

B: Primary nursing 

employment 

The nursing position in which the nurse spent the largest share of their working 

hours on December 31, 2017 to include geographic location, employment setting, 

hours worked, level of care or type of work, patient population, clinical specialty, 

earnings and whether they have remained in this position since December 31, 

2017. 

C: Left primary nursing 

position held on December 

31, 2017 

For nurses that have left the primary nursing position held on December 31, 2017, 

this section contained questions on their reason for leaving the position, if they 

will continue to work in nursing, when they plan to retire from nursing and how 

long they expect to work in the geographic area of the primary nursing position. 

D: Remained in primary 

nursing position held on 

December 31, 2017 

For nurses that have remained in the primary nursing position they held on 

December 31, 2017. 

E: Secondary employment in 

nursing 

Employment settings, earnings, and the hours and weeks worked in secondary 

employment. 

F: Nurse practitioner Nurse Practitioner-specific work information such as areas of certification, 

characteristics of their patient population, billing and insurance, perceptions of and 

satisfaction with their work and the presence of physicians where they work. 

G: Nurses not working in 

nursing 

Intended only for nurses who were not working on December 31, 2017, this 

section included questions on their intention of returning to nursing and reasons 

for not working in nursing. 

H: Prior nursing employment Reasons for job change, geographic location of prior employment, and prior 

employment setting. 

I: National Practitioner Data 

Bank 

NP opinions and experiences with the National 

Practitioner Data Bank. 

J: License and certification 

detail 

Specific certifications and licensing information. 

K: General information The responding RN/NP’s demographics and other background information. 

L: Name and address 

information  

Correct name and address information. 

Note. Adapted from the 2018 NSSRN Technical Document (HRSA, 2018d) 
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Sample and Sampling Design 

To obtain a representative sample of RNs and NPs from across the United States, HRSA 

(2018d) obtained lists of actively licensed RNs from the nurse licensing boards of each of the 50 

states, including the District of Columbia, and from the National Council of State Board of 

Nursing (NCSBN). Since nurses can hold licenses in multiple states, the U.S. Census Bureau’s 

Personal Identification Validation System (PVS) assigned a unique person identifier within the 

records to identify and remove duplicates and reduce the chance of surveying RNs and NPs with 

licenses in multiple states (HRSA, 2018d). Duplicate records were sorted by a control number, 

and only the record with the latest expiration date remained eligible. Nine states did not report to 

NCSBN and reported directly to the U.S. Census Bureau (HRSA, 2018d). Licensing data was 

compiled during the 2017 year. The data were stratified by state and nursing licensure status, 

which has two levels, one for RNs without an NP license and one for RNs with an NP license. 

After allocating the proportion of RNs and NPs by state, licensed RNs and NPs were randomly 

selected from an unduplicated list using a stratified sample approach.  

Participants licensed as RNs and NPs from the U.S. were eligible. Records with inactive 

or expired licenses, incomplete addresses, and out of country addresses were deemed ineligible 

(HRSA, 2018d). Nurses who participated in the California Survey of Registered Nurses (CSRN) 

conducted by the California Board of Nursing (CBN) were also ineligible. After removing 

ineligible cases, the sampling frame consisted of approximately 4,485,011 records across all 

databases (HRSA, 2018d). After 833,700 duplicates were removed, the sampling frame consisted 

of approximately 3,651,311 unique cases (HRSA, 2018d). The sampling frame was sorted by 

age, sex, race, ethnicity, and geographic zip code to improve the distribution and increase the 

accuracy of the survey estimates (HRSA, 2018d).  
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There were two sampling strata for each state, stratum one for RNs without an NP license 

and stratum two for RNs with an NP license. In each stratum, two states that did not meet the 

minimum sampling requirements. Each stratum was assigned a minimum sampling rate and a 

margin of error (MOE) of at least 0.041, with a 50% response rate and a 95% confidence 

interval. The sampling design produced a total unweighted sample size of 102,890. Table 7 

represents a summary of the sampling design outlined in the 2018 NSSRN Technical Document 

(HRSA, 2018d).   

Table 7 

 

Summary of the 2018 NSSRN Sampling Design 

 
 Level 1 – RNs Level 2 - NPs 

Sample size 52,255 50,265 

Minimum sampling rate 0.0037 0.063 

States with a minimum sampling rate 2 

(CA, TX) 

2 

(FL, TX) 

States with a sampling rate = 1.0 0 6 

(DC, DE, HI, SD, VT, WY) 

Margin of Error (MOE) 0.041 0.041 

Minimum state sample size 765 357 

Maximum state sample size 1532 1561 

Average state sample size 1025 990 

Standard Error (SE) of national 

estimate 

0.0043 0.0044 

Coefficient of Variation (CV) for 

national estimate 

0.9% 0.9% 

Margin of Error (MOE) for national 

estimate 

0.0083 0.0086 

Note: Adapted from the 2018 NSSRN Technical Document (HRSA, 2018d) 

Weighting 

Sample weights were applied to the 2018 NSSRN data set to make the data set 

generalizable to the entire population of licensed NPs and RNs in the U.S. Base weights were 
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initially created by assigning the inverse of the probability for selection of each nurse for Strata 1 

and Strata 2 (HRSA, 2018d). Adjustments were applied by assigning all non-interviewed cases 

to a non-interview adjustment cell, and interviewed cases were weighted up as interviewers in 

each cell (HRSA, 2018d).   

Weights were trimmed right after the non-interview adjustments were made. Weights 

were trimmed to help lower the sampling variance and minimize the effect of RNs who 

responded in both strata. Cutoffs were set at seven times the median weight for each stratum in 

each state by balancing large weights with the number of trimmed weights. Second-stage 

adjustments were then made to increase the precision in the survey estimates among the 51 states 

(HRSA, 2018d). For each of the 51 states, there were 20 controls for the dimensions of RN, NP, 

sex, race, and age. The sampling design estimated a sample size of 102,690, with approximately 

52,255 RNs and 50,265 NPs. The 2018 NSSRN sampling frame was used to estimate a total 

projected frame size of 232,948 NPs nationwide (HRSA, 2018d).  

Data Collection 

Data were collected from April 30, 2018, through October 12, 2018, using random 

assignment to either a web-first or paper-first group (HRSA, 2018d). The web-first group was 

asked to respond using an online survey instrument, and the paper-first group received a paper 

questionnaire in the first wave of mailed surveys, which included a web survey URL and a 

unique login (HRSA, 2018d). There were three more waves of mailed surveys that were sent at 

prespecified times during the data collection period to both web-first and paper-first groups. The 

2018 NSSRN Technical Document (HRSA, 2018d) includes a detailed mail-out schedule. 

Potential respondents were sent up to eight invitations and/or reminders during the data 
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collection period (HRSA, 2018d). Respondents could also complete the survey via a toll-free 

telephone line with login assistance and language support. 

Data Management 

The 2018 NSSRN codebook (HRSA, 2018a) outlined the handling of survey variables 

and specifies details for data preparation. Each survey response was evaluated by the initial data 

collection team, and items were reviewed for missing and inaccurate data. The data set was 

initially cleaned and reviewed for outliers. Stepwise cleaning was applied to the data to clean any 

conflicting data or outliers. Upcoding procedures were then applied to the data set to standardize 

responses (HRSA, 2018d). Missing values were managed using “hot deck” imputation, which 

replaces a missing value with a response from a similar unit in an attempt to avoid nonsensical 

value replacement (Kalton & Kasprzyk, 1986). Hot deck imputation was used to maintain the 

sample size. Hot Deck imputation methods, outlined in the 2018 NSSRN (HRSA, 2018d), were 

used to create an ordered data set where the last observation is carried forward (LOCF).  

Missing values were replaced based on data from other licensed RNs and NPs in the 

same state by finding the first missing value and then imputing the missing value based on the 

value of the cell immediately preceding the missing value. More than ninety percent of the 

variables requiring imputation had imputation rates below 10%. One percent of all survey 

variables had an imputation rate greater than 20%. Backfill edits were applied to paper 

questionnaires when the respondent skipped a root item. Consistency edits were applied in 

addition to assigning a value of “.L” to legitimate skips.  

Results 

A total of 102,520 RNs and NPs responded to the 2018 NSSRN survey. Based on 

recommendations from Dillman et al. (2009), a mailing strategy with nonmonetary incentives 
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and details about how the data would be used were included in the invitation letter in an effort to 

maximize study response rates (HRSA, 2018d). About half of the sampled RNs in the 

nonmonetary incentive groups received an inscribed lanyard for participating. The other half of 

the sampled RNs served as the control group and did not receive the nonmonetary incentive 

(HRSA, 2018d). The unweighted response rate was 50.1%, and approximately 50,273 

participants completed the survey (HRSA, 2014b). Of the 50,273 respondents, 50,265 were 

eligible for the primary analysis. Of the 50,265 eligible respondents, a total of 25,889 

respondents self-reported as NPs with active certification, licensure, or other recognition to 

practice as an NP from a state board of nursing on December 31, 2017. 

Table 8 provides a brief summary of descriptive statistics in the Summary of Results from 

the 2018 NSSRN (HRSA, 2018c). The average age of a study participant was 48 years old, and 

over 90% of all the participants were female. These age and gender results are similar to the 

demographic report in AANP’s 2018 National Nurse Practitioner Sample Survey (NNPSS). One 

major difference between the two surveys was the median NP salary. The median base salary of 

full-time NPs who responded to the 2018 NSSRN was $99,962, while the national annual 

median wage of NPs in AANP’s 2018 NNPSS was $110,000 (AANP, 2019). 
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Table 8 

 

Summary of Results from the 2018 NSSRN (n = 50,273) 

 
Items Item Response Results 

Mean Age         47.9 years old  

Gender Female RNs 

Male RNs 

 

90.4% 

  9.6% 

Race White/non-Hispanic 

Hispanic/Latino 

Black/non-Hispanic 

Asian/non-Hispanic 

Other/multiple races 

 

73.3% 

10.2% 

  7.8% 

  5.2% 

  1.7% 

Education Initial nursing education 

     Diploma 

     Associate degree 

     Bachelor degree 

     Graduate degree 

Highest nursing and nursing-related education 

     Diploma 

     Associate degree 

     Bachelor degree 

     Graduate degree 

Masters degree 

Doctorate degree 

 

 

 11.4% 

 48.5% 

 39.3% 

   0.9% 

 

   6.4% 

  29.6% 

  44.6% 

  19.3% 

  17.5% 

    1.9% 

APRN License Type Nurse Practitioner (NP) 

Certified Nurse Specialist (CNS) 

Certified Registered Nurse Anesthetist (CRNA) 

Certified Nurse Midwives (CNM) 

 

  68.7% 

  19.6% 

    9.3% 

    2.4% 

Employment Status Full-time employment 

Part-time employment 

 

   71.6% 

   28.4% 

 

Telehealth in the workplace Yes 

No 

 

  32.9% 

  67.1% 

Median Full-time earnings  

 

 

Median Full-time earnings  

 

 

Median Full-time earnings  

Female 

Male 

 

Without a graduate degree 

With a graduate degree 

 

Nurse Practitioner (NP) 

Certified Nurse Specialist (CNS) 

Certified Registered Nurse Anesthetist (CRNA) 

Certified Nurse Midwives (CNM) 

$71,960 

$79,928 

 

$69,663 

$95,805 

 

$99,962 

$95,723 

              $161,076 

              $102,115 

Note. Data is from the 2018 NSSRN Brief Summary of Results (HRSA, 2018c). 
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Current Study: Methods 

This research study employed a cross-sectional, descriptive, and exploratory secondary 

data analysis using the NSSRN public use data set collected from actively licensed NPs in 2018 

(HRSA, 2018) to address the research questions of the study.  

Research Question 1: What are the characteristics of NP dynamic leavers, static leavers, 

dynamic stayers, and static stayers? 

Research Question 2: What characteristics best distinguish subgroups of dynamic leavers 

reporting similar NP differences, reasons for leaving, working conditions, and training topic 

needs? 

Research Question 3: What conceptual model best distinguishes dynamic leavers? 

Sample 

The current study sample included survey participants who self-identified as nurses with 

active certification, licensure, or other legal recognition to practice as an NP from a state board 

of nursing in the United States. Inclusion criteria for all participants included RNs who were also 

licensed as an APRN in the role of the NP. Participants were included if they were certified in an 

additional APRN role if they meet the criteria in survey item F1a as a licensed NP with active 

certification, licensure, or other recognition to practice as an NP from a state board of nursing on 

December 31, 2017. NPs who listed involuntary reasons for leaving or who did not provide any 

patient care were also excluded. Involuntary reasons for staying or leaving were determined by 

the definition of involuntary separations outlined by the Job Openings and Labor Turnover 

Survey (JOLTS), which defines involuntary separations as retirement and/or disability/illness 

(USBLS, 2020). Survey participants who indicated they were laid off, were also excluded. The 

rationale for excluding involuntary separations aligned conceptually with the investigation of 
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voluntary turnover. Additionally, as evidenced in Figures 4, 5, and 6, many cases were excluded 

for reporting involuntary reasons for separation. The inclusion and exclusion criteria supported 

the investigation of NP voluntary turnover and differentiated involuntary turnover as a separate 

population of NPs.  

Voluntary Turnover Groups 

 Voluntary turnover groups defined in Chapter 1 were dynamic leavers, static leavers, 

dynamic stayers, and static stayers and are further described below as subsets of the study 

sample.  

Dynamic Leavers. Dynamic leavers were defined as NPs who voluntarily left a primary 

nursing position of employment and continued to work in nursing. Dynamic leavers were 

identified by using the flowchart presented in Figure 4. Cases were filtered to include nurses with 

active certification, licensure, or other legal recognition to practice as an NP from a state board 

of nursing and left a primary nursing position of employment for voluntary reasons. There were 

approximately 919 unique cases in the dynamic leaver group who were still employed or self-

employed in nursing and were still providing patient care after leaving their primary nursing 

position of employment before December 31, 2017.  
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Total number of nurses licensed as RNs (ED_LCRN) 

(n = 50,273)  

F1a: Nurses with active certification, licensure, or 

other legal recognition to practice as a NP from a state 

board of nursing (NP_LCNP = 1) 

 (n = 24,936) 

 

B1: NPs employed or self-employed in nursing on 

December 31, 2017 (PN_EMPLYD = 1) 

 (n = 23,211) 

RNs not licensed as an NP  

(n = 25,337) 

NPs not employed or self-employed in 

nursing on Dec 31, 2017 

(PN_EMPLYD = 2) 

(n = 1,725) 

 
 

F10: Provided patient care (NP_PATCARE = 1) 

(n = 20,830) 

 
 

 

F13: Provided patient care to own panel of patients 

(NP_PANEL = 1) 

(n = 10,530) 

 

 

B28: Left primary nursing position held on December 31, 

2017 (PN_LFTWRK = 1) 

 (n = 1,198) 

 

Did not have own panel of patients 

(NP_PANEL = 2) 

(n = 10,300) 

Did not provide patient care 

(NP_PATCARE = 2) 

(n = 2,381) 

Stayed in position held on December 

31, 2017 (PN_LFTWRK = 2) 

 (n = 9,332)  

  
 

Yes 

No 

Yes 

No 

Yes 

No 

Yes 

No 

Yes 

No 

Voluntary reasons for leaving primary nursing position  

 

Total cases of Dynamic Leavers 

(n = 919) 

 

 

Yes 

Figure 4 

Flowchart for Identifying Dynamic Leavers  

 

Involuntary reasons for leaving 

primary nursing position 

 (n = 279)  

  
 

No 
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Static Leavers. Static leavers were defined as NPs who voluntarily left a primary nursing 

position and no longer worked in nursing. Static leavers were identified using the flowchart 

presented in Figure 5. Cases were filtered to include nurses with active certification, licensure, or 

other legal recognition to practice as an NP from a state board of nursing who left a primary 

nursing position before December 31, 2017, for voluntary reasons and were no longer employed 

or self-employed in nursing. There were 103 unique cases representing static leavers who left 

their primary nursing position of employment voluntarily.  
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Total number of nurses licensed as RNs  

(n = 50,273)  

B1: NPs not employed or self-employed in nursing on 

Dec 31, 2017  

(n = 1,725) 

RNs not licensed as an NP  

(n = 25,337) 

F1a: Nurses with active certification, licensure, or 

other legal recognition to practice as a NP from a state 

board of nursing 

 (n = 24,936) 

 

Yes 

No 

Yes 

No NPs employed or self-employed in 

nursing on December 31, 2017 

 (n = 23,211) 

 

 
 

G5a: NPs who have been employed or self-employed 

in nursing  

(n = 1,518) 

 
 

G1.3: NPs with no intention to work for pay in nursing 

 

(n = 673) 

 
 

 
 

Yes 

Yes 

NPs with the intention to return to nursing 

(n = 845) 

 
 

No 

Included only voluntary reasons for no longer working 

in nursing 

 

Total cases of Static Leavers 

(n = 103) 

 

 

No Included involuntary reasons for no longer 

working in nursing 

(n = 570) 

 
 

Figure 5 

Flowchart for Identifying Static Leavers  

 

Yes 

No NPs with the intention to return to nursing 

(n = 207) 
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Dynamic Stayers. Dynamic stayers were defined as NPs who voluntarily stayed in a 

primary nursing position but had considered leaving. Dynamic stayers were identified by using 

the flowchart presented in Figure 6. Cases were filtered to include nurses with active 

certification, licensure, or other legal recognition to practice as an NP from a state board of 

nursing who stayed in a primary nursing position for voluntary reasons. There were 4,062 unique 

cases of dynamic stayers who stayed in a primary nursing position but had considered leaving for 

voluntary reasons.  

Static Stayers. Static stayers were defined as NPs who voluntarily stayed in a primary 

nursing position and had not considered leaving. Static stayers were also identified using the 

flowchart presented in Figure 6. Cases were filtered to include nurses with active certification, 

licensure, or other legal recognition to practice as an NP from a state board of nursing who 

stayed in a primary nursing position of employment for voluntary reasons. There were 4,405 

unique cases of static stayers who stayed in a primary nursing position of employment and had 

not considered leaving.  
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Total number of nurses licensed as RNs (ED_LCRN) 

(n = 50,273)  

F1a: Nurses with active certification, licensure, or 

other legal recognition to practice as a NP from a state 

board of nursing (NP_LCNP = 1) 

 (n = 24,936) 

 

B1: NPs employed or self-employed in nursing on 

December 31, 2017 (PN_EMPLYD = 1) 

 (n = 23,211) 

RNs not licensed as an NP  

(n = 25,337) 

NPs not employed or self-employed in 

nursing on Dec 31, 2017 

(PN_EMPLYD = 2) 

(n = 1,725) 

 
 

F10: Provided patient care (NP_PATCARE = 1) 

(n = 20,830) 

 
 

 

F13: Provided patient care to own panel of patients 

(NP_PANEL = 1) 

(n = 10,530) 

 

 

B28: Stayed in position held on December 31, 2017 

(PN_LFTWRK = 2) 

 (n = 9,332)  

 

Did not provide patient care 

(NP_PATCARE = 2) 

(n = 2,381) 

 

Left primary nursing position held on 

December 31, 2017  

(PN_LFTWRK = 1) 

 (n = 1,198) 

  
 

Yes 

No 

Yes 

No 

Yes 

No 

Yes 

No 

Yes 

No 

D1: Considered leaving  

(RE_CNSRDLV=1) 

(n = 4,927) 
 

 

Yes 

Figure 6 

Flowchart for Identifying Dynamic Stayers and Static Stayers  

 

Did not have own panel of patients 

(NP_PANEL = 2) 

(n = 10,300) 

Never considered leaving 

(RE_CNSRDLV=2) 

Total cases for Static Stayers 

(n = 4,405) 

 (n = 1,198) 

  
 

Considered leaving for involuntary 

reasons only 

 (n = 865) 

  
 

Considered leaving for voluntary reasons only 

  
Total cases of Dynamic Stayers  

(n = 4,062) 

 

 

Yes 

No 

No 
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Precision Estimates 

 Table 9 contains the sample sizes, number of variables, and precision estimates for the 

sample's voluntary turnover groups. Standard errors (SE) and margin of errors (MOE) were 

calculated using the upper limits for categorical variables for the U.S. population estimate (p̂ = 

0.5). Precision estimates do not account for design effects from the sampling frame. The MOE 

was calculated to provide the estimated range of accuracy for each sample subset. 

 A total of 9,489 NPs comprised the current study sample. The estimated number of cases 

used to explore the characteristics of dynamic leavers, NPs who voluntarily left a primary 

nursing position of employment and continued to work in nursing was 919; MOE was 3.2%. The 

estimated number of cases for static leavers, NPs who voluntarily left a primary nursing position 

of employment and no longer work in nursing was 103; MOE was 9.6%. The estimated number 

of cases for dynamic stayers, NPs who voluntarily stayed in a primary nursing position of 

employment but had considered leaving was 4,062; MOE was 1.5%. The estimated number of 

cases for static stayers, NPs who voluntarily stayed in a primary nursing position of employment 

and had not considered leaving was 4,405; MOE was 1.5%.  

Table 9 

Precision Estimates for the Study Sample (n =9,489) 

Research Question 1 Sample Size # of Variables Standard 

Error (SE) 

Margin of Error 

(MOE) 

Dynamic Leavers n = 919 11 0.02 3.2% 

Static Leavers n = 103 7 0.49 9.6% 

Dynamic Stayers n = 4,062 11 0.01 1.5% 

Static Stayers n = 4,405 11 0.01 1.5% 
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Overview of Data Analysis Plan 

The primary statistical methods used in this study were descriptive statistics and an 

unsupervised data mining approach using a two-step cluster analysis. Descriptive statistics were 

used to describe the characteristics of the four NP voluntary turnover groups. The exploratory 

portion of the study identified subgroups of dynamic leavers to inform a contemporary model of 

NP voluntary turnover.   

Research Question 1 described the characteristics of the four NP voluntary turnover 

groups using descriptive statistics. Univariate descriptive statistics are valuable because they 

represent the research sample's characteristics and will increase understanding of each NP 

voluntary turnover group. Research Question 2 identified subgroups among the NPs who 

voluntarily left a primary nursing position of employment and continued to work in nursing and 

determined the characteristics that best distinguished those subgroups (i.e., dynamic leavers). 

Research Question 3 informed a contemporary model of NP voluntary turnover for the dynamic 

leaver group and used all the variables as potential model components.  

Data Analysis for Research Question 1 

Research Question 1: What are the characteristics of NP dynamic leavers, static leavers, 

dynamic stayers, and static stayers? 

Research Question 1 was descriptive and used the complex samples feature in SPSS to 

clearly describe the four NP voluntary turnover groups' individual characteristics. Specifications 

in SPSS were used to define subpopulations of NP voluntary turnover groups and compute 

frequencies and descriptive statistics for each of the four NP voluntary turnover groups in SPSS. 

The SPSS Complex Samples feature was used to account for the complex sampling structure and 

to handle the univariate data analysis, including frequencies, estimates, standard errors, 



 

108 

 

confidence intervals, design effects, population size, and unweighted counts for each variable 

and its corresponding values. The mean and confidence intervals for the average annual earnings 

from the primary position of employment were also reported.  

Variables Selection. A complete list of 11 demographic and job characteristic variables 

used to describe three of the four NP voluntary turnover groups were selected based on the 

Model of NP Turnover and the survey structure. Employment setting, employment status, 

average annual earnings from primary position, and overall job satisfaction for the static leaver 

group were not available for analysis. The variables were classified into the conceptual domains 

of NP differences and job satisfaction. The estimated number of total responses used to answer 

Research Question 1 is 35 (see Table 10). All the variables were nominal or ordinal levels of 

measurement, except for average annual earnings from primary position. The levels of 

measurement used in the study widely reflected how the variables were reported in the 2018 

NSSRN Codebook (HRSA, 2018a). 

Table 10 

Variables Selection: Demographics and Job Characteristics  

Conceptual 

Domain 

Variable Response Level of Measurement 

NP 

Differences 

Age ≤ 29 years  

30-39 

40-49 

50-59 

60-69 

≥ 70 years  

Ordinal 

NP 

Differences 

Gender Female 

Male 

Dichotomous 

NP 

Differences 

Marital status Married or in a domestic partnership 

Separated, Divorced, Widowed 

Never married 

 

Nominal 
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Table 10 – continued.  

Conceptual 

Domain 

Variable Response Level of Measurement 

NP 

Differences 

Race/Culture American  

Indian/Alaska Native  

Asian  

Black  

Native Hawaiian/ Pacific Islander 

White 

Some other race 

Multiracial  

Nominal 

NP 

Differences 

Highest level 

of nursing 

education 

Certificate award 

Bachelor’s degree 

Master’s degree 

Post-master’s certificate 

Doctorate – PhD 

Doctorate – DNP 

 

Nominal 

NP 

Differences 

Work 

experience as 

NP 

1982 or before 

1983-2015 

2016 or after 

Ordinal 

NP 

Differences 

Full or part-

time 

employment 

status 

 

Full-time 

Part-time 

Dichotomous 

NP 

Differences 

Employment 

setting 

Hospital (not mental health) 

Other inpatient setting 

Clinic/Ambulatory 

Other types of settings 

 

Nominal 

NP 

Differences 

NP 

Certification/P

opulation Foci 

Acute care, adult 

Adult  

Family 

Gerontology 

Pediatric 

Psychiatric & Mental health 

Other 

Not certified 

Nominal 

NP 

Differences 

Average 

annual 

earnings from 

Primary 

Position 

U.S. Dollars Continuous 

    

Job 

Satisfaction 

Overall Job 

Satisfaction  

Satisfied 

Dissatisfied 

Dichotomous 

 

Data Source: The National Sample Survey of Registered Nurses: Codebook (HRSA, 2018a)  
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Data Analysis for Research Questions 2 and 3 

Research Question 2: What characteristics best distinguish subgroups of dynamic leavers 

reporting similar NP differences, reasons for leaving, working conditions, and training topic 

needs? 

Research Question 3: What conceptual model best distinguishes dynamic leavers? 

Research questions two and three used data mining, machine learning techniques are 

briefly described to provide historical and methodological context for the study.  

History of Data Mining. Data mining is a process of finding patterns and correlations 

within large data sets to predict an outcome(s) (SAS, 2020a). Compared to more traditional 

research methods, data mining methods are a relatively new research paradigm. Born out of the 

technology and data explosion of the late twentieth-century, data mining has been adopted 

among a wide variety of disciplines because data mining can efficiently manage large amounts of 

highly complex data, often referred to as big data (Goodwin et al., 2003). Big data includes 

traditional and nontraditional data collection and comprehension techniques to process large 

volumes of data with highly complex variables manageable only with the use of a computer-

based system (Brennan & Bakken, 2015; Westra et al., 2015). Using advanced quantitative data 

analysis software, computer systems are programmed to learn from data, identify patterns, and 

make decisions using automated analytical model building techniques (SAS, 2020b). 

Quantitative sciences, which includes data mining, were recognized by the Idea Festival 

Advisory Committee (IFAC) of the Academy of Nursing Council on the Advancement of 

Nursing Science (AAN: CANS) as one of the emerging and priority areas for research-focused 

nursing doctoral programs because it has the potential to investigate and advance all other areas 

of nursing science using advanced statistical techniques (Henley et al., 2015).  
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While data mining has the potential to be “boundless” and “spectacular” (p. 155), Henly 

(2014) noted there had been some hesitancy for nursing researchers to adopt newer scientific 

paradigms such as data mining. Goodwin et al. (2003) recognized data mining as an opportunity 

to increase nursing knowledge. Still, they recognized that unstandardized language, missing 

variables, missing values, and overfitting data were some of the proposed challenges associated 

with employing modern data mining techniques.  

Traditional research paradigms typically use a deductive approach driven by a 

hypothesis, informed by pre-existing evidence that is either rejected or accepted based on the 

findings (McCormick & Salcedo, 2017).  In contrast, data mining proposes an entirely different 

research paradigm than classic statistical techniques. Data mining uses an inductive approach 

where there is no pre-existing hypothesis, and all the data is evaluated until there is evidence 

enough to include it (McCormick & Salcedo, 2017). Many data mining techniques will be 

missing most, if not all, classical statistical tests such as the omnibus test, goodness-of-fit, effect 

size, and significance tests (McCormick & Salcedo, 2017).  

Machine Learning. Data mining requires an alternate approach to finding and modeling 

interactions among the study variables, but all data mining approaches facilitate the discovery of 

meaningful relationships through an empirical research process. Supervised and unsupervised 

machine learning are two commonly identified data mining techniques (Ayodele, 2010). 

Supervised machine learning typically utilizes a set of historical data to predict similar problems 

in the future (Ayodele, 2010). Unsupervised machine learning problems focus on organizing a 

large set of data so it can be analyzed to make the data meaningful for interpretation. Based on 

the existing literature review and the unexplored variables available in the 2018 NSSRN data set, 
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the utilization of unsupervised classification machine learning was proposed to find meaningful 

patterns among the data.  

Two-Step Cluster Analysis. The modern two-step clustering approach used in this study 

was formally debuted by Chiu et al. in 2001. Chiu et al.’s (2001) original articulation of two-step 

cluster analysis has since undergone a series of refinements for various statistical analysis 

software programs (Garson, 2014). At the time of writing, the two-step cluster analysis was 

considered the most versatile compared to other clustering methods (Yu, 2010). Two-step cluster 

analysis, also known as “taxonomy” analysis (Garston, 2014), is an exploratory data analysis 

procedure used to discover and visualize meaningful patterns in large data sets while 

simultaneously managing continuous and categorical data. Managing categorical variables within 

a large data set is a distinct advantage of two-step clustering because the pre-clustering step 

scans all the cases individually and then applies a log-likelihood distance measure, which allows 

the second step to use the pre-clusters as a reference (Yu, 2010).  

Exploratory two-step cluster analysis was used to identify subgroups in the large and 

complex 2018 NSSRN data set. Two-step cluster analysis excels at exploratory analyses, which 

was considered ideal for potentially identifying new predictors of NP voluntary turnover within 

the 2018 NSSRN data set (HRSA, 2018f). The two-step cluster analysis used a combination of 

variables identified throughout the literature and occurred in the 2018 NSSRN as intrinsic 

motivators and extrinsic hygienes of NP job satisfaction and turnover intention. The exploratory 

two-step cluster analysis also incorporated new variables from the survey that applied to 

contemporary NP practice. 

This study's two-step cluster analysis incorporated the scale weights method outlined by 

Osborne (2011). Osborne (2011) highlighted the best practices for modeling with complex data 
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sets and recommended applying scale weights when statistical software is not advanced enough 

to manage the data set. The application of scale weights was found to be a reasonable alternative 

since SPSS does not have a feature to perform two-step cluster analysis with complex data. The 

analysis determined if there were clusters of dynamic leavers, the number of cluster groups, and 

the distinguishing characteristics for each cluster group. The final model was interpreted using 

visual analysis and variable importance to identify final clusters from the dynamic leaver group. 

I also performed hierarchical clustering using the predictors of importance from the model to 

create a dendrogram plot to visualize the relationships and similarities among the variables. The 

final model underwent validation procedures, which are explained in more detail in this chapter's 

model validation section.  

The methods used to answer the exploratory research questions required various 

resources to sufficiently complete the two-step cluster analysis using a complex sample in SPSS. 

The analytic procedures and interpretation of the analyses primarily followed the process 

outlined in Garson’s (2014) Cluster Analysis textbook for SPSS. The data analysis procedures 

employed some of the operational definitions and techniques outlined in IBM’s Two-step Cluster 

Analysis Guide (IBM, 2020) and IBM Complex Samples 26 (IBM, 2019a). Data management and 

data mining methodology were supplemented with preprocessing techniques and model fitting 

techniques outlined in Kuhn and Johnson’s (2016) Applied Predictive Modeling. Initial variables 

selection, data preparation, and analytic procedures are discussed in greater detail later in 

Chapter 3.  

Initial Variables Selection for Research Questions 2 and 3. Variables were selected 

and aligned with the conceptual framework. Research Question 2 required four separate cluster 

analyses, one for each set of variables: NP differences, reasons for leaving, working conditions, 
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and training topic needs. The analyses for Research Question 2 used an unsupervised data 

mining approach via two-step cluster analysis to determine the presence of clusters along with 

their respective sizes using scale weights in SPSS. A complete list of variable names, conceptual 

domains, response options, and their levels of measurement are presented for NP differences in 

Table 11 with nine variables, for reasons for leaving in Table 12 with 19 variables, for working 

conditions in Table 13 with seven variables, and for training topic needs in Table 14 with 12 

variables.  

Table 11 

Variable Selection: NP Differences 

Conceptual 

Domain 

Variable Response Level of Measurement 

NP Differences Age ≤ 29 years  

30-39 

40-49 

50-59 

60-69 

≥ 70 years  

Ordinal 

NP Differences Gender Female 

Male 

 

Dichotomous 

NP Differences Marital status Married or in a domestic partnership 

Separated, Divorced, Widowed 

Never married 

 

Nominal 

NP Differences Race/Culture American  

Indian/Alaska Native  

Asian  

Black  

Native Hawaiian/ Pacific Islander 

White 

Some other race 

Multiracial 

 

Nominal 

NP Differences Highest level 

of nursing 

education 

Certificate award 

Bachelor’s degree 

Master’s degree 

Post-master’s certificate 

Doctorate – PhD/DNP 

 

Nominal 
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Table 11 – continued. 

Conceptual 

Domain 

Variable Response Level of Measurement 

NP Differences NP work 

experience 

 

36 years or more 

3 to 35 years 

2 years or less 

Ordinal 

NP Differences Full or part-

time 

employment 

status 

Full-time 

Part-time 

Dichotomous 

NP Differences Employment 

setting 

Hospital (not mental health) 

Other inpatient setting 

Clinic/Ambulatory 

Other types of settings 

 

Nominal 

NP Differences NP 

Certification/

Population 

Foci 

Acute care, adult 

Adult  

Family 

Gerontology 

Pediatric 

Psychiatric & Mental Health 

Other 

Not certified 

Nominal 

Data Source: The National Sample Survey of Registered Nurses: Codebook (HRSA, 2018a)  
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Table 12 

Variable Selection: Reasons for Leaving 

Conceptual Domain Variable Response 

Extrinsic Hygiene/Salary & 

Benefits 

Better Pay/Benefits 

 

Absent/Present  

Extrinsic Hygiene/ Working 

conditions 

Burnout Absent/Present  

Intrinsic Motivator/Professional 

Growth 

Career advancement/promotion Absent/Present 

NP Differences Career change Absent/Present  

NP Differences Family caregiving Absent/Present  

Intrinsic Motivator/ Autonomy Inability to practice to the full extent of license Absent/Present  

Extrinsic Hygiene/ Working 

conditions 

Inadequate staffing Absent/Present  

Extrinsic Hygiene/ Interpersonal 

relationships 

Interpersonal differences with colleagues and 

supervisors 

Absent/Present 

Intrinsic Motivator/Professional 

Growth 

Lack of advancement opportunities 

 

Absent/Present 

Extrinsic Hygiene/ Interpersonal 

relationships 

Lack of collaboration/communication between health 

care professionals 

 

Absent/Present 

Extrinsic Hygiene/ Administrative 

Support 

Lack of good management or leadership Absent/Present  

NP Differences Length of commute Absent/Present  

Extrinsic Hygiene/ Working 

conditions 

Patient population contributed  Absent/Present  

Extrinsic Hygiene/ Working 

conditions 

Physical demands of the job Absent/Present  

NP Differences Relocation to a different area Absent/Present  

Extrinsic Hygiene/ Working 

conditions 

Scheduling or inconvenient hours Absent/Present  

Intrinsic Motivator/ Professional 

growth 

School or educational program Absent/Present  

NP Differences Spouse’s employment opportunities Absent/Present  



 

117 

 

Table 12 – continued.  

Conceptual Domain Variable Response 

Extrinsic Hygiene/ Working 

conditions 

Stressful work environment Absent/Present 

Data Source: The National Sample Survey of Registered Nurses: Codebook (HRSA, 2018a)   
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Table 13 

Variable Selection: Working Conditions 

Conceptual Domain Variable Response Level of Measurement 

Extrinsic Hygiene/ 

Working conditions 

Number of hours worked 

weekly, including overtime 

0-50 hours 

51 hours or more 

Dichotomous 

Extrinsic Hygiene/ 

Working conditions 

Patient panel size 

 

1-1500 patients 

>1500 or more 

 

Dichotomous 

Extrinsic Hygiene/ 

Working conditions 

% of time spent with limited 

English proficiency patients 

 

0-74% 

75% or more  

Dichotomous  

Extrinsic Hygiene/ 

Working conditions 

% of time spent charting patient 

care  

0-49% 

50% or more 

 

Dichotomous 

Extrinsic Hygiene/ 

Working conditions 

EHR use Yes 

No 

Don’t know 

 

Categorical 

Extrinsic Hygiene/ 

Working conditions 

Participates in team-based care Yes 

No 

N/A 

 

Categorical 

Extrinsic Hygiene/ 

Working conditions 

Telehealth use in the workplace Yes 

No 

Dichotomous 

Data Source: The National Sample Survey of Registered Nurses: Codebook (HRSA, 2018a)  
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Table 14 

Variable Selection: Training Topic Needs 

Conceptual Domain Variable Response 

Professional growth/Training 

topic needs  

Evidence-based Care Absent/Present 

Professional growth/Training 

topic needs 

Patient-centered Care Absent/Present 

Professional growth/Training 

topic needs 

Team-based Care Absent/Present 

Professional growth/Training 

topic needs 

Practice management & Administration Absent/Present 

Professional growth/Training 

topic needs 

Social determinants of health Absent/Present 

Professional growth/Training 

topic needs 

Working in an underserved community Absent/Present 

Professional growth/Training 

topic needs 

Caring for medically complex special needs patients Absent/Present 

Professional growth/Training 

topic needs 

Population-based health Absent/Present 

Professional growth/Training 

topic needs 

Quality improvement Absent/Present 

Professional growth/Training 

topic needs 

Value-based care Absent/Present 

Professional growth/Training 

topic needs 

Mental Health Absent/Present 

Professional growth/Training 

topic needs 

Other Absent/Present 

Data Source: The National Sample Survey of Registered Nurses: Codebook (HRSA, 2018a)  

 

Research Question 3: What conceptual model best distinguishes dynamic leavers? 

A two-step cluster analysis was used to answer Research Question 3. The variables used 

for Research Question 3 were a combination of all the variables used to answer Research 

Question 2 from Tables 11–14 and included nine variables representing additional model 

components in Table 15.  
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Table 15 

Study Variables Selected for Research Question 3 

Conceptual Domain Variable Response Level of Measurement 

Extrinsic Hygiene/Salary 

& Benefits 

Average annual earnings 

from primary position 

 

 

≤$100,000 

>$100,000 

Dichotomous 

 

Extrinsic Hygiene/ 

Interpersonal 

relationships 

Professional relationship 

with physician(s) 

Absent/Present Dichotomous 

Intrinsic Motivator/ 

Autonomy 

Practiced to full extent of 

knowledge and training 

Yes/No Dichotomous 

NP Differences  Dependents status Yes/No 

 

Dichotomous 

NP Differences  Completion of an NP 

Post-graduate residency 

or training program 

Yes/No Dichotomous 

NP Differences  Annual Household 

earnings 

≤ $200,000  

> $200,000 

Dichotomous 

 

NP Differences  Speaks additional 

language other than 

English 

English only/Additional 

language  

Dichotomous 

NP Differences  Military Status 

 

 

Active/Inactive Dichotomous 

 

 

Job Satisfaction Job Satisfaction Satisfied 

Dissatisfied 

Dichotomous 

Data Source: The National Sample Survey of Registered Nurses: Codebook (HRSA, 2018a)  
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Data Preparation for Two-Step Cluster Analysis. Data preparation and data analysis 

was conducted using the SPSS 26.0 Premium Grad Pack (IBM, 2019b). Before analyzing the 

data for the two-step analysis, the data had to be adequately prepared for analysis. Preparation 

steps included creating training and testing data sets, applying scale weights, modifying 

variables, checking for multicollinearity, and checking for outliers. 

Data leakage is often an unintended consequence of mishandling data or not following 

data analysis procedures using a systematic approach. To reduce data leakage, the data was 

prepared after the training and testing data sets had been randomly split. The process of 

randomly splitting and naming the two data sets was accomplished in SPSS and was the first step 

in data preparation for the two-step cluster analysis. The following sections provide an overview 

of the data preparation procedures for the two-step cluster analysis in SPSS after the data had 

been split into the training and testing data sets.  

Scale Weights. After creating the training and testing data sets, the data was prepared for 

analysis by applying scale weights. Scale weighting is the process of reducing the weighted 

survey data down to a finite number of respondents in the survey population. The scale 

weighting method is recognized as an adequate approach to managing complex samples when 

statistical software is not equipped to manage complex data sets (Osborne, 2011). While the 

utilization of statistical software with the capability to manage large and complex data sets is 

ideal, SPSS does not have a built-in algorithm for handling complex two-step cluster analyses. 

Scaling the weights before the analysis provided a reasonable alternative to managing a two-step 

cluster analysis in SPSS (Osborne, 2011).  

The parent study’s sample design applied replicate weights to estimate the 2018 NSSRN 

survey results to the entire population of NPs in the U.S. (HRSA, 2018e). The parent study's 
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estimation method was sampling with replacement and included the finite population correction 

(FPC). Therefore, a weighted plan file was applied to restrict the weighted sample of 56,265 NPs 

to the actual number of NPs who responded to the survey (n = 25,889), which reduced estimation 

bias in the current study.  

A weighted plan file was created in SPSS to adjust for the appropriate strata design 

variables from the parent study data set. The sample design was specified in SPSS using the 

single weight variable identified in the 2018 NSSRN Variance Estimation Guide as 

RKRNWGTA (HRSA, 2018e). A weighted to unweighted inflation ratio of 78.72 was used to 

create a new scaled weight variable. The newly created scale weight variable was created by 

dividing the final adjusted weight sample of RNs and NPs eligible to be included in the 

RKRNWGTA single weight variable. 

The data analysis preparation wizard in SPSS was used to create the plan file with the 

weights, strata, and estimation methods described above. In the final stage of the weighted plan 

file creation, the finite population correction (FPC) was included since the weights in the parent 

study were not scaled to the population size, as recommended in the IBM SPSS Complex Samples 

26.0 guide (IBM, 2019a). The scale weights estimation method used accounts for variances 

associated with simple random sampling, as recommended by Osborne (2011). While the scale 

weighting reduces variance, it does not account for design effects (DEFF). Design effects 

(DEFF) are adjustments made to original survey sample size resulting in a corrected population 

estimate when simple random sampling did not occur. The DEFF indicates the magnitude of the 

increases made in correction (Statistics-How-To, 2021). To increase the accuracy of the 

population estimates, the scale weights were also adjusted by the DEFF weight. More 

information is provided on how the design adjusted scaled weights were calculated in Chapter 4.  
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Variable Modifications. After the initial exploration of the data file using the Complex 

Samples Descriptives feature in SPSS, additional variable modifications were required prior to 

running the first cluster analysis. The data modification step had been repeated to accommodate 

other variables included in Research Question 3. Two-step cluster algorithms can manage 

multivariate variables in the analysis, and so modifications were made to simplify and 

consistently manage a wide variety of variables for interpretability. To improve the 

manageability of the variables and reduce multicollinearity, some of the variables were already 

collapsed across observations in the parent data set to achieve psychometrically accurate 

dichotomies and standardize the data for analysis. During the exploratory analysis, there was a 

need to further collapse some of these values to increase model performance because two-step 

clustering is known to be sensitive to unequal variances (Garson, 2014). The auto-cluster option 

in SPSS automatically standardized the variables for the analyses (IBM, 2019a). Therefore, 

scaling of variables was not indicated because the magnitude for each variable was of theoretical 

focus (Garson, 2014). The specific variable modifications that were made are presented in 

greater detail in Chapter 4. 

Multicollinearity. After selecting the relevant variables for each research question and 

modifying larger variables into smaller cases, the variables were then checked for 

multicollinearity. Multicollinearity is caused by including variables that are highly associated 

with each other. Strong associations among variables can confound the model and make it 

difficult to optimize model performance. To maximize precision within the models, the variables 

selected were as heterogeneous as possible (IBM, 2019a). Bivariate correlations were conducted 

before running the two-step cluster analysis in SPSS. Variables with a correlation coefficient 

greater than .75 were considered highly correlated and warranted theoretical modifications to the 
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initial variable selection each time a model was explored (Kuhn & Johnson, 2016). Checking for 

multicollinearity assisted in variable reduction for each research question and improved model 

fit. 

Outliers. Before running the analysis, the data set was checked for the presence of 

outliers. Two-step cluster analyses can be sensitive to the presence of outliers (Garson, 2014). 

While running the analysis in SPSS, there was the option to apply an “outlier treatment,” which 

was used to group the outliers into their own cluster automatically. A cluster of cases outside the 

mainstream data could represent a separately validated cluster group (Kuhn & Johnson, 2016).  

Assumptions for Two-Step Cluster Analysis. The statistical assumptions for a two-step 

cluster analysis were met. The primary assumptions needed to conduct a two-step cluster 

analysis are sample size, independence of observations, normal distribution, valid cases, and 

randomization. The following sections review each of the statistical assumptions required to 

conduct a two-step cluster analysis.  

Sample Size. Garson (2014) recommends two-step clustering be used for larger sample 

sizes and suggests a minimum of 200 cases in the study sample for two-step cluster analysis. The 

estimated sample size of NPs weighted was 56,265 and was 24,936 unweighted. There were 

24,936 nurses who self-identified as NPs with active licensure, certification, or other legal 

recognition to practice as an NP from a state board of nursing. The unweighted number of 

dynamic leavers for the analysis of Research Question 2 and Research Question 3 was 919 

(3.7%). After scaling with DEFF weights and propagating the data set to the weighted number of 

dynamic leavers was 3,819 (6.8%). The exact procedures used for scaled DEFF weights and 

propagation of the dataset are presented in greater detail as part of the data preparation for 

Research Question 2 and Research Question 3 in Chapter 4.  
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For Research Question 3, the study sample was randomly split into a training and testing 

set for model validation. The training set for Research Question 3 had 1,974 cases, and the 

testing set used for validation had 1,845 cases when randomly split at approximately 50%. The 

maximum number of initial variables used in Research Question 3 was 56. The maximum 

number of variables used for Research Question 2 and Research Question 3 met the minimum 

sample size criterion by having more than 10 times the number of cases for each variable used in 

the two-step cluster analysis in both the training and the testing data sets (van der Ploeg et al., 

2015). Variable reduction improved feature selection and decreased the number of variables used 

in each subsequent exploratory analysis. The precision estimates for Research Questions 2 and 3 

are presented in Table 16.  

Table 16 

Precision Estimates for Research Questions 2 and 3 

Research Question Sample 

Size 

# of Variables Standard 

Error (SE) 

Margin of Error 

(MOE) 

NP Differences  n = 919 9 0.02 3.2% 

Reasons for Leaving  n = 919 19 0.02 3.2% 

Working Conditions  n = 919 7 0.02 3.2% 

Training Topics  n = 919 12 0.02 3.2% 

Additional Variables  n = 919 9 0.02 3.2% 

Model (training set) n = 460 <56 0.05 4.6% 

Model (testing set) n = 459 <56 0.05 4.6% 

 

Independence of Observations. The independence of observations were confirmed by 

looking at the survey structure and visually analyzing the data. The log-likelihood distance was 

used to ensure the variables met the assumption of independence. In cluster analysis, binary log-

likelihood distances are calculated for variables with dichotomous values (Shih et al., 2010). 
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Since some of the analyses have more than two categorical values, the auto-cluster feature 

automatically accounts for independence in SPSS (Garson, 2014).  

Distribution. Variables with interval levels of measurement were assumed to have a 

normal distribution, and categorical variables were assumed to have a multinomial distribution to 

create a joint multinomial-normal distribution (IBM, 2020). The multinomial-normal 

distributions were met by looking at frequency tables and histograms for the selected variable 

sets. If distributional assumptions had not been met, the algorithm was still robust enough to be 

used for exploratory analysis since there are no significance tests (Garson, 2014; Norusis, 2008).  

Invalid Cases. Since it was assumed all the dynamic leavers who were sampled 

responded to the same number of questions, there should be homogeneity among the clusters. 

However, due to the broad landscape of the survey, the potential for invalid cases was still a pre-

processing consideration. All the variables used in the two-step cluster analysis had valid cases 

(IBM, 2019a). Pre-processing of the data was performed to ensure there were no invalid cases 

among the variables selected for use in Research Question 2 and Research Question 3.  

Randomization. Randomizing the order of cases is recommended but is less important in 

larger data sets and in two-step clustering (Garson, 2014). Once the training and testing data sets 

had been created, the cases from both data sets were randomly ordered. The Sampling Wizard 

feature in SPSS was used to create the randomized training and testing data sets (IBM, 2019a).  

Feature Selection. Feature selection is the process of selecting only the reasonable 

variables for final model building (McCormick & Salcedo, 2017). Feature selection was 

performed manually because the SPSS 26.0 Premium Grad Pack (IBM, 2019b) does not have a 

feature selection option built into the program. The goal of feature selection was to reduce the 

number of potential variables used in the final model. According to McCormick and Salcedo 
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(2017), every variable deserves an opportunity for inclusion within the model until there is 

sufficient evidence to leave it out. However, large data sets can sometimes find strong 

interactions among variables without any meaningful justification, this was a consideration for 

good quality models that lacked interpretability during the model evaluation stage. Variables 

thought to be theoretically relevant were not included in the final stages of modeling unless they 

are also found to be empirically relevant. The predictors of importance were evaluated visually 

using a skree plot in SPSS. As a general rule, feature selection for the analyses in Research 

Question 3 primarily incorporated a combination of variables with a minimum predictor of 

importance value ≤ 0.6 from the results for Research Questions 2.1-2.4 since this cut-off 

optimized fit (Kuhn & Johnson, 2016). 

Model Evaluation. Cluster analysis is a one-pass-through approach identifying the 

means of pre-cluster groups and then uses hierarchical clustering to group similar subgroups 

together in what are called “clusters” (Garson, 2014). The algorithm creates natural groupings of 

cases, which are represented by the best set of variables assigned for each group (IBM, 2019c). 

The SPSS algorithm automatically determined the number of clusters with the goal to obtain the 

best model performance via the cluster silhouette coefficient. Cluster comparisons were made 

throughout the data mining process. The process aligned with rigorous data mining techniques 

because it allowed for systematic attempts of data exploration and careful documentation to 

optimize model quality (Garson, 2014; McCormick & Salcedo, 2017).  

Ordering. The order of cases can affect cluster modeling. Therefore, the order of cases 

was initially randomized prior to the cluster analysis to ensure the data sequences were stable 

(Garson, 2014).  
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Parameters. The internal parameters used by the algorithm was the clustering criteria. 

The clustering criterion used was Schwarz’s Bayesian Information Criterion (BIC). After 

running the two-step cluster algorithm in SPSS, the number of subgroups and the percentage of 

cases were displayed along with the clustering criterion. The BIC automatically determined the 

optimal number of clusters in SPSS when the number of groups was not pre-specified. The 

lowest BIC coefficient indicated the optimal number of clusters for best model fit. The BIC is 

also the most appropriate coefficient for unsupervised machine learning (Yu, 2010). The BIC 

was also used to visually graph the number of subgroups and identify the optimal number of 

subgroups using a skree plot.  

Variable Treatments. After the number of clusters has been established the cluster 

groups were explored. Further exploration occurred using the cluster profiles and cluster 

distribution tables for each cluster group displayed in SPSS. A log-likelihood measure from the 

two-step cluster analysis placed probability distributions on the variables (IBM, 2020). 

Meaningful differences were reported using distance measures, which also determined the 

similarities between cluster groups. The BIC was used to compare variables and make model 

refinements. The model was optimized through proper model refinements and other variable 

treatments. SPSS generated a model summary and displayed a cluster quality graph. The cluster 

quality graph displayed the silhouette measure of cohesion and separation in SPSS, commonly 

known as the silhouette coefficient, which determined the quality of model fit (IBM, 2020).  

Model Fit. The silhouette coefficient was used to evaluate overall model fit. The model 

was considered to be of “good quality” when the silhouette coefficient was ≥0.5. The silhouette 

coefficient was also used to show the degree of separation between clusters. Choosing the best 

and final model was justified from an empirical perspective and then evaluated for meaningful 
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interpretation (McCormick & Salcedo, 2017). Therefore, a model of “good quality” with the 

greatest silhouette coefficient, and best interpretability was selected as the final model to answer 

Research Question 3. 

The number of cases and the number of variables used in the analysis also influenced 

model fit. While it is traditionally considered ideal to have a large sample size to increase power, 

there is a certain point where model accuracy can start to decrease as the sample size increases 

(Morgan et al., n.d.). A decrease in model accuracy as a result of a large sample size is often 

referred to as overfitting the data. Overfitting also occurs if there are too many variables, and 

then the model ultimately does not generalize to the population of interest (Kuhn & Johnson, 

2016). To create trustworthy estimates, model tuning and variable treatment were performed to 

prevent overfitting of the variables (Kuhn & Johnson, 2016). 

Underfitting the data can also occur when the sample size is not large enough, or there 

are too few variables in the model, which do not incorporate relevant variations in data and 

ultimately reduce power (Machine Learning Glossary [MLG], n.d.). Morgan et al. (n.d) 

suggested that identifying the presence of overfitting and underfitting of the model should ideally 

be approached on a case-by-case basis for machine learning studies. Since the sample size was 

larger for the training and testing sets, it did increase the risk for overfitting the model. However, 

the larger sample size still provided benefits such as establishing overall model validity.  

Model Validation. The final model selected from the training set used to answer 

Research Question 3 underwent validation using the testing data set. To meet the assumptions for 

two-step cluster analysis the 3,819 cases were randomly split into two approximately equal 

halves prior to the data preparation phase. The procedures outlined for the two-step cluster 

analysis was then replicated with the testing set. If there was a variable from the training model 



 

130 

 

that was not present in the testing model, only the variables in the testing model were used. In the 

event there was an extra variable or different variable of importance found in the testing model, 

the variable was evaluated for theoretical value and may or may not have been eliminated.   

Data Leakage. Models with extremely high accuracy levels can sometimes indicate data 

leakage. Therefore, model performance should be assessed with a healthy amount of reservation. 

Data leakage in machine learning is using known data and treating it as if it was unknown (Luo 

et al., 2016). If data leakage is present in the model, it creates an environment where the model 

performs very well in theory, but it fails to generalize in real-life situations (Kaufman et al., 

201prop1). The two major types of data leakage are outcome leakage and validation leakage. 

Outcome leakage is when a variable inherently predicts the future itself (Luo et al., 2016). Since 

this study is unsupervised, and there is no target variable, outcome leakage does not apply. 

Validation leakage is when information in the training set is used in the testing data set (Luo et 

al., 2016). Performing data preparation after splitting the training and testing data sets helps 

reduce validation leakage. Additionally, using a testing data set is ideal for reducing validation 

leakage because the cases in the testing data set are analyzed separate from the cases in the 

training data set (Machine Learning Mastery [MLM], n.d.). If data leakage is suspected, it would 

be considered a limitation of the study (Kaufman et al., 2011).  

Reporting of Results 

Transparent and reproducible reporting standards will be followed to ensure rigor and 

reproducibility. Reporting of the results will follow the scientific standards as outlined in the 

American Psychological Associations’ Journal Article Reporting Standards (JARS) for 

Quantitative Research in Psychology: The APA Publications and Communications Board Task 

Force Report (Appelbaum et al., 2018) (see Appendix E). Transparent reporting guidelines for 



 

131 

 

unsupervised machine learning could not be identified. Therefore, the study will follow Luo et 

al.’s (2016) Guidelines for Developing and Reporting Machine Learning Models in Biomedical 

Research, when applicable (see Appendix F). Additionally, the appendices include various 

supplemental documents to increase transparency and reproducibility for subsequent studies.    

Protection of Human Subjects 

Individual state and zip code information were removed by HRSA and the Census 

Bureau from the public use file, along with any personal information of individually licensed 

RNs and NPs. Participation in the 2018 NSSRN was voluntary and individual data was kept 

confidential by HRSA and The Census Bureau under Title 13 U.S.C., Section 9 (HRSA, 2018d). 

The public-use files underwent a full-disclosure process and were approved by the Census 

Disclosure Review Board (DRB) prior to being released for public use (HRSA, 2018d). The 

proposed study was submitted to Mercer University for IRB approval on January 6th, 2021 and 

was exempt from further review and approved on January 7th, 2021. A copy of the approval letter 

is in Appendix A.  

Study Limitations 

Some limitations exist in the proposed study. First and foremost, secondary analysis is 

inherently limited due to the researcher’s inability to develop the cross-sectional survey items a 

priori. The parent study has already predetermined the survey items, ordering of questions, and 

the creation of survey item responses on the 2018 NSSRN questionnaire. While the NSSNP 

(2012) data set allowed for the investigation of a majority of the intrinsic hygienes originally 

identified by Herzberg and throughout the NP job satisfaction and turnover research, value for 

work itself was not included in the redesigned 2018 NSSRN questionnaire. Therefore, only two 

of Herzberg et al.’s (1959) intrinsic motivators can be evaluated in this study using the 2018 
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NSSRN data set. The 2018 NSSRN survey structure is comprised of extensive survey segments 

making it difficult to make direct and meaningful comparisons with the exact same list of 

variables for each NP turnover group. Likewise, the survey structure limits the ability to combine 

certain variables because they result in missing values. Participants only responded to relevant 

survey items for their self-reported turnover groups. Ideally, the variables used to describe the 

four NP voluntary groups would have been homogenous for future comparison. For example, 

when answering the descriptive analysis of the static leaver group, it is not possible to filter the 

static leaver group to ensure they were providing direct patient care before leaving their primary 

nursing position of employment. The variations in participant responses within the different 

survey segments do place a limitation on what variables and data analysis methods will be used 

in the study to explore the four NP voluntary turnover groups.  

Many of the item responses on the NSSRN questionnaire use an ordinal scale with four 

points, and so some of the variables require a collapsing of variables. Operational definitions 

have already been defined by the parent study and may not be entirely congruent with study 

variables discussed in the literature review for this study. Cross-sectional surveys do not account 

for the influence of factors at different points of time, thus limiting the interpretability of the 

final model in comparison to robust growth curve models used in longitudinal studies (Muthen, 

2001).  

Additionally, data management for the 2018 NSSRN data set has already been conducted, 

which does introduce some limitations for secondary analysis. Missing values were already 

handled in the parent study. The 2018 NSSRN data set is a large-scale survey that already 

includes sampling weights from across the US, and analysis will need to account for a complex 

survey sample (Cheng & Phillips, 2014). Although scale weights will be applied to the data, this 



 

133 

 

complex data management approach does not compensate for design effects (Osborne, 2011). 

Future research studies incorporating two-step cluster analysis for this population may want to 

consider using software that is capable of processing complex data when it is readily accessible. 

Lastly, while there are many advantages to using data mining techniques in secondary analysis, a 

large sample size has the potential to “overfit” the model, which may result in confirmation bias 

and fail to generalize to the NP population (MLG, n.d.).  

Summary 

This chapter provided a brief history of data mining and background for unsupervised 

machine learning. The research setting and context for the parent study was reviewed along with 

the instrumentation, data collection procedures, response rate, data cleaning, outliers, missing 

values, and sample design for the parent study. The participants in this study represent a large 

and complex sample of licensed NPs from across the U.S. The proposed research will be an 

exploratory secondary analysis of the 2018 NSSRN public use data set (HRSA, 2018d) to 

describe NP voluntary turnover groups and explore subgroups of dynamic leavers. An overview 

of the data analysis was also provided, which included descriptive and two-step cluster analyses. 

In addition to providing an overview of the research design and the protection of human subjects, 

the data analysis plan for each research question was discussed. The study culminates with the 

development of a final model using only the most important predictors of NP voluntary turnover 

for the dynamic leaver group.  

 

 



 

134 

 

CHAPTER 4 

RESULTS 

This chapter presents the results from this cross-sectional, descriptive, and exploratory 

secondary analysis of the 2018 National Sample Survey of Registered Nurses (NSSRN). The 

data mining methods selected sought to find and model meaningful relationships among the 

study variables empirically. The study's purpose was to describe the voluntary turnover 

behaviors of NPs and inform a contemporary model of NP voluntary turnover.  

This chapter details complications that arose during analysis, data management, an 

overview of the analyses, and study results by order of the research questions. The results section 

begins by describing the characteristics of the sample, which includes all four NP voluntary 

turnover groups, followed by the results of each research question. The chapter culminates by 

providing a detailed description for each cluster solution, the criteria used for model selection, 

and a descriptive summary for the dynamic leaver cluster groups presented in the final models.  

Complications 

 Four complications were encountered during the data analysis phase requiring changes 

from the original proposal and are discussed in the order they were encountered. The first 

complication was identified when attempting to run the descriptive job characteristic information 

for the static leaver group. Sample estimates for the employment status, employment setting, 

average annual earnings from primary position, and overall job satisfaction variables were 

missing because the sample was directed to a different portion of the 2018 NSSRN survey after 

selecting they had left a primary position of employment and had no intention to return to work 

for pay in the questionnaire (HRSA, 2018b). The second complication was the inability to 

compute the annual earnings from primary position of employment variable as median income 
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using the SPSS Complex Samples feature. Annual earnings from the primary position of 

employment were reported as a mean.  

The third complication was encountered while running the two-step cluster analyses in 

SPSS with scaled weights. After running the first two-step cluster analysis, SPSS reported that it 

ignored scale weights. So, a propagated data set had to be created to analyze Research Questions 

2 and 3. The creation of the propagated data set is provided in more detail in this chapter's data 

management section. Lastly, I could not include the percentage of patient panels covered by 

certain insurance types in the two-step cluster analyses because of missing values.   

Data Management and Analysis 

Data Management 

 This section outlines the data management plan for the analyses used to answer Research 

Questions 1-3. The creation of a weighted plan file is discussed first, followed by design-effect-

adjusted scale weighting, randomization of data sets for Research Question 3, and a summary of 

the variable modifications made for each research question 

Weighted Plan File Creation 

Simple random sampling could not be assumed from the complex sample design. So, a 

weight variable was used to correct the unweighted counts from the sample, so they accurately 

represented the study population in the analysis for Research Question 1. The weighted plan file 

was created in SPSS’s Data Analysis Preparation Wizard to restrict the sample to the actual 

number of NPs who responded to the survey for analysis while accounting for weighted and 

unweighted estimates. The population was estimated using sampling methods with replacement 

using a weight variable (RKRNWGTA) for the state (ED_FRN_ST_PUF) and NP licensure 

(ED_LCNP) strata variables identified in the 2018 NSSRN Variance Estimation Guide (HRSA, 
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2018e). A finite population correction (FPC) was used to correct standard errors in complex 

sampling because the sample size was more than 5% of the estimated population size of NPs in 

the United States, as recommended in the IBM SPSS Complex Samples 26.0 guide (IBM, 2019a).  

Design-Effect-Adjusted Scale Weighting 

This section outlines the design-effect-adjusted scale weighting used for Research 

Questions 2 and 3. The original data management plan had to be adjusted at the time of the 

analysis after it was determined SPSS ignores scale weights for two-step clustering. This 

complication required incorporating a propagated data set to account for the complex sampling 

plan in the 2018 NSSRN.  

Design effect (DEFF) scale weighting was implemented to account for the complex 

sampling structure of the 2018 NSSRN to estimate accurate standard errors (Hahs-Vaughn, 

2005). Design effects (DEFF) represent the ratio of variance from the sample estimates to the 

study population's corrected estimates. Design effect scale weights (wN) were applied by 

multiplying the 2018 NSSRN weight variable RKRNWGTA = (wi) by the product of the sub-

population of dynamic leavers (n = 919) divided by the estimated population size of dynamic 

leavers (N = 8242.593). The scale weights (wN) were further adjusted to account for the design 

effects, and disproportionate sampling among the sub-population of dynamic leavers by dividing 

the scale weight variable (wN) by the average design effect (DEFF = 0.244) computed from the 

sub-population of NP dynamic leavers using the complex sampling feature in SPSS (Hahs-

Vaughn, 2005). The design-effect adjusted scale weights were calculated using the following 

formula: wN = 𝑤𝑖(𝑛/𝑁)

DEFF
. 

Propagated Dataset. Since SPSS did not recognize scale weighting for two-step 

clustering, cases were propagated to represent the 3,819 cases that SPSS would have created to 
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effectively analyze the data if scale weights had been applied. The 919 valid cases for dynamic 

leavers were propagated into a new weighted sample size of 3,819 cases to run the two-step 

cluster analysis in SPSS with consideration to the design-effect-adjusted scaled weights (DEFF = 

0.244). To accomplish this, the DEFF weight variable for each case was rounded to the nearest 

integer for looping. For example, a scale weight of 3.64 for one case would round to four cases. 

After rounding, any case that rounded down to zero was changed to 1.00. A loop was created to 

propagate the total number of cases for the original case’s assigned integer DEFF variable. For 

example, if the assigned integer DEFF variable for one case was rounded to 4.0, then that case 

was propagated into four cases to maintain the weighted representativeness of the original case. 

The new cases were then combined into a new data set by my internal committee member, Dr. 

Justus Randolph, producing a design-effect-adjusted sample size of 3,819 cases for the dynamic 

leaver group. The SPSS syntax source code used to propagate the data set can be found online at 

Stats.StackExchange.com (2021). 

Randomization of the Training and Testing Datasets 

For Research Question 3, the sample was randomly split into a training and testing set for 

model validation. Approximately 50% of the 3,819 valid cases of dynamic leavers were 

randomized into training and testing data sets. I assigned the random number generator in SPSS 

for replication with a seed of 1983, which is my birth year. The sorting of cases created a new 

filter variable where the cases were either assigned to the training or testing set for simultaneous 

analyses. The simultaneous analysis was optimal for determining the accuracy of the model 

using an exploratory data mining approach so cluster memberships, average silhouette measures, 

and predictors of importance could be generated for comparison. Frequencies were run to verify 

the final sample size for the training (n = 1974) and testing (n = 1845) sets. The maximum 
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number of initial variables used after variable reduction and data preparation was 56. The 

number of variables used for the two-step cluster analysis in Research Question 3 met the 

minimum sample size criterion by having 10 times the number of cases for each variable used in 

the training and the testing data sets (van der Ploeg et al., 2015).  

Variable Modifications 

 The collapsing of variables can increase model performance because two-step clustering 

is known to be sensitive to unequal variances (Garson, 2014). Variables were recoded into 

dichotomous levels of measurement whenever it was theoretically possible.  

Ten variable modifications were made to enhance meaningful interpretation. Five interval 

level variables were recoded into dichotomous variables. These variables included hours worked 

in a typical week, the number of patients on panel, the percentage of time spent charting, the 

percentage of time spent with limited English proficiency patients, and average annual earnings 

from the primary employment position. Three ordinal variables were recoded in dichotomous 

levels of measurement. These variables included age of the NP, years of NP work experience, 

and annual household earnings. Additionally, the extent of participation in team-based care 

variable was collapsed into three responses, and job satisfaction was collapsed into two 

responses. The modified variables are listed and described in Table 17. 
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Table 17 

Description of Variable Modifications 

Variable Name Rationale for the change Original Level of 

Measurement 

Recoded 

Level of 

Measurement 

Age of the NP According to AANP (2017), the average 

age of an NP in the United States in 2017 

was 49 years old. Two dichotomous 

categories were created to separate those 

above the average age and closer to 

approaching retirement from the NPs who 

were the average age or younger. A cutoff 

of age 50 was the closest level of 

measurement that could be used to create 

two meaningful groupings.  

29 years old or 

younger 

30 to 34 

35 to 39 

40 to 44 

45 to 49 

50 to 54 

55 to 59 

60 to 64 

65 to 69 

70 to 74 

75 years or older 

<50 years 

≥ 50 years 

Years of NP 

experience 

The year of graduation variable was 

collapsed into three categorical variables 

similar to how this variable was presented 

in the 2018 NSSRN Codebook (HRSA, 

2018a). The year of graduation was 

recoded into years of NP experience. The 

meaningful cutoffs found in the codebook 

were interpreted to be meaningful for the 

following reasons: 

 

(1) The first one to two years as a new 

graduate NP has been considered a period 

of immense growth and can decrease new 

graduate job satisfaction (Barnes, 2015; 

Faraz, 2017; Kacel et al., 2005). 

Therefore, new graduate NPs in the 

sample who graduated in 2016 or after 

had two years of NP work experience or 

less.  

 

(2) The National Certification 

Corporation [NCC] began offering NP 

certification in the neonatal population in 

1983 (NCC, 2021). NPs who graduated in 

1983 through 2015 had three to 34 years 

of work experience and were likely to 

graduate at a time when they were 

eligible to sit for national certification 

after graduation.  

 

(3) NPs who graduated in 1982 or earlier 

had 35 years or more of work experience, 

which means they were not eligible for 

national certification after graduation. 

Year of graduation 

 

 

2 years or less 

3 to 34 years 

35 years or more 

 



 

140 

 

Table 17 – continued.  

Variable Name Rationale for the change Original Level of 

Measurement 

Recoded 

Level of 

Measurement 

Hours worked 

in a typical 

week 

The hours worked and the amount of 

overtime worked have been a known 

predictor of NP job satisfaction 

(Bumbach, 2016). The more overtime 

worked has been negatively correlated 

with job satisfaction (Bryant-lukosius et 

al., 2007). Therefore, two categories were 

created to separate NPs working extreme 

amounts of overtime greater than 50 

hours per week from those who weren’t 

to see if overtime would be meaningful in 

the model.  

1 to 79 hours < 50 hours  

≥ 50 hours  

Number of 

patients on 

panel 

Patient panel sizes of NPs vary by the 

number of hours worked per year, 

practice setting, and patient complexity 

(Xue & Tuttle, 2017). The survey item 

responses for patient panel size in the 

2018 NSSRN Questionnaire (HRSA, 

2018b) were ranged from 1 to 2900 

patients. Therefore, a cutoff of 1500 was 

established to represent groups of NPs 

with larger patient panels.  

1 to 2900 < 1500 

≥ 1500  

Percentage of 

time spent 

charting patient 

care 

Dynamic leavers who spent a greater 

portion of their time charting patient care 

were categorized at equal to or greater 

than 75% to create greater dissimilarity 

among the groups. 

0 to 100% < 75% 

≥ 75%. 

Percentage of 

time spent with 

limited English 

proficiency 

patients 

Dynamic leavers who spent a greater 

portion of their time with limited English 

proficiency patients were categorized at 

equal to or greater than 75% to create 

greater dissimilarity among the groups. 

0 to 100% < 75% 

≥ 75%. 

Extent of 

participation in 

team-based care  

Any participation in team-based care was 

recoded into the “yes” variable. Not at all 

was renamed as “no” and not applicable 

remained the same.    

A great extent 

Somewhat 

Very little 

Not at all 

Not applicable  

Yes 

No 

Not applicable 

Average annual 

earnings from 

the primary 

position of 

employment 

A cut-off of $101,000 was based on the 

survey responses to create two categories 

for those making less or more than the 

median full-time earnings ($99,962 

reported in the 2018 NSSRN Summary 

Report (HRSA, 2018c). 

$0 to $223,000 < $101,000  

≥ $ 101,000  
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Table 17 – continued.  

Variable Name Rationale for the change Original Level of 

Measurement 

Recoded 

Level of 

Measurement 

Annual 

household 

earnings 

The largest item response category for 

household earnings in the 2018 NSSRN 

Questionnaire was “more than $200,000” 

(p.23) in 2017. All the other items were 

collapsed into one categorical variable of 

≤ $200,000.  

$25,000 or less 

$25,001 to $35,000 

$35,001 to $50,000 

$50,001 to $75,000 

$75,001 to $100,000 

$100,001 to $150,000 

$150,001 to $200,000 

More than $200,000 

≤ $200,000  

> $200,000  

Job satisfaction  The job satisfaction variable was 

collapsed to simplify responses into two 

meaningful and dichotomous groups.  

Extremely Satisfied 

Satisfied 

Dissatisfied 

Extremely 

Dissatisfied 

Satisfied  

Dissatisfied 

 

Overview of Analysis 

Research Question 1 describes each of the NP voluntary groups' characteristics presented 

in Chapter 1 (i.e., dynamic leavers, static leavers, dynamic stayers, and static stayers). Research 

Question 2 has four sub-questions (i.e., 2.1-2.4) and distinguishes subgroups of dynamic leavers 

who self-reported NP differences, reasons for leaving, working conditions, and training topic 

needs. Research Question 3 determines the best conceptual model for dynamic leavers. 

Descriptive Analysis 

Research Question 1 describes all four voluntary turnover groups' demographics and the 

job characteristics for the dynamic leaver, dynamic stayer, and static stayer groups. The Complex 

Samples feature in SPSS was used to conduct the analysis. The population estimates with valid 

percentages are primarily reported in text and tables, but unweighted counts and percentages for 

the sample estimates were also reported in corresponding tables for each group. In addition, 

standard errors (SE) with percentages, including the lower and upper limits of 95% confidence 

intervals for the leaver groups, and design effects (DEFF) were also reported. The four NP 



 

142 

 

voluntary turnover groups are presented individually and across groups for comparison. 

Variables with valid percentages of 10% differences or greater were presented in bold font to 

highlight meaningful differences among groups.  

Two-step Cluster Analysis 

Model fit for two-step clustering was determined by the number of clusters and the sizes 

of each cluster called cluster membership, a silhouette measure of cohesion and separation, and 

the predictors of importance values for each model. Cluster memberships were used to report the 

cluster size, which is represented by the number of cases and valid percentages assigned to each 

cluster group. A silhouette measure of cohesion and separation was used to determine the 

model’s overall cluster quality. The silhouette measure of cohesion and separation indicates how 

far the clusters are from each other and how close the groupings of variables are within the 

model. A silhouette measure ≥ 0.5 indicates “good” cluster quality, a silhouette measure ≥ 0.3 

but < 0.5 indicates “fair” cluster quality, and a silhouette measure ≤ 0.2 indicates “poor” cluster 

quality.  

For every two-step cluster analysis, the model building process began by including all the 

variables eligible for the model. All the variables in the initial analyses produced scree plots for 

visualization to determine the optimal number of clusters using Schwarz’s Bayesian Information 

Criterion (BIC). Predictors of importance rankings and their corresponding values were also used 

for model building. The predictors of importance rankings were displayed in the SPSS output 

window. Variables used in the two-step cluster analysis are ranked on a scale from .00 (least 

important) to 1.00 (most important). All the important predictors used in the final model are 

presented in descending order by relative ranking, with the most important predictors listed first 
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(e.g., Figure 11). The minimum cutoff for determining the most important predictors in the 

model was ≤ 0.6 since these values indicate optimal model fit (Kuhn & Johnson, 2016).  

An iterative approach was used to carefully remove or add variables from the models 

based on theoretical significance and trial and error. Multiple solutions were attempted while I 

strove to generate a good cluster quality model (with a minimum silhouette measure ≥ 0.5) that 

also had theoretical significance and meaningful interpretation for the final model selection. 

Once a final model was selected, I used a descriptive approach to label the cluster groups. 

Cluster groups were named using the most important predictors and their relationship to other 

variables appearing in the model. The cluster membership tables with variables with differences 

of 10% or greater are also presented in bold font to highlight meaningful differences across the 

cluster groups. 

Description of the Sample 

A summary of the parent sample was described in Chapter 3. The following presents the 

demographic and job characteristics of the current sample. A total of 86,632 participants (n = 

9,489; N = 86,632) from the population estimates were identified in the sample. The small n 

represents the sample estimates, and the large N represents the population estimates. Participants 

were licensed NPs with active certification, licensure, or other recognition to practice as an NP 

from a state board of nursing on December 31, 2017, and if they provided patient care, had their 

own patient panels, and did not indicate involuntary reasons for leaving, as described in Chapter 

3. The results for the sample are reported using the population estimates unless noted otherwise 

below or in Table 18.  

The largest percentage of participants belonged to the 30 to 39 age group (31.1%). Most 

of the participants were female (90.8%) and were married or in a domestic partnership (79.0%). 
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A majority (88.0%) held a master’s degree in nursing (MSN), and 10.3% had earned a doctorate 

in nursing. Participants predominantly self-reported their race as White (81.1%). The second-

largest self-reported race was Black (8.9%). These demographics reflect the same demographics 

reported in the 2018 NSSRN Questionnaire (HRSA, 2018b). 

A majority (84.4%) had 3 to 34 years of NP work experience, and 14.5% had less than 

two years of NP work experience. A small percentage of participants (1.1%) had more than 35 

years or more of NP work experience. Most of the participants were nationally certified in the 

family (53.0%) or adult (not acute care) (12.6%) population foci. Most were working or had been 

worked full-time (83.9%) in a clinic/ambulatory setting (60.0%). The average annual earnings 

from the previous or current primary position of employment was approximately $99,258 a year. 

The sample was predominantly satisfied with their jobs. Most participants reported they were 

either satisfied (43.9%) or extremely satisfied (46.6%) with their previous or current position of 

employment compared to less than 10% who reported they were dissatisfied (7.4%) or extremely 

dissatisfied (2.0%). 

Table 18 presents the demographics and job characteristics of the participants and 

includes the unweighted counts with valid percentages for each variable in the sample estimates 

(n = 9,489). It also includes the population estimates (N = 86,632) with valid percentages, 

standard errors (SE) with percentages, including the lower and upper limits of the 95% 

confidence intervals for the population estimates. The last column in the table presents the design 

effects (DEFF).  
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Table 18 

Sample Demographics and Job Characteristics 

 

Variable 

Sample 

Estimates 

n = 9,489 

(valid %) 

 

Population Estimates  

N = 86,632 

N (valid %) SE (%) 95% CI  

 
DEFF b  

Age  

≤ 29 years  

30-39 

40-49 

50-59 

60-69 

 ≥ 70 years 

 

  191   (2.0) 

2453 (25.9) 

2557 (26.9) 

2383 (25.1) 

1709 (18.0) 

  196   (2.1) 

 

   2098.1    (2.4) 

 27292.8  (31.1) 

 26784.0  (30.5) 

 19599.6  (22.4) 

 10624.2  (12.1) 

   1281.5    (1.5) 

 

   208.8 (0.2) 

   728.5 (0.7) 

   728.6 (0.7) 

   571.4 (0.6) 

   353.0 (0.4) 

   141.8 (0.2) 

 

[1688.9, 2507.3] 

[25864.8, 28720.7] 

[25355.7, 28212.3] 

[18479.6, 20719.6] 

[9932.4, 11316.1] 

[1003.4, 1559.5] 

 

3.0 

3.4  

3.5  

2.6  

1.6  

1.9  

Gender 

Female 

Male 

   

    8725 (91.9) 

      764   (8.1) 

 

 79638.0  (90.8) 

   8042.1    (9.2) 

 

   862.8 (0.5) 

   499.8 (0.5) 

 

[77946.9, 81329.2] 

[7062.4, 9021.8] 

 

  12.3 

4.1  

Marital status 

Married or in a domestic 

partnership 

Separated, divorced, or 

widowed 

Never married 

 

    7479 (78.8) 

 

    1285 (13.5) 

 

   725   (7.6) 

 

69243.5   (79.0) 

 

10570.8   (12.1) 

 

  7865.9     (9.0) 

 

   916.8 (0.6) 

 

   417.5 (0.5) 

 

   411.9 (0.5) 

 

[67446.3, 71040.6] 

 

[9752.5, 11389.2] 

 

[7058.5, 8673.3] 

 

7.0  

 

2.3 

 

2.8  

Race 

American  

Indian/Alaska Native  

Asian  

Black  

Native Hawaiian/ Pacific 

Islander 

White 

Some other race 

Multiracial 

 

    48    (0.5) 

 

   346    (3.6) 

     482    (5.1) 

    19    (0.2) 

 

    8253  (86.9) 

   118    (1.2) 

   223    (2.4) 

 

    425.8     (0.5) 

 

  3603.1     (4.1) 

  7785.5     (8.9) 

    321.3     (0.4) 

 

 71079.3  (81.1) 

   2314.5    (2.6) 

   2150.8    (2.5) 

 

   102.8 (0.1) 

 

   251.1 (0.3) 

   460.7 (0.5) 

     96.4 (0.1) 

 

   864.1 (0.7) 

   300.2 (0.3) 

   218.3 (0.2) 

 

[224.3, 627.2] 

 

[3110.8, 4095.4] 

[6882.3, 8688.6] 

[132.2, 510.3] 

 

[69385.6, 72773.0] 

[1726.0, 2903.0] 

[1722.8, 2578.7] 

 

3.0  

 

2.2  

3.6  

3.5  

 

6.7  

4.8  

2.7  

Highest level of nursing education 

Diploma 

ADN 

BSN 

MSN 

PhD/DNP 

 

      31   (0.3) 

      31   (0.3) 

      88   (0.9) 

     8278 (87.2) 

     1061 (11.2) 

 

     181.3    (0.2) 

     482.7    (0.6) 

     871.4    (1.0) 

 77138.0  (88.0) 

   9006.8  (10.3) 

 

     46.5 (0.1) 

   215.6 (0.2) 

   207.3 (0.2) 

   887.6 (0.5) 

   393.1 (0.4) 

 

[90.2, 272.4] 

[60.1, 905.3] 

[465.1, 1277.7] 

[75398.1, 78877.9] 

[8236.3, 9777.3] 

 

1.4  

  11.7  

6.0  

  10.3  

2.3  

Work experience as NP  

2 years or less 

3 to 34 years 

35 years or more 

 

   1096  (11.6) 

    8238  (86.8) 

    155   (1.6) 

 

 12751.1  (14.5)  

 73968.6  (84.4) 

     960.5    (1.1) 

 

  

 

   579.6 (0.6) 

   866.9 (0.6) 

   105.9 (0.1) 

 

 

[11615.0, 13887.2] 

[72269.2, 75668.0] 

[753.0, 1168.0] 

 

 

3.7  

7.9  

1.4  

 

Employment status a 

Full-time 

Part-time 

 

  7834 (83.5) 

  1552 (16.5) 

 

  72649.4 (83.9) 

  13982.8 (16.1) 

 

   925.7 (0.6) 

   496.3 (0.6) 

 

[70834.9, 74463.9] 

[13009.9, 14955.8] 

 

8.9  

2.5  
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Table 18 – Continued.  

 

Variable 

Sample 

Estimates 

n = 9,489 

(valid %) 

 

Population Estimates  

N = 86,632 

N (valid %) SE (%) 95% CI  

 
DEFF b  

Employment setting c 

Hospital (not mental health) 

Other inpatient setting 

Clinic/Ambulatory 

Other types of settings 

 

 

  2066 (22.0) 

    616   (6.6) 

    5904  (62.9) 

    800   (8.5) 

 

 

  21461.0 (24.8) 

    6336.4   (7.3) 

  52016.3 (60.0) 

    6818.6   (7.9) 

 

  

   717.5 (0.7) 

   348.1 (0.4) 

   799.9 (0.8) 

   338.8 (0.4) 

 

 

[20054.4, 22867.5] 

[5654.0, 7018.7] 

[50448.5, 53584.2] 

[6154.5, 7482.7] 

 

 

3.9  

2.5  

3.7  

2.2  

NP Certification/Population Foci a 

Acute care, adult 

Adult  

Family 

Gerontology 

Pediatric 

Psychiatric & mental health 

Other 

Not certified 

 

  557   (5.2) 

1340 (12.6) 

    5669 (53.0) 

      630   (5.9) 

      974   (9.1) 

      864   (8.0) 

      579   (5.4) 

     75   (0.7) 

 

   5513.4   (5.6) 

 13560.6 (13.8) 

 50023.2 (50.7) 

   6073.7   (6.2) 

   9575.8   (9.7) 

   6801.1   (6.9) 

   5877.7   (6.0) 

   1194.7   (1.2) 

 

   319.0 (0.4) 

   544.6 (0.6) 

   824.2 (0.5) 

   917.1 (0.4) 

   407.4 (0.5) 

   332.1 (0.4) 

   379.3 (0.4) 

   226.8 (0.3) 

 

[4888.2, 6138.7] 

[12493.1, 14628.1] 

[48407.5, 51638.9] 

[79808.7, 83404.2] 

[8777.3, 10374.4] 

[6149.3, 7452.9] 

[5134.1, 6621.3] 

[750.1, 1639.4] 

 

2.4  

8.4  

3.8 

2.5  

2.4  

2.1  

3.1  

5.3  

Average Annual Earnings from c 

Primary Position 

 

- $99,257.76     $497.75 [98282.06, 100233.46]  2.4 

Overall Job Satisfaction c  

Extremely Satisfied 

Satisfied 

Dissatisfied 

Extremely Dissatisfied 

 

4529 (48.3) 

   4003 (42.6) 

  651   (6.9) 

  203   (2.2) 

 

40333.2 (46.6) 

38036.8 (43.9) 

  6552.5   (7.4) 

  1719.7   (2.0) 

 

   748.6 (0.8) 

   815.9 (0.8) 

   396.0 (0.4) 

   170.3 (0.2) 

 

[38865.7, 41800.7] 

[36427.5, 39626.1] 

[5776.3, 7328.8] 

[1385.8, 2053.5] 

 

3.1  

3.8  

3.1  

2.1  

Note. Column percentages total 100% for each variable. 
a It was expected the frequencies for the NP certification/population foci would be greater than the sample size 

because they are not mutually exclusive. Some NPs may be nationally certified in more than one population foci.  
b Design Effect (DEFF) reflects the magnitude of increases made to the sample estimates to report the corrected 

population estimates due to complex sampling.  
c Sample estimates for the employment status, employment setting, average annual earnings from primary position, 

and overall job satisfaction variables were missing for the static leaver group (n = 9,386). 

 
 

 

Research Question 1 

Research Question 1. What are the characteristics of NP dynamic leavers, static leavers, dynamic 

stayers, and static stayers? 

The results for Research Question 1 include the descriptive demographic and job 

characteristics for the NP voluntary turnover groups outlined in Chapters 1 and 3. Study findings 

are presented in text and tables for each NP voluntary turnover group. 



 

147 

 

Characteristics of Dynamic Leavers 

A total of 8,243 participants (n = 919; N = 8,243) from the population estimates were 

identified as dynamic leavers (9.5%). Dynamic leavers are defined as NPs who voluntarily left a 

primary position of employment in nursing and continued to work in nursing. The results for the 

dynamic leaver group are reported as population estimates unless stated otherwise in Table 19.  

The largest percentage of dynamic leavers belonged to the 30 to 39 age group (34.8%). 

Most dynamic leavers were female (93.7%) and were married or in a domestic partnership 

(76.0%). A majority (86.2%) held a master’s degree in nursing (MSN), and 12.8% had earned a 

doctorate in nursing. Dynamic leavers predominantly self-reported their race as White (73.7%). 

The second-largest self-reported race was Black (12.2%).  

A majority (76.4%) of the dynamic leavers had three to 34 years of NP work experience, 

and 23.0% had less than two years of NP work experience. A very small percentage of NPs 

(0.6%) in the dynamic leaver group had 35 or more years of NP work experience. Most of the 

dynamic leavers were nationally certified in the family (60.2%) or adult (not acute care) (15.7%) 

populations. Most dynamic leavers had worked full-time (80.8%) and primarily worked in a 

clinic/ambulatory setting (57.5%). The average annual earnings from the previous primary 

position of employment for the dynamic leaver turnover group was approximately $95,405 a 

year. Although dynamic leavers left their previous primary position of employment, more than 

half still reported they were either satisfied (44.9%) or extremely satisfied (19.9%) with their 

previous position of employment compared to dynamic leavers who reported they were 

dissatisfied (23.2%) or extremely dissatisfied (12.0%). 
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Table 19 

Demographic and Job Characteristics for Dynamic Leavers  

Variable Sample 

Estimates 

n = 919 

 (valid %) 

Population Estimates  

N = 8,243 

N (valid %) SE (%) 95% CI DEFF b 

Age  

≤ 29 years  

30-39 

40-49 

50-59 

60-69 

 ≥ 70 years 

 

  28   (3.0) 

265 (28.8) 

246 (26.8) 

201 (21.9) 

159 (17.3) 

  20   (2.2) 

 

  287.3     (3.5) 

2871.9   (34.8) 

2570.8   (31.2) 

1503.1   (18.2) 

  886.6   (10.8) 

  122.9     (1.5) 

 

   72.3 (0.9) 

 243.7 (2.4) 

 234.0 (2.3) 

 167.5 (1.9) 

 109.9 (1.3) 

   34.8 (0.4) 

 

[145.5, 429.0] 

[2394.4, 3349.5] 

[2112.3, 3029.4] 

[1174.8, 1831.4] 

[671.3, 1101.9] 

[54.8, 191.0] 

 

0.2  

0.3  

0.3  

0.2  

0.2  

0.1 

Gender 

Female 

Male 

 

853 (92.8) 

  66   (7.2) 

 

7720.5   (93.7) 

  522.0     (6.3) 

 

 388.0 (1.1) 

   90.2 (1.1) 

 

[6960.1, 8481.0] 

[345.2, 698.9] 

 

0.2  

0.3 

Marital status 

Married or in a domestic    

partnership 

Separated, Divorced, or 

Widowed 

Never married 

 

690 (75.0) 

 

143 (15.6) 

 

  86   (9.4) 

 

6267.0   (76.0) 

 

1048.6   (12.7) 

 

 927.0   (11.2) 

 

 347.0 (2.1) 

 

 141.7 (1.6) 

 

 137.8 (1.6) 

 

[5587.0, 6947.1] 

 

[770.8, 1326.4] 

 

[656.9, 1197.0] 

 

0.2  

 

0.2  

 

0.3  

Race 

American  

Indian/Alaska Native  

Asian  

Black  

Native Hawaiian/ Pacific 

Islander 

White 

Some other race 

Multiracial 

 

   7    (0.8) 

 

  36   (3.9) 

  65   (7.1) 

    3   (0.3) 

 

765 (83.0) 

  14   (1.5) 

  29   (3.2) 

 

    77.0     (0.9) 

 

  429.7     (5.2) 

1009.5   (12.2) 

    64.6     (0.8) 

 

 6072.5  (73.7) 

   333.3    (4.0) 

   258.1    (3.1) 

 

   48.0 (0.6) 

 

   91.9 (1.1) 

 162.7 (1.8) 

   44.5 (0.5) 

 

 313.7 (2.4) 

 123.5 (1.5) 

   82.2 (1.0) 

 

[-17.1, 171.0] 

 

[249.5, 609.9] 

[690.5, 1328.4] 

[-22.6, 151.8] 

 

[5457.8, 6687.3] 

[91.2, 575.4] 

[95.0, 417.1] 

 

0.4  

 

0.3  

0.3  

0.4  

 

0.2  

0.6  

0.3  

Highest level of nursing 

education 

Diploma 

ADN 

BSN 

MSN 

PhD/DNP 

 

 

    4   (0.4) 

    2   (0.2) 

    4   (0.4) 

798 (86.8) 

111 (12.1) 

 

 

    18.8     (0.2) 

    43.2     (0.5) 

    17.1     (0.2) 

7106.7   (86.2) 

1056.8   (12.8) 

 

 

   11.6 (0.1) 

   41.8 (0.5) 

     9.4 (0.3) 

 369.8 (1.7) 

 142.5 (1.6) 

 

 

[-4.0, 41.6] 

[-38.8, 125.2] 

[-1.264, 35.4] 

[6381.9, 7831.6] 

[777.5, 1336.0] 

 

 

0.1  

0.5  

0.1  

0.2  

0.2  

Work experience as NP  

2 years or less 

3 to 34 years 

35 years or more 

 

162 (17.6) 

745 (81.0) 

  12   (1.3) 

 

 

1897.4   (23.0) 

6293.6   (76.4) 

    51.6     (0.6) 

 

  209.2 (2.2) 

  339.3 (2.2) 

    23.8 (0.3) 

 

 

[1487.3, 2307.5] 

[5628.5, 6958.7] 

[4.9, 98.3] 

 

2.0  

1.6  

1.0  

Employment status  

Full-time 

Part-time 

 

755 (82.1) 

164 (17.9) 

 

6658.6   (80.8) 

1584.0   (19.2) 

 

 351.9 (2.0) 

 188.2 (2.0) 

 

[5968.8, 7348.4] 

[1215.1, 1953.0] 

 

0.3  

0.3  

Employment setting  

Hospital (not mental health) 

Other inpatient setting 

Clinic/Ambulatory 

Other types of settings 

 

182 (19.8) 

  86   (9.4) 

558 (60.7) 

  93 (10.1) 

 

1658.6   (20.1) 

  886.9   (10.8) 

4740.2   (57.5) 

  957.0   (11.6) 

 

 184.6 (2.0) 

 148.1 (1.7) 

 285.3 (2.5) 

 151.1 (1.7) 

 

[1296.8, 2020.4] 

[596.7, 1177.1] 

[4180.9, 5299.4] 

[660.9, 1253.1] 

 

0.3  

0.3  

0.3  

0.3 
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Table 19 – continued.  

Variable Sample 

Estimates 

n = 919 

 (valid %) 

Population Estimates  

N = 8,243 

N (valid %) SE (%) 95% CI DEFF b 

NP Certification/Population Foci a 

Acute care, adult 

Adult  

Family 

Gerontology 

Pediatric 

Psychiatric & mental health 

Other 

Not certified 

 

  55   (5.2) 

128 (12.2) 

583 (54.8) 

  81   (7.6) 

  55   (5.2) 

  99   (9.3) 

  56   (5.2) 

    7   (0.7) 

 

  583.3     (7.1) 

1291.5   (15.7) 

4965.8   (60.2) 

  795.7     (9.7) 

  570.6     (6.9)   

  770.7     (9.4) 

  510.9     (6.2) 

    45.5     (0.6) 

 

 128.2 (1.5) 

 170.5 (1.9) 

 299.5 (2.4) 

 130.4 (1.5) 

 108.5 (1.3)  

 108.0 (1.3) 

   94.5 (1.1) 

   28.9 (0.4) 

 

[332.1, 834.5] 

[957.2, 1625.7] 

[4378.9, 5552.8] 

[540.2, 1051.1] 

[357.9, 783.2] 

[559.0, 982.4] 

[325.6, 696.1] 

[-11.2, 102.3] 

 

3.1  

2.5 

2.1  

2.4  

2.3  

1.7  

1.9  

2.0  

Average Annual Earnings from 

Primary Position 

 

- $95,405.11  $1,512.40 [92377.81, 98432.40] 0.3 

Overall Job Satisfaction  

Extremely Satisfied 

Satisfied 

Dissatisfied 

Extremely Dissatisfied 

 

 177 (19.3) 

 421 (45.8) 

 213 (23.1) 

 108 (11.8) 

 

1642.3   (19.9) 

3697.0   (44.9) 

1915.9   (23.2) 

  987.5   (12.0) 

 

 189.9 (2.0) 

 262.1 (2.4) 

 190.6 (2.0) 

 139.5 (1.6) 

 

[1270.1, 2014.4] 

[3183.4, 4210.7] 

[1542.2, 2289.5] 

[714.1, 1260.8] 

 

0.3  

0.3  

0.3  

0.3  

Note. Column percentages total 100% for each variable. 
a It was expected the frequencies for the NP certification/population foci would be greater than the sample size 

because they are not mutually exclusive. Some NPs may be nationally certified in more than one population foci. 
b Design Effect (DEFF) reflects the magnitude of increases made to the sample estimates to report the corrected 

population estimates due to complex sampling.  

 

Characteristics of Static Leavers 

A total of 1,048 participants (n = 103; N = 1,048) from the population estimates were 

identified as static leavers (1.2%). Static Leavers are defined as NPs who voluntarily left a 

primary position of employment and no longer work in nursing. Since the static leavers were no 

longer employed and indicated no intention to return to paid work in nursing, the static leaver 

group was not prompted to answer job characteristic questions. Employment status, employment 

setting, average annual earnings from primary position, and overall level of job satisfaction 

variables related to a previous position of employment were unavailable for analysis for the static 

leaver group. The results for the static leaver group are reported as population estimates unless 

stated otherwise below and in Table 20. 
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The largest percentage of static leavers belonged to the 60 to 69 age group (34.5%). 

When taking a closer look at the age of static leavers, the results demonstrated 77.7% were age 

50 or older and 22.4% were under the age of 50. Most static leavers were female (91.1%) and 

were married or in a domestic partnership (74.3%). A majority (77.3%) held a master’s degree in 

nursing (MSN), and 9% had earned a doctorate in nursing. Static leavers predominantly self-

reported their race as White (95.4%). The second-largest self-reported race was multiracial 

(2.0%), and none of the static leavers self-reported as Native American (0.0%) or Native 

Hawaiian/Pacific Islander (0.0%).   

A majority (88.4%) of the static leavers had three to 34 years of NP experience, and 1% 

had less than two years of NP work experience. Among static leavers, 10.6% had 35 years or 

more of NP work experience, even though this group's weighted size was small (N = 110.9). 

Most static leavers were nationally certified in the family population (33.6%). The second most 

common areas of national certification were pediatric (15.0%) and adult (not acute care) (12.0%) 

populations. Over 22% percent of static leavers reported they were not nationally certified as an 

NP (22.6%). However, the number of static leavers who were not nationally certified in the 

weighted group was relatively small (N = 237.4).  

Table 20 

Demographics and Job Characteristics for Static Leavers  

Variable Sample 

Estimates 

n = 103  

(valid %) 

Population Estimates 

N = 1,048 

N (valid %) SE (%) 95% CI DEFF b 

Age 

≤ 29 years  

30-39 

40-49 

50-59 

60-69 

≥ 70 years 

 

  1   (1.0) 

  3   (2.9) 

15 (14.6) 

27 (26.2) 

41 (39.8) 

16 (15.5) 

 

      9.9   (1.0) 

    22.2   (2.1) 

  202.0 (19.3) 

  317.4 (30.3) 

  361.7 (34.5) 

  134.6 (12.8) 

 

   10.0 (1.0) 

   16.5 (1.6) 

   61.2 (5.2) 

   74.9 (6.0) 

   75.5 (6.0) 

   46.3 (4.2) 

 

[-9.6, 29.6] 

[-10.2, 54.6] 

[82.1, 321.9] 

[170.5, 464.3] 

[213.7, 509.8] 

[43.9, 225.4] 

 

0.1  

0.1 

0.2  

0.2  

0.2  

0.2  
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Table 20 – continued.  

Variable Sample 

Estimates 

n = 103  

(valid %) 

Population Estimates 

N = 1,048 

N (valid %) SE (%) 95% CI DEFF b 

Gender 

Female 

Male 

 

96 (93.9) 

  7   (6.1) 

 

  954.7 (91.1) 

    93.2   (8.9) 

 

 123.2 (3.9) 

   42.7 (3.9) 

 

[713.1, 1196.2] 

[9.5, 177.0] 

 

0.2  

0.2  

Marital status 

Married or in a domestic 

partnership 

Separated, divorced, or 

widowed 

Never married 

 

81 (78.6) 

 

15 (14.6) 

 

  7   (6.8) 

 

  778.5 (74.3) 

 

  186.2 (17.8) 

 

    83.2   (7.9) 

 

 113.2 (5.6) 

 

   56.0 (4.9) 

 

   37.0 (3.4) 

 

[556.6, 1000.4] 

 

[76.4, 296.0] 

 

[37.0, 10.7] 

 

0.2  

 

0.2  

 

0.2  

Race 

American  

Indian/Alaska Native  

Asian  

Black  

Native Hawaiian/ Pacific 

Islander 

White 

Some other race 

Multiracial 

 

   0   (0.0) 

    

   3   (2.9) 

   2   (1.9)   

   0   (0.0) 

 

93  (89.4) 

  1    (1.0) 

  4    (3.9) 

 

     0.0   (0.0) 

      

     7.4   (0.7) 

   18.6   (1.8)     

     0.0   (0.0) 

 

 999.2 (95.4) 

     1.5   (0.1) 

   21.3   (2.0) 

 

     0.0 (0.0) 

     

     4.7 (0.5) 

   14.0 (1.3)    

     0.0 (0.0) 

 

 128.9 (1.8) 

     1.5 (0.1) 

   11.5 (1.1) 

 

[0.0, 0.0] 

 

[-1.8, 16.5] 

[-8.9, 46.1] 

[0.0, 0.0] 

 

[746.6, 1251.8] 

[-1.4, 4.3] 

[-1.1, 43.8] 

 

0.0  

 

0.0  

0.1  

0.0 

  

0.2  

0.0  

0.1  

Highest level of nursing 

education 

Diploma 

ADN 

BSN 

MSN 

PhD/DNP 

 

 

  6     (5.8) 

  1     (1.0) 

  7     (6.8) 

81   (78.6) 

  8     (7.8) 

 

 

   38.0   (3.6) 

   10.0   (1.0) 

   95.7   (9.1) 

 810.0 (77.3) 

   94.2   (9.0) 

 

 

   23.4 (2.2) 

   10.0 (1.0) 

   43.7 (3.9) 

 111.8 (5.6) 

   46.1 (4.1) 

 

 

[-7.9, 184.6] 

[-9.6, 29.6] 

[10.1, 181.4] 

[590.9, 1029.0] 

[3.9, 184.6] 

 

 

0.1  

0.1  

0.2  

0.2  

0.2 

Work experience as NP  

2 years or less 

3 to 34 years 

35 years or more 

 

  2     (1.9) 

89   (86.4) 

12   (11.7) 

   

 

   10.7   (1.0) 

 926.3 (88.4) 

 110.9 (10.6) 

    

 

     9.4 (0.9) 

 124.2 (3.8) 

   40.0 (3.7) 

 

 

[-7.1, 29.1]  

[682.8, 1169.8] 

[32.6, 189.2] 

 

 

0.6  

1.2  

1.0  

NP Certification/Population Foci a 

Acute care, adult 

Adult  

Family 

Gerontology 

Pediatric 

Psychiatric & mental health 

Other 

Not certified 

 

  5     (4.4) 

16   (14.2) 

38   (33.6) 

  5     (4.4) 

16   (14.2)   

  5     (4.4) 

14   (12.4) 

14   (12.4) 

 

  84.0   (8.0) 

126.1 (12.0) 

304.5 (29.1) 

  62.2   (5.9) 

157.0 (15.0) 

  35.4   (3.4) 

133.1 (12.7) 

237.4 (22.6) 

 

   45.1 (4.1) 

   40.3 (3.7) 

   59.1 (3.4) 

   37.4 (3.4) 

   50.1 (4.4) 

   21.1 (2.0) 

   43.8 (4.0) 

     6.4 (6.1) 

 

[-4.339, 172.3] 

[47.0, 205.1] 

[188.7, 420.3] 

[-11.2, 135.6] 

[53.7, 255.2] 

[-6.0, 76.8] 

[47.3, 218.9] 

[87.7, 387.0] 

 

2.4 

1.3 

1.2  

2.2  

1.6  

1.3  

1.4  

2.6  

Note. Column percentages total 100% for each variable. 
a It was expected the frequencies for the NP certification/population foci would be greater than the sample size 

because they are not mutually exclusive. Some NPs may be nationally certified in more than one population foci.  
b Design Effect (DEFF) reflects the magnitude of increases made to the sample estimates to report the corrected 

population estimates due to complex sampling.  
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Characteristics of Dynamic Stayers 

A total of 39,253 participants (n = 4,062; N = 39,253) from the population estimates were 

identified as dynamic stayers (45.3%). Dynamic stayers are defined as NPs who stayed in a 

primary nursing position of employment but have considered leaving. The results for the 

dynamic stayer group are reported as population estimates unless stated otherwise below and in 

Table 21.  

The largest percentage of dynamic stayers belonged to the age group ranging from 30 to 

39 (34.8%). The results demonstrated that 68.1% were less than 50 years old. Most dynamic 

stayers were female (91.5%) and were married or in a domestic partnership (78.3%). A majority 

(89.2%) held a master’s degree in nursing (MSN), and 9.5% had earned a doctorate in nursing. 

Dynamic stayers predominantly self-reported their race as White (82.7%). The second-largest 

self-reported race was Black (8.8%).   

A majority (85.0%) of the dynamic stayers had three to 34 years of NP experience, and 

14.5% had less than two years of NP work experience. Most dynamic stayers were nationally 

certified in the family (59.8%) or adult (not acute care) (15.5%) populations. Most dynamic 

stayers reported working full-time (85.1%) in a clinic/ambulatory setting (59.6%). The average 

annual earnings from their primary position of employment was approximately $98,439 a year. 

Dynamic stayers primarily rated their overall level of job satisfaction as satisfied (62.0%). 

Dynamic stayers reported they were either satisfied (62.0%) or extremely satisfied (25.2%) with 

their position of employment compared to dynamic stayers who reported they were either 

dissatisfied (11.5%) or extremely dissatisfied (1.3%).  
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Table 21 

Demographic and Job Characteristics for Dynamic Stayers  

Variable Sample 

Estimates 

n = 4,062  

(valid %) 

Population Estimates 

N = 39,253 

N 

(valid %) 
SE (%) 95% CI DEFF b 

Age  

≤ 29 years  

30-39 

40-49 

50-59 

60-69 

≥ 70 years 

 

    98   (2.4) 

1170 (28.8) 

1124 (27.7) 

1053 (25.9) 

  586 (14.4) 

    31   (0.8) 

 

  1137.3   (2.9) 

13640.5 (34.8) 

11962.5 (30.5) 

  8552.8 (21.8) 

  3785.3   (9.6) 

    174.3   (0.4) 

 

 168.4 (0.4) 

 543.0 (1.1) 

 532.8 (1.1) 

 391.9 (0.9) 

 216.2 (0.6) 

   40.3 (0.1) 

 

[807.2, 1467.5] 

[12576.1, 14705.0] 

[10918.0, 13006.9] 

[7784.6, 9320.9] 

[3361.5, 4209.1] 

[95.4, 253.2] 

 

3.0  

3.0  

3.2  

2.3  

1.5  

1.1  

Gender 

Female 

Male 

 

3741 (92.1) 

  321   (7.9) 

 

35900.7 (91.5) 

  3351.9   (8.5) 

 

 758.1 (0.8) 

 348.9 (0.8) 

 

[34414.7, 37386.7] 

[2668.0, 4035.8] 

 

4.4  

1.8  

Marital status 

Married or in a domestic 

partnership 

Separated, divorced, or 

widowed 

Never married 

 

3172 (78.1) 

 

  523 (12.9) 

   

  367   (9.0) 

 

30718.4  (78.3) 

 

  4317.8  (11.0) 

   

  4216.5  (10.7) 

 

 760.0 (0.9) 

 

 260.7 (0.7) 

  

 303.8 (0.7) 

 

[29228.6, 32308.2] 

 

[3806.8, 4828.8] 

 

[3621.0, 4811.9] 

 

3.3  

 

1.9  

 

2.7  

Race 

American  

Indian/Alaska Native  

Asian  

Black  

Native Hawaiian/ Pacific 

Islander 

White 

Some other race 

Multiracial 

 

   16    (0.4) 

  

 109    (2.7) 

 215    (5.3)     

     8    (0.2) 

 

3558 (87.6) 

    54   (1.3) 

  102   (2.5) 

 

    116.9    (0.3) 

   

  1136.7    (2.9) 

  3439.1    (8.8)    

    135.3    (0.3) 

 

32471.5  (82.7) 

    803.5    (2.0) 

  1149.6    (2.9) 

 

   37.1 (0.1) 

 

 135.6 (0.3) 

 301.7 (0.7)    

   68.4 (0.2) 

 

 750.0 (0.9) 

 154.0 (0.4) 

 171.5 (0.4) 

 

[44.2, 189.6] 

 

[870.8, 1402.6] 

[2847.8, 4030.4] 

[1.3, 269.2] 

 

[31001.4, 33941.6] 

[501.7, 1105.4] 

[813.5, 1485.6] 

 

1.4  

 

1.9  

3.2  

4.0  

 

3.2  

3.5  

3.1  

Highest level of nursing 

education 

Diploma 

ADN 

BSN 

MSN 

PhD/DNP 

 

 

      3   (0.1) 

      4   (0.1) 

    25   (0.6) 

3574 (88.0) 

  456 (11.2) 

 

 

      16.5    (0.0) 

    242.7    (0.6) 

    257.9    (0.7) 

35009.2  (89.2) 

  3726.3    (9.5) 

 

 

   13.6 (0.0) 

 198.0 (0.5) 

   92.6 (0.2) 

 772.5 (0.8) 

 240.0 (0.6) 

 

 

[-10.2, 43.3] 

[-145.5, 6309] 

[76.3, 439.6] 

[33494.9, 36523.5] 

[3255.9, 4196.7] 

 

 

1.3 

     19.1 

3.9 

3.2 

1.9 

 

Work experience as NP  

2 years or less 

3 to 34 years 

35 years or more 

 

    

   470 (11.6)  

 3565 (87.8) 

     27   (0.6) 

   

 

    

   5683.0 (14.5) 

 33351.0 (85.0) 

     218.7   (0.6) 

   

 

 

 404.6 (0.9) 

 741.9 (0.9) 

   53.1 (0.1) 

 

 

 

[4889.8, 6476.2]  

[31896.8, 34805.1] 

[114.6, 322.8] 

 

 

 

3.6 

3.0  

1.5  

Employment status  

Full-time 

Part-time 

 

3459 (85.2) 

  603 (14.8) 

 

33420.1 (85.1) 

  5832.6 (14.9) 

 

 769.2 (0.8) 

 354.8 (0.8) 

 

[31912.2, 34927.9] 

[5137.0, 6528.1] 

 

3.3  

2.7  

Employment setting  

Hospital (not mental health) 

Other inpatient setting 

Clinic/Ambulatory 

Other types of settings 

 

   

  943 (23.2) 

  259   (6.4) 

2500 (61.5) 

  360   (8.9) 

 

 

10405.9 (26.5) 

  2424.6   (6.2) 

23402.4 (59.6) 

  3019.8   (7.7) 

 

  

 536.7 (1.1) 

 207.3 (0.5) 

 630.5 (1.2) 

 215.0 (0.5) 

 

 

[9353.9, 11457.9] 

[2018.2, 2831.0] 

[22166.5, 24638.2] 

[2598.4, 3441.2] 

 

 

3.7  

2.1  

2.7  

1.9  
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Table 21 – continued.  

Variable Sample 

Estimates 

n = 4,062  

(valid %) 

Population Estimates 

N = 39,253 

N 

(valid %) 
SE (%) 95% CI DEFF b 

NP Certification/Population Foci a 

Acute care, adult 

Adult  

Family 

Gerontology 

Pediatric 

Psychiatric & mental health 

Other 

Not certified 

 

  237   (5.2) 

  578 (12.6) 

2520 (54.8) 

  278   (6.0) 

  400   (8.7)   

  345   (7.5) 

  220   (4.8) 

    21   (0.5) 

 

  2470.1   (6.3) 

  6086.9 (15.5) 

23476.8 (59.8) 

  2718.0   (6.9) 

  3847.1   (9.8)  

  2781.6   (7.1) 

  2318.2   (5.9) 

    468.7   (1.2) 

 

  212.3 (0.5) 

  392.8 (0.9) 

  656.3 (1.2) 

  233.1 (0.6) 

  243.6 (0.6)  

  219.9 (0.6) 

  226.0 (0.6) 

  182.9 (0.5) 

 

[2054.0, 2886.2] 

[5316.8, 6857.0] 

[22190.3, 24763.4] 

[2261.0, 3174.9] 

[3369.5, 4324.7] 

[2350.5, 3212.7] 

[1875.1, 2761.3] 

[110.2, 827.2] 

 

2.2  

3.2  

2.9  

2.4  

1.9 

2.1 

2.7  

7.9  

 

Average Annual Earnings from 

Primary Position 

 

 

- 

 

$98,439.47 

 

$719.82 

 

[97028.62, 99850.32] 

 

0.3  

Overall Job Satisfaction  

Extremely Satisfied 

Satisfied 

Dissatisfied 

Extremely Dissatisfied 

 

1062 (26.1) 

2503 (61.6) 

  422 (10.4) 

    75   (1.8) 

 

  9899.7 (25.2) 

24340.1 (62.0) 

  4512.5 (11.5) 

    500.4   (1.3) 

 

409.9 (1.9) 

691.3 (1.1) 

349.2 (0.8) 

  73.3 (0.2) 

 

[9096.2, 10703.2] 

[22985.1, 25695.1] 

[3828.1, 5196.9] 

[356.6, 644.1] 

 

2.2  

3.1  

3.3  

1.3  

Note. Column percentages total 100% for each variable. 
a It was expected the frequencies for the NP certification/population foci would be greater than the sample size 

because they are not mutually exclusive. Some NPs may be nationally certified in more than one population foci.  
b Design Effect (DEFF) reflects the magnitude of increases made to the sample estimates to report the corrected 

population estimates due to complex sampling.  

 

Characteristics of Static Stayers 

A total of 39,137 participants (n = 4,405; N = 39,137) from the population estimates were 

identified as static stayers (45.2%). Static stayers are defined as NPs who voluntarily stayed in a 

primary nursing position of employment and have not considered leaving. The results for the 

static stayer group are reported as population estimates unless stated otherwise below and in 

Table 22.  

The largest percentage of static stayers belonged to the age group ranging from 40 to 49 

(30.8%). The second-largest percentage of static stayers belonged to the 30 to 39 age group 

range (27.5%). Like the other voluntary turnover groups, most static stayers were female 

(89.6%) and were married or in a domestic partnership (80.4%). Most were also prepared to the 

educational level of an MSN degree (87.4%), and 10.6% had earned a doctorate in nursing. 
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Static stayers predominantly self-reported their race as White (80.6%). The second-largest self-

reported race was Black (8.5%).  

A majority (85.3%) of the static stayers had three to 34 years of NP experience, and 

13.2% had less than two years of NP work experience. Most static stayers were working full-

time (83.2%) in a clinic/ambulatory setting (61.0%). Most static stayers were nationally certified 

in the family (54.4%) or adult (not acute care) (15.5%) populations. The average annual earnings 

from the primary position of employment for the static stayer group was approximately $100,890 

a year. Static stayers primarily rated their overall level of job satisfaction as extremely satisfied 

(73.6%). Almost all (99.1%) of static stayers reported they were either satisfied (25.5%) or 

extremely satisfied (73.6%) with their current position of employment compared to very few 

static stayers who reported they were dissatisfied (0.3%) or extremely dissatisfied (0.6%).  

Table 22 

Demographic and Job Characteristics for Static Stayers  

Variable Sample 

Estimates 

n = 4,405 

(valid %) 

Population Estimates 

N = 39,137 

N (valid %) SE (%) 95% CI DEFF b 

Age  

≤ 29 years  

30-39 

40-49 

50-59 

60-69 

≥ 70 years 

 

    64   (1.5) 

1015 (23.0) 

1172 (26.6) 

1102 (25.0) 

  923 (20.9) 

  129   (2.9) 

 

    663.5    (1.7) 

10758.1  (27.5) 

12048.1  (30.8) 

  9226.4  (23.6) 

  5590.7  (14.3) 

    849.6    (2.2) 

 

 101.5 (0.3) 

 490.8 (1.1) 

 508.3 (1.1) 

 419.8 (1.0) 

 267.8 (0.7) 

 123.8 (0.3) 

 

[464.5, 862.5] 

[9796.1, 11720.0] 

[11052.3, 13045.2] 

[8403.5, 10049.2] 

[5065.8, 6115.5] 

[606.9, 1092.3] 

 

1.8  

2.8  

2.7  

2.3 

1.5  

2.1  

Gender 

Female 

Male 

 

4035 (91.6) 

  370   (8.4) 

 

35062.1  (89.6) 

  4074.9  (10.4) 

 

 769.8 (0.8) 

 353.0 (0.8) 

 

[33553.1, 36571.1] 

[3383.1, 4766.8] 

 

1.6  

1.9  

Marital status 

Married or in a domestic 

partnership 

Separated, divorced, or 

widowed 

Never married 

 

 

3536 (80.2) 

 

  604   (3.7) 

  265   (6.0) 

 

31479.5  (80.4) 

 

  5018.3  (12.8) 

  2639.2    (6.7) 

 

 758.3 (0.9) 

 

 306.7 (0.7) 

 250.2 (0.6) 

 

[29993.1, 32965.9] 

 

[4417.2, 5619.4] 

[2148.8, 3129.7] 

 

1.6  

 

1.5  

1.7  
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Table 22 – continued.  

Variable Sample 

Estimates 

n = 4,405 

(valid %) 

Population Estimates 

N = 39,137 

N (valid %) SE (%) 95% CI DEFF b 

Race 

American  

Indian/Alaska Native  

Asian  

Black  

Native Hawaiian/ Pacific 

Islander 

White 

Some other race 

Multiracial 

 

 

    25   (0.6) 

   

  198   (4.5) 

  200   (4.5)      

     8    (0.2) 

 

3837 (87.1) 

    49   (1.1) 

    88   (2.0) 

 

    231.9    (0.6) 

   

  2029.3    (5.2) 

  3318.3    (8.5)     

    121.4    (0.3) 

 

 31536.1 (80.6) 

   1176.2   (3.0) 

     723.8   (1.8) 

 

   83.2 (0.2) 

  

 197.3 (0.5) 

 320.8 (0.8)    

   52.5 (0.1) 

 

 719.6 (1.0) 

 229.0 (0.6) 

 108.9 (0.3) 

 

[68.9, 394.9] 

 

[1642.6, 2416.0] 

[2689.4, 3947.2] 

[18.5, 224.3] 

 

[30125.6, 32946.6] 

[727.3, 1625.1] 

[510.4, 937.3] 

 

3.5  

 

2.7  

3.7  

2.7  

 

2.3  

1.4  

1.6  

Highest level of nursing 

education 

Diploma 

ADN 

BSN 

MSN 

PhD/DNP 

 

 

 

    18   (0.4) 

    24   (0.5) 

    52   (1.2) 

3825 (86.8) 

  486 (11.0) 

 

 

    107.9    (0.3) 

    186.8    (0.5) 

    500.7    (1.3) 

34212.1  (87.4) 

  4129.5  (10.6) 

 

 

   35.9 (0.1) 

   73.7 (0.2) 

 180.2 (0.5) 

 774.2 (0.8) 

 285.5 (0.7) 

 

 

[37.5, 178.4] 

[42.4, 331.2] 

[147.5, 853.9] 

[32694.6, 35729.7] 

[3569.9, 4689.1] 

 

 

1.4  

3.4  

7.6 

2.6  

2.4  

Work experience as NP  

2 years or less 

3 to 34 years 

35 years or more 

 

  462 (10.5) 

3839 (87.2) 

  104   (2.4) 

 

 

 

  5160.0  (13.2) 

33397.7  (85.3) 

    579.3    (1.5) 

 

   

 

   379.6 (0.9) 

   757.0 (0.9) 

     80.0 (0.2) 

 

  

 

[4416.0, 5904.0]  

[31914.0, 34881.5] 

[422.5, 736.1] 

 

 

 

3.4  

2.5  

1.3  

Employment status  

Full-time 

Part-time 

 

 

3620 (82.2) 

  785 (17.8) 

 

32570.8  (83.2) 

  6566.3  (16.8) 

 

 788.3 (0.8) 

 323.3 (0.8) 

 

[31025.6, 34116.0] 

[5932.6, 7199.9] 

 

2.7  

1.9  

Employment setting  

Hospital (not mental health) 

Other inpatient setting 

Clinic/Ambulatory 

Other types of settings 

 

 

  941 (21.4) 

  271   (6.2) 

2846 (64.6) 

  347   (7.9) 

 

  9396.5  (24.0) 

  3024.9    (7.7) 

23873.8  (61.0) 

  2841.8    (7.3) 

 

 484.6 (1.1) 

 246.7 (0.6) 

 638.8 (1.1) 

 224.5 (0.6) 

 

[8446.7, 10346.3] 

[2541.4, 3508.4] 

[22621.7, 25125.9] 

[2401.7, 3281.9] 

 

3.1  

2.4  

2.3  

2.1  

NP Certification/Population Foci a 

Acute care, adult 

Adult  

Family 

Gerontology 

Pediatric 

Psychiatric & mental health 

Other 

Not certified 

 

 

  260   (5.3) 

  618 (12.6) 

2528 (51.4) 

  266   (5.4) 

  503 (10.2)  

  416   (8.5) 

   289  (5.9) 

     33  (0.7) 

 

  2376.0    (6.1) 

  6056.1  (15.5) 

21276.0  (54.4) 

  2497.9    (6.4) 

  5001.2  (12.8)   

  3313.3    (8.2) 

  2915.5    (7.4) 

    443.2    (1.1) 

 

 202.3 (0.5) 

 363.8 (0.9) 

 618.7 (1.1) 

 214.5 (0.5) 

 318.2 (0.8)  

 234.2 (0.6) 

 292.3 (0.7) 

 107.2 (0.3) 

 

[1979.5, 2772.6] 

[5343.2, 6769.1] 

[20063.4, 22488.7] 

[2077.4, 2918.4] 

[3477.4, 5624.9] 

[2754.4, 3672.3] 

[2342.6, 3488.4] 

[233.0, 653.4] 

 

2.0 

2.7  

2.4  

2.2  

2.4  

2.0  

2.0  

2.9  

Average Annual Earnings from 

Primary Position 

 

- $100,889.87 $778.13 [99364.72, 102415.03] 0.3  
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Table 22 – continued.  

Variable Sample 

Estimates 

n = 4,405 

(valid %) 

Population Estimates 

N = 39,137 

N (valid %) SE (%) 95% CI DEFF b 

Overall Job Satisfaction  

Extremely Satisfied 

Satisfied 

Dissatisfied 

Extremely Dissatisfied 

 

3290 (74.6) 

1079 (24.5) 

    16   (0.4) 

    20   (0.5) 

 

28791.3 (73.6) 

  9989.7 (25.5) 

    124.2   (0.3) 

    231.8   (0.6) 

 

708.6 (1.1) 

478.9 (1.0) 

  39.4 (0.1) 

835.7 (0.2) 

 

[27402.4, 30180.2] 

[9051.0, 10928.4] 

[47.0, 201.4] 

[100.2, 363.5] 

 

2.4  

2.8  

1.5  

2.7  

Note. Column percentages total 100% for each variable. 
a It was expected the frequencies for the NP certification/population foci would be greater than the sample size 

because they are not mutually exclusive. Some NPs may be nationally certified in more than one population foci.  
b Design Effect (DEFF) reflects the magnitude of increases made to the sample estimates to report the corrected 

population estimates due to complex sampling.  

 

Comparisons Across the NP Voluntary Turnover Groups 

Tables 18-22 describe the demographic and job characteristics for the NP voluntary 

turnover groups of dynamic leavers, static leavers, dynamic stayers, and static stayers. Table 23 

presents the population estimates for all four NP voluntary turnover groups. While some of the 

characteristics were similar, there were some differences among the NP voluntary turnover 

groups. The age and job satisfaction variables demonstrated the greatest differences between 

groups, so these variables were further collapsed and are also presented in Table 24. Figures 7 

and 8 also display age ranges and job satisfaction by group for more meaningful interpretation.  

Demographics 

 Gender and marital status were very similar for all four of the NP voluntary turnover 

groups. All the groups were greater than ninety-percent female, and more than 74% self-reported 

as married or in a domestic partnership.  

There were notable demographic differences among the groups for race, the highest level 

of nursing education, and age variables. The greatest percentage of static leavers self-reported 

their race as White (95.4%). Static leavers had the smallest percentage of masters (77.3%) and 

doctoral (9.0%) degrees and the greatest percentage of diploma (3.6%) and BSN (9.1%) degrees.  
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One of the largest demographic differences between the voluntary turnover groups was 

age. The greatest percentage of dynamic leavers (34.8%) and dynamic stayers (34.8%) reported 

they were age 30 to 39. The greatest percentage of static leavers reported they were age 60 to 69 

(34.5%). The greatest percentage of static stayers reported they were age 40 to 49 (30.8%). 

Dynamic leavers had the greatest percentage of NPs who were under age 50 (69.5), and static 

leavers had the least (22.3%). The Static leavers had the greatest percentage of NPs who were 

over the age 50 or older (77.7%), and dynamic leavers had the least (30.5%). Figure 7 presents a 

line graph of the age ranges for each voluntary turnover group for comparison.  
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Figure 7 

Line Graph of Age Ranges for NP Voluntary Turnover Groups 

 

Job Characteristics 

The similarities and group differences are presented for each job characteristic. 

Employment status and employment setting were very similar for three of the NP voluntary 

turnover groups (i.e., dynamic leavers, dynamic stayers, static stayers). Most of these NPs had 

worked or were working full-time, regardless of the voluntary turnover group. Additionally, 

most of the NPs had worked or were working in clinic/ambulatory settings.  

There were differences related to NP work experience, national certification/population 

foci, average annual earnings from primary position, and overall job satisfaction. Static leavers 

had the greatest percentage of NP work experience, with 10.6% reporting they had been working 

as an NP for 35 years or more. The family certification was the most frequently reported 

population foci for all the voluntary turnover groups, but static leavers were less likely to report 

being family certified (29.1%), which was at least 25 percentage points lower than any other 
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voluntary turnover groups. The static leaver group also had the greatest percentage of NPs 

without national certification (22.6%); although the weighted group size was small (N = 237.4), 

the percentage of NPs without national certification was less than 1.2% for all other voluntary 

turnover groups. 

There were differences in the population estimates for the average annual earnings from 

the primary position of employment for the voluntary turnover groups. On average, dynamic 

leavers earned the least per year (M = $95,405.11), dynamic stayers were the second-highest 

earners (M = $98,439.47), and static stayers were earning the most per year (M = $100,889.87) 

for all NPs working full-time and part-time. Annual earnings information was not available for 

static leavers. 

One of the largest differences among the voluntary turnover groups was related to job 

satisfaction. Job satisfaction data were not available for the static leaver group. Static stayers 

were extremely satisfied with their current jobs most frequently (73.6%). The dynamic stayers 

were satisfied with their current jobs most frequently (62.0%). Although dynamic leavers left 

their previous jobs, they still reported they were satisfied with their previous jobs most 

frequently (44.9%) but less frequently than NPs from the dynamic stayer (62.0%) group. 

 Additionally, dynamic leavers reported the highest percentages of job dissatisfaction 

(23.2%) and extreme job dissatisfaction (12.0%). All three of the voluntary turnover groups who 

reported on job satisfaction were more satisfied than unsatisfied. Figure 8 depicts a diverging bar 

chart with the valid percentages for the level of job satisfaction for the dynamic leaver, dynamic 

stayer, and static stayer voluntary turnover groups. The diverging bar chart illustrates satisfied 

and extremely satisfied NPs on the right and dissatisfied and extremely dissatisfied NPs on the 

left (see Figure 8). Valid percentages are presented for the population estimates.  
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Figure 8 

Diverging Bar Chart of Job Satisfaction for NP Voluntary Turnover Groups 

Note. The diverging bar chart illustrates satisfied and extremely satisfied NPs on the right and dissatisfied and 

extremely dissatisfied NPs on the left for each voluntary turnover group. Valid percentages are reported for 

population estimates. 

 

 

Table 23 

 

Demographic and Job Characteristics for the NP Voluntary Turnover Groups 

 
Variable Dynamic Leavers 

(N = 8,243) 

Static Leavers  
(N = 1,048) 

Dynamic Stayers 
(N = 39,253) 

Static Stayers 
(N = 39,137) 

Population Estimates 

(valid %) 

Population Estimates 

(valid %) 
Population Estimates 

(valid %) 
Population Estimates 

(valid %) 
Age  

≤ 29 years  

30-39 

40-49 

50-59 

60-69 

≥ 70 years 

 

 

  287.3     (3.5) 

2871.9   (34.8) 

2570.8   (31.2) 

1503.1   (18.2) 

  886.6   (10.8) 

  122.9     (1.5) 

 

      9.9   (1.0) 

    22.2   (2.1) 

  202.0 (19.3) 

  317.4 (30.3) 

  361.7 (34.5) 

  134.6 (12.8) 

 

  1137.3   (2.9) 

13640.5 (34.8) 

11962.5 (30.5) 

  8552.8 (21.8) 

  3785.3   (9.6) 

    174.3   (0.4) 

 

   663.5    (1.7) 

10758.1  (27.5) 

12048.1  (30.8) 

  9226.4  (23.6) 

  5590.7  (14.3) 

    849.6    (2.2) 

Gender 

Female 

Male 

 

 

7720.5   (93.7) 

  522.0     (6.3) 

 

  954.7 (91.1) 

    93.2   (8.9) 

 

35900.7 (91.5) 

  3351.9   (8.5) 

 

35062.1  (89.6) 

  4074.9  (10.4) 

Marital status 

Married or in a 

domestic partnership 

Separated, divorced, 

or widowed 

Never married 

 

 

6267.0   (76.0) 

 

1048.6   (12.7)  

 

  927.0   (11.2) 

 

  778.5 (74.3) 

   

  186.2 (17.8) 

  

    83.2   (7.9) 

 

30718.4  (78.3) 

   

  4317.8  (11.0) 

  

  4216.5  (10.7) 

 

31479.5  (80.4) 

  

 5018.3  (12.8) 

   

2639.2    (6.7) 
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Table 23 – continued.  

 
Variable Dynamic Leavers 

(N = 8,243) 

Static Leavers  
(N = 1,048) 

Dynamic Stayers 
(N = 39,253) 

Static Stayers 
(N = 39,137) 

Population Estimates 

(valid %) 

Population Estimates 

(valid %) 
Population Estimates 

(valid %) 
Population Estimates 

(valid %) 
Race 

American  

Indian/Alaska Native  

Asian  

Black  

Native Hawaiian/ 

Pacific Islander 

White 

Some other race 

Multiracial 

 

 

    77.0     (0.9) 

 

  429.7     (5.2) 

1009.5   (12.2) 

    64.6     (0.8) 

 

 6072.5  (73.7) 

   333.3    (4.0) 

   258.1    (3.1) 

 

     0.0   (0.0) 

      

     7.4   (0.7) 

   18.6   (1.8)     

     0.0   (0.0) 

 

 999.2 (95.4) 

     1.5   (0.1) 

   21.3   (2.0) 

 

    116.9    (0.3) 

   

  1136.7    (2.9) 

  3439.1    (8.8)    

    135.3    (0.3) 

 

32471.5  (82.7) 

    803.5    (2.0) 

  1149.6    (2.9) 

 

  231.9    (0.6) 

 

2029.3    (5.2) 

3318.3    (8.5) 

  121.4    (0.3) 

 

31536.1 (80.6) 

  1176.2   (3.0) 

    723.8   (1.8) 

Highest level of nursing 

education 

Diploma 

ADN 

BSN 

MSN 

PhD/DNP 

 

 

 

    18.8     (0.2) 

    43.2     (0.5) 

    17.1     (0.2) 

7106.7   (86.2) 

1056.8   (12.8) 

 

 

   38.0   (3.6) 

   10.0   (1.0) 

   95.7   (9.1) 

 810.0 (77.3) 

   94.2   (9.0) 

 

 

      16.5    (0.0) 

    242.7    (0.6) 

    257.9    (0.7) 

35009.2  (89.2) 

  3726.3    (9.5) 

 

 

 107.9    (0.3) 

 186.8    (0.5) 

 500.7    (1.3) 

    34212.1  (87.4) 

      4129.5  (10.6) 

Work experience as NP  

2 years or less 

3 to 34 years 

35 years or more  

 

1897.4   (23.0) 

6293.6   (76.4) 

    51.6     (0.6) 

 

 

   10.7   (1.0) 

 926.3 (88.4) 

 110.9 (10.6) 

 

   5683.0 (14.5) 

 33351.0 (85.0) 

     218.7   (0.6) 

 

 

 5160.0  (13.2)   

     33397.7  (85.3) 

         579.3    (1.5) 

 
Employment status b 

Full-time 

Part-time 

 

 

6658.6   (80.8) 

1584.0   (19.2) 

 

- 

- 

 

  33420.1 (85.1) 

    5832.6 (14.9) 

 

32570.8  (83.2) 

  6566.3  (16.8) 

Employment setting b 

Hospital (not mental 

health) 

Other inpatient setting 

Clinic/Ambulatory 

Other types of settings 

 

 

1658.6   (20.1) 

   

  886.9   (10.8) 

4740.2   (57.5) 

  957.0   (11.6) 

 

- 

 

- 

- 

- 

 

10405.9 (26.5) 

   

  2424.6   (6.2) 

23402.4 (59.6) 

  3019.8   (7.7) 

 

 9396.5  (24.0) 

  

 3024.9    (7.7) 

     23873.8  (61.0) 

 2841.8    (7.3) 

NP 

Certification/Population 

Foci a 

Acute care, adult 

Adult  

Family 

Gerontology 

Pediatric 

Psychiatric & mental 

health 

Other 

Not certified 

 

 

   

 

  583.3     (7.1) 

1291.5   (15.7) 

4965.8   (60.2) 

  795.7     (9.7) 

  570.6     (6.9)   

  770.7     (9.4) 

 

  510.9     (6.2) 

    45.5     (0.6) 

   

 

 

  84.0   (8.0) 

126.1 (12.0) 

304.5 (29.1) 

  62.2   (5.9) 

157.0 (15.0) 

  35.4   (3.4) 

 

133.1 (12.7) 

237.4 (22.6) 

 

   

 

  2470.1   (6.3) 

  6086.9 (15.5) 

23476.8 (59.8) 

  2718.0   (6.9) 

  3847.1   (9.8)  

  2781.6   (7.1) 

 

  2318.2   (5.9) 

    468.7   (1.2) 

 

  

 

 2376.0    (6.1)   

 6056.1  (15.5) 

     21276.0  (54.4) 

  2497.9    (6.4) 

  5001.2  (12.8) 

  3313.3    (8.2) 

 

  2915.5    (7.4) 

    443.2    (1.1) 

Average Annual Earnings 

from Primary Position b 

 

      $95,405.11 - $98,439.47 $100,889.87 
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Table 23 – continued.  

 
Variable Dynamic Leavers 

(N = 8,243) 

Static Leavers  
(N = 1,048) 

Dynamic Stayers 
(N = 39,253) 

Static Stayers 
(N = 39,137) 

Population Estimates 

(valid %) 

Population Estimates 

(valid %) 
Population Estimates 

(valid %) 
Population Estimates 

(valid %) 
Overall Job Satisfaction b 

Extremely satisfied 

Satisfied 

Dissatisfied 

Extremely dissatisfied 

 

1642.3   (19.9) 

3697.0   (44.9) 

1915.9   (23.2) 

  987.5   (12.0) 

 

- 

- 

- 

- 

 

  9899.7 (25.2) 

24340.1 (62.0) 

  4512.5 (11.5) 

    500.4   (1.3) 

  

28791.3 (73.6)    

  9989.7 (25.5) 

    124.2   (0.3) 

    231.8   (0.6) 

Note. Column percentages total 100% for each variable. Valid row percentages with a 10% difference or greater are 

presented in bold font to indicate meaningful differences between groups. 
a It was expected the frequencies for the NP certification/population foci would be greater than the sample size 

because they are not mutually exclusive. Some NPs may be nationally certified in more than one population foci.  
b Sample estimates for the employment status, employment setting, average annual earnings from primary position, 

and overall job satisfaction variables were missing for the static leaver group.  

 

 

Table 24 

 

Age and Overall Job Satisfaction for the NP Voluntary Turnover Groups 

Variable Dynamic Leavers 

(n = 8,243) 

Static Leavers  

(n = 1,048) 

Dynamic Stayers 

(n = 39,253) 

Static Stayers 

(n = 39,137) 
Population 

Estimates 

 (valid %) 

Population 

Estimates 

(valid %) 

Population 

Estimates 

(valid %) 

Population 

Estimates 

(valid %) 
Age  

≤ 49 years 

≥ 50 years 

 

 

  5730.0   (69.5) 

  2513.0   (30.5) 

 

    234.1   (22.3) 

    813.9   (77.7) 

  

 

   26740.3   (68.1) 

   12512.7   (31.9) 

   

 

 

    23469.7   (60.0) 

    15667.3   (40.0) 

    

Overall Job Satisfaction a 

Satisfied 

Dissatisfied 

 

 5339.3  (64.8) 

 2903.7  (35.2) 

 

- 

- 

 

    34239.8   (87.2) 

      5013.2   (12.8) 

 

    38781.0   (99.1) 

        356.0     (0.9) 

Note. Column percentages total 100% for each variable. Valid row percentages with a 10% difference or greater are 

presented in bold font to indicate meaningful differences among groups for the corresponding variables.  
a Sample estimates for the overall job satisfaction variables were missing for the static leaver group.  
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Research Question 2 

Research Question 2: What characteristics best distinguish subgroups of dynamic leavers 

reporting similar NP differences, reasons for leaving, working conditions, and training topic 

needs? 

Research Question 2 required four separate cluster analyses resulting in four separate 

sub-questions (i.e., Research Questions 2.1-2.4) to analyze each set of variables for NP 

differences, reasons for leaving, working conditions, and training topic needs. As described in 

Chapter 3, these variable sets were chosen to reflect the conceptual framework and the survey 

structure. The following sections describe the results for two-step cluster analyses required to 

answer Research Questions 2.1 through 2.4.  

Two-step Cluster Results for Research Question 2.1: NP Differences 

A two-step cluster analysis was conducted to distinguish subgroups of dynamic leavers 

using NP differences using a combination of demographic and job characteristic variables for the 

dynamic leaver group described in Research Question 1. The list of variables selected for the 

analysis to answer Research Question 2.1 are in Chapter 3 (see Table 11). A total of nine 

variables from the conceptual domain of NP differences were initially selected for the analysis 

and include the following variables: age, gender, marital status, race, the highest level of nursing 

education, work experience as NP, full- or part-time employment status, employment setting, and 

eight types of NP certification/population foci (i.e., acute care adult, adult, family, gerontology, 

pediatric, psychiatric, and mental health, other, and not certified).  

When all variables for Research Question 2.1 were used, it resulted in a fair quality two-

cluster solution with an average silhouette measure of 0.3 for the initial model. An iterative 

approach to model building resulted in multiple poor and fair cluster quality solutions. Each 
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variable used at the time of analysis in SPSS is labeled as an “input.” Each iteration required 

selecting and eliminating inputs for the NP differences variables based on theory and trial and 

error. Ultimately, the best cluster solution included two clusters related to NP 

certification/population foci and work experience. A total of nine inputs, which included eights 

types of NP certification/population foci (i.e., acute care adult, adult, family, gerontology, 

pediatric, psychiatric, and mental health, other, and not certified) and work experience created a 

good quality two-cluster solution for the NP Differences model with a silhouette measure of 0.5. 

The removal of various NP certification types/population foci resulted in poorer model quality 

than when all the NP certification/population foci types were included in the model 

simultaneously. The predictors of most importance belonged to the NP certification/population 

foci domain (i.e., family or adult certified). Dynamic leavers who were not certified was of the 

least importance. I labeled the clusters of dynamic leavers based on distinguishing intra-cluster 

similarities and inter-cluster differences for each cluster group.  

Cluster 1 (n = 2120, labeled “family certified” subgroup, 55.5% of participants) had the 

largest cluster membership when compared to Cluster 2 (n = 1699, labeled “adult certified and 

other populations” subgroup, 44.5% of participants) for the NP differences two-cluster solution. 

The SPSS Model Summary for NP Differences (Figure 9) reports the number of inputs, the 

number of clusters, and the overall cluster quality reported by the silhouette measure of cohesion 

and separation. The Cluster Memberships for NP Differences (Figure 10) presents the number of 

clusters and each cluster's size. Table 25 presents the Cluster Membership Results for NP 

Differences, and Figure 11 presents the Predictors of Importance for NP Differences, which 

ranks all the predictors used in the two-cluster solution in descending order, from most important 

to least important.  



 

166 

 

Figure 9 

Model Summary for NP Differences 

 
Note. This figure is presented in color. 

Figure 10 

Cluster Memberships for NP Differences  

 

 
Note. Cluster 1 (n = 2120, labeled “family certified” subgroup, 55.5% of participants) had the largest cluster 

membership when compared to Cluster 2 (n = 1699, labeled “adult certified and other populations” subgroup, 44.5% 

of participants) for the NP differences two-cluster solution. This figure is presented in color. 

 

55.5%
44.5%

Family certified

Adult certified and other
populations
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Table 25 

Cluster Membership Results for NP Differences (n = 3,819) 

Variable Cluster 1 

“family certified” 

n = 2,120 (55.5%) 

Cluster 2 

“adult certified and other populations” 

n = 1,699 (44.5%) 

 Frequencies 

(valid %) 
Frequencies 

(valid %) 
NP Certification/Population Foci 

Acute care, adult 

Yes 

No 

Adult a 

Yes 

No 

Family a 

Yes 

No 

Gerontology 

Yes 

No 

Pediatric 

Yes 

No 

Psychiatric & Mental health 

Yes 

No 

Other 

Yes 

No 

Not certified 

Yes 

No 

 

       

      0   (0.0) 

2120 (59.7) 

 

      0   (0.0) 

2120 (65.8) 

 

2120 (92.3) 

      0   (0.0) 

 

      0   (0.0) 

2120 (61.4) 

 

      0   (0.0) 

2120 (59.6) 

 

     0   (0.0) 

2120 (61.3) 

 

      0   (0.0) 

2120 (61.3) 

 

      0   (0.0) 

2120 (55.8) 

 

 

    269 (100.0) 

  1430   (40.3) 

 

   599 (100.0) 

 1100   (34.2) 

 

   177     (7.7) 

 1522 (100.0) 

 

   369 (100.0) 

 1330   (38.6) 

 

   261 (100.0) 

 1438   (40.4) 

 

   360 (100.0) 

 1339   (38.7) 

 

    238 (100.0) 

  1461  (40.8) 

   

     22 (100.0) 

 1677   (44.2) 

Work experience as NP  

2 years or less 

3 to 34 years 

35 years or more 

 

  505 (57.8) 

1615 (55.3) 

      0   (0.0) 

 

   368  (42.2)      

  1305  (44.7) 

      26 (100.0) 

Note. A total of nine inputs created a good quality two-cluster solution for the NP Differences model with a 

silhouette measure of 0.5. Row percentages total 100% for each variable. Valid row percentages with a 10% 

difference or greater are presented in bold font to indicate meaningful differences among groups for the 

corresponding variables.  
a Indicates predictor of importance values ≥ 0.6.  
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Figure 11 

Predictors of Importance for NP Differences 

 
Note. Dynamic leavers certified in family and adult populations had predictor of importance values ≥ 0.6. All the 

variables appearing in the model are ranked in descending order from most important to least important.  

 

Summary of Results for Research Question 2.1: NP Differences 

Among NPs who left a primary position of employment, none of the demographic 

differences and only three job-related characteristics (i.e., family certified, adult certified, and 

NP work experience) resulted in a well-differentiated two-cluster good quality solution. The 

most important predictor for the NP differences model was national certification in the 

population foci of family. The family and adult population variables had predictor of importance 

levels ≥ 0.6. There were no other populations represented in the “family certified” subgroup, 

although 177 (7.7%) participants in the “adult certified and other populations” subgroup were 
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also certified as family NPs. None of the “family certified” subgroup participants had 35 or more 

years of work experience.  

Two-step Cluster Results for Research Question 2.2: Reasons for Leaving 

A two-step cluster analysis was conducted to distinguish subgroups of dynamic leavers 

based on their reasons for leaving. Reasons for leaving included 19 dichotomous items listed in 

Table 12. Variables from the extrinsic hygienes domain included better pay/benefits, working 

conditions (i.e., inadequate staffing, patient population, physical demands of the job, scheduling 

or inconvenient hours, a stressful work environment, and burnout), interpersonal relationships 

(i.e., interpersonal differences with colleagues and supervisors and lack of 

collaboration/communication between health care professionals), and administrative support 

(i.e., lack of good management or leadership).  

Variables from the intrinsic motivator domain included autonomy (i.e., inability to 

practice to full extent of license) and professional growth (i.e., career advancement/promotion, 

lack of advancement opportunities, and school or educational program). Variables from the NP 

differences domain included career change, geographic location (i.e., length of commute, 

relocation, spouse’s employment opportunities), and family caregiving.    

When all variables for Research Question 2.2 were used, it resulted in a fair quality two-

cluster solution with an average silhouette measure of 0.3 for the initial model. An iterative 

approach to cluster creation resulted in multiple poor and fair two- and three-cluster quality 

solutions. Each iteration required the selection and elimination of inputs for the model. I 

attempted to keep the predictor of greatest importance for each conceptual domain and used a 

stepwise process to eliminate variables from the model with lower importance levels. I tried 
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multiple solutions to generate a model of good cluster quality with a minimum silhouette 

measure of 0.5 with a meaningful interpretation for final model selection.  

A total of six inputs, four from the extrinsic hygienes domain and two from the intrinsic 

motivator domain, created a good quality two-cluster solution for the reasons for leaving model 

with an average silhouette measure of 0.6. The four extrinsic hygienes in the model were 

administrative support (i.e., lack of good management/ or leadership), working conditions (i.e., 

inadequate staffing), and interpersonal relationships (i.e., lack of collaboration and interpersonal 

differences). The two intrinsic motivators in the model were autonomy (i.e., inability to practice 

to full extent of license) and professional growth (lack of advancement opportunities). The 

predictors of most importance were a lack of good management or leadership and inadequate 

staffing. The inability to practice to full extent of license was the predictor of least importance 

for the two-cluster solution. Measurements of model fit were negligible when the inability to 

practice to full extent of license variable was added or removed. A decision was made to keep 

the inability to practice to full extent of license variable in the final model selection since it 

represented one of the intrinsic motivators. I created labels to name subgroups of dynamic 

leavers based on the most important reasons for leaving for each cluster group.  

The two clusters were titled “other reasons not provided” and “poor work environment.” 

The SPSS Model Summary for Reasons for Leaving is presented in Figure 12. The Cluster 

Memberships for Reasons for Leaving are presented in Figure 13 and Table 26. Figure 14 

presents the Predictors of Importance for Reasons for Leaving in the two-cluster solution. 
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Figure 12 

Model Summary for Reasons for Leaving 

 
 
Note. This figure is presented in color. 

Figure 13  

Reasons for Leaving Cluster Memberships 

 

 
Note. Cluster 1 (n = 1,665, labeled “other reasons not provided” subgroup, 43.6% of participants) had smaller cluster 

membership when compared to the larger Cluster 2 (n = 2,154, labeled “poor work environment” subgroup, 56.4% 

of participants) for the reasons for leaving two-cluster solution. This figure is presented in color. 

 

  

56.4%

43.6%
Poor work environment

Other reasons not provided
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Table 26 

 

Cluster Membership Results for Reasons for Leaving (n = 3,819) 

Variable Cluster 1 

“other reasons not provided” 

n = 1,665 (43.6%) 

Cluster 2 

“poor work environment” 

n = 2,154 (56.4%) 
 Frequencies 

(valid %) 
Frequencies 

(valid %) 

Lack of good management or 

leadership a 

Yes 

No 

 

      

      0    (0.0) 

 1665 (75.3) 

 

   

  1607 (100.0) 

    547   (24.7) 

Inadequate staffing a 

Yes 

No 

 

      0    (0.0) 

 1665 (58.0) 

 

    950 (100.0) 

                    1204   (42.0) 

Lack of advancement 

opportunities 

Yes 

No 

      

 

        0   (0.0) 

  1665 (54.5) 

  

 

  766 (100.0) 

  1388   (45.5) 

Interpersonal differences  

Yes 

No 

 

       0   (0.0) 

 1665 (53.2) 

 

  688 (100.0) 

                    1466   (46.8) 

Lack of collaboration 

Yes 

No 

 

       0   (0.0) 

 1665 (52.3) 

 

  635 (100.0) 

                    1519   (47.7) 

Inability to practice to the full 

extent of license 

Yes 

No 

 

 

        0   (0.0) 

  1665 (48.5) 

 

 

     386 (100.0) 

                     1768   (51.5) 

Note. A total of six inputs created a good quality two-cluster solution for the reasons for leaving model with an 

average silhouette measure of 0.6. Row percentages total 100% for each variable. Valid row percentages with a 10% 

difference or greater are presented in bold font to indicate meaningful differences among groups for the 

corresponding variables.  
a Indicates predictor of importance values ≥ 0.6.  
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Figure 14 

Predictors of Importance for Reasons for Leaving  

 

 
Note. Lack of good management and inadequate staffing had predictor of importance values ≥ 0.6. All the variables 

appearing in the model are ranked in descending order from most important to least important.  

 

The dynamic leavers in the “other reasons not provided” cluster did not give reasons as to 

why they left. So, the remainder of the variables used to answer Research Question 2.2 were 

further explored to identify subgroups using other reasons not used in the reasons for leaving 

model. After removing the lack of good management, inadequate staffing, lack of advancement, 

interpersonal differences, lack of collaboration, and inability to practice to full extent of license 

variables that were entirely distinguished by the “poor work environment” cluster group in the 

reasons for leaving model, the other 13 remaining variables were explored. The remaining 

variables from the extrinsic hygienes domain included better pay/benefits, working conditions 

(i.e., patient population, physical demands of the job, scheduling or inconvenient hours age, 
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stressful work environment, and burnout). Variables from the intrinsic motivator domain 

included professional growth (i.e., career advancement/promotion and school or educational 

program). All the variables from the NP differences domain were used and included career 

change, geographic location (i.e., length of commute, relocation, spouse’s employment 

opportunities), and family caregiving.    

When all 13 variables were used, a poor quality three-cluster solution was produced with 

an average silhouette measure of 0.3 for the initial model. I was unable to create a good quality 

model using various combinations of these 13 variables. The highest silhouette measure that 

could be achieved was 0.4, which indicated fair model quality. A logical stepwise process of 

variable selection and elimination can be found in the SPSS syntax located in Appendix C. 

A total of five inputs created a fair quality two-cluster solution for the Other Reasons for 

Leaving Model with an average silhouette measure of 0.4. Out of the five variables, four were 

extrinsic hygienes, and one was attributed to NP differences. The four extrinsic hygienes in the 

model were related to working conditions (i.e., stressful work environment, scheduling or 

inconvenient hours, and burnout) and better pay/benefits. The only NP difference that was found 

to meaningful in the model related to geographic location (i.e., relocation). The predictors of 

most importance were working conditions (i.e., stressful work environment and scheduling or 

inconvenient work hours). The better pay/benefits predictor was of the least importance.  

These findings prompted another focused investigation of the working environment by 

trying to place the stressful work environment and burnout variables back into the reasons for 

leaving model because they seemed to align theoretically. Still, the stressful work environment 

and burnout variables collectively and individually brought the quality of the Reasons for 

Leaving model down. Therefore, the two clusters from the Other Reasons for Leaving model 
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were titled “stressful work environment and inconvenient scheduling” and “relocation.” The 

SPSS Model Summary for Other Reasons for Leaving is presented in Figure 15. The Cluster 

Memberships for Other Reasons for Leaving are presented in Figure 16 and Table 27. Figure 17 

presents the Predictors of Importance for Other Reasons for Leaving in the two-cluster solution. 

Figure 15 

Model Summary for Other Reasons for Leaving 

 
Note. This figure is presented in color. 
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Figure 16 

Cluster Memberships for Other Reasons for Leaving  

 

 
Note. Cluster 1 (n = 1,638, labeled “stressful work environment and inconvenient scheduling” subgroup, 42.9% of 

participants) had smaller cluster membership when compared to the larger Cluster 2 (n = 2,181, labeled “relocation” 

subgroup, 57.1% of participants) for the other reasons for leaving two-cluster solution. This figure is presented in 

color. 

 
 

Table 27 

Cluster Membership Results for Other Reasons for Leaving (n = 3,819) 

Variable Cluster 1 

“stressful work environment and 

inconvenient scheduling” 

n = 1,638 (42.9%) 

Cluster 2 

“relocation” 

n = 2,181 (57.1%) 

 Frequencies 

(valid %) 

Frequencies 

(valid %) 

Stressful work environment a 

Yes 

No 

 

1276    (95.9) 

  362    (14.5) 

 

    55     (4.1) 

2126   (85.5) 

Scheduling or inconvenient 

hours a 

Yes 

No 

 

 

  876    (95.9) 

  762    (26.2) 

 

    

    37     (4.1) 

2144   (73.8) 

Burnout 

Yes 

No 

 

  892    (66.8) 

                  746    (30.0) 

 

  444   (33.2) 

1737   (70.0) 

Relocation 

Yes 

No 

 

    25      (4.5) 

                1613    (49.3) 

 

  525   (95.5) 

1656   (50.7) 

Better pay/benefits 

Yes 

No 

 

   750    (47.4) 

                  888    (39.7) 

 

  832   (52.6) 

1349   (60.3) 

Note. A total of five inputs created a fair quality two-cluster solution for the other reasons for leaving model with an 

average silhouette measure of 0.4. Row percentages total 100% for each variable. Valid row percentages with a 10% 

difference or greater are presented in bold font to indicate meaningful differences among groups for the 

corresponding variables.  
a Indicates predictor of importance values ≥ 0.6.  

57.1%
42.9%

Relocation

Stressful work environment and
inconvenient scheduling
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Figure 17 

Predictors of Importance for Other Reasons for Leaving 

 
Note. The stressful work environment and scheduling or inconvenient hours had predictor of importance values ≥ 

0.6. All the variables appearing in the model are ranked in descending order from most important to least important.  

 

Summary of Results for Research Question 2.2: Reasons for Leaving 

 There were two exploratory models presented to address Research Question 2.2 focused 

on identifying the characteristics that best distinguished subgroups of dynamic leavers reporting 

similar reasons for leaving. The first two-cluster solution had six inputs and generated a good 

quality model with an average silhouette measure of 0.6. Cluster 1 (n = 1,665, labeled “other 

reasons not provided” subgroup, 43.6% of participants) had smaller cluster membership when 

compared to the larger Cluster 2 (n = 2,154, labeled “poor work environment” subgroup, 56.4% 

of participants). Among NPs who left a primary position of employment, none of the 

demographic differences, two intrinsic motivators (i.e., lack of advancement and inability to 
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practice to full extent of license), and four extrinsic hygienes (i.e., lack of good management or 

leadership, inadequate staffing, interpersonal differences, and lack of collaboration) resulted in a 

well-differentiated two-cluster good quality solution. The most important predictor for the 

Reasons for Leaving model was a lack of good management or leadership, which is considered 

an extrinsic hygiene as part of the administrative support conceptual domain. The lack of good 

management or leadership and inadequate staffing variables had predictor of importance levels ≥ 

0.6. Dynamic leavers who selected these variables were members of the “poor work 

environment” subgroup. All the variables used in the model were absent from the “other reasons 

not provided” subgroup (see Table 27), which prompted the development of a second model to 

explore the other reasons for leaving using the other 13 remaining variables. 

The second two-cluster solution investigating other reasons for leaving had five inputs 

(i.e., stress, burnout, scheduling and inconvenient hours, relocation, and better pay/benefits). It 

generated a fair quality model with an average silhouette measure of 0.4. Cluster 1 (n = 1,638, 

labeled “stressful work environment and inconvenient scheduling” subgroup, 42.9% of 

participants) had smaller cluster membership when compared to a larger Cluster 2 (n = 2,181, 

labeled “relocation” subgroup, 57.1% of participants).  

The only NP difference in the model was relocation; all the other variables were extrinsic 

hygienes. The most important predictor for the other reasons for leaving model was a stressful 

work environment. The stressful work environment and scheduling or inconvenient hours 

variables had predictor of importance levels ≥ 0.6. Both variables were primarily represented in 

the “stressful work environment and inconvenient scheduling” subgroup. Most (66.8%) of the 

dynamic leavers indicated burnout as a reason for leaving were members of the “stressful work 

environment and inconvenient scheduling” subgroup. The “relocation” subgroup was primarily 



 

179 

 

represented by participants who primarily indicated relocation as the reason for leaving (95.5%). 

While both groups indicated better pay as a reason for leaving, a slim majority (52.6%) belonged 

to the “relocation” subgroup.  

Two-step Cluster Results for Research Question 2.3: Working Conditions 

Working conditions were specific to the extrinsic hygienes conceptual domain and 

included 7 items representing the number of hours worked (including overtime), patient panel 

size, percentage of time spent with limited English proficiency patients, percentage of time spent 

charting patient care, electronic health record (EHR) use, participateion in team-based care, and 

telehealth use in the workplace. The list of working conditions used for the analysis was 

presented in Table 13. 

When all variables for Research Question 2.3 were used, it resulted in a fair quality two-

cluster solution with an average silhouette measure of 0.3 for the initial model. A stepwise 

approach was used to remove and add variables to create a variety of solutions informed by 

theory and trial and error. There were a variety of six- and seven-cluster solutions with silhouette 

measures greater than 0.7, but these cluster solutions lacked interpretability because most of 

these solutions had multiple groups with very similar predictors of importance.  

After attempting multiple solutions, a total of five inputs created a good quality three-

cluster solution for the working conditions model with an average silhouette measure of 0.6. The 

predictors of most importance were telehealth use in the workplace, participation in team-based 

care, and hours worked each week. Patient panel size was the predictor with the least importance 

in the model.  

I labeled the three clusters “telehealth use,” “increased workload and less participation in 

team-based care,” and “no telehealth use and more participation in team-based care.” The SPSS 
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Model Summary for Working Conditions is presented in Figure 18. The Cluster Memberships for 

Working Conditions are presented in Figure 19 and Table 28. Figure 20 presents the Predictors 

of Importance for Working Conditions in the three-cluster solution. 

Figure 18 

Model Summary for Working Conditions 

 
Note. This figure is presented in color. 
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Figure 19 

Cluster Memberships for Working Conditions 

 
Note. Cluster 1 (n = 663, labeled “telehealth use” subgroup, 17.3% of participants) had the smallest cluster 

membership. Cluster 2 (n = 1,362, labeled “increased workload and less participation in team-based care” subgroup, 

35.7% of participants) had the second-largest cluster membership. Cluster 3 (n = 1,749, labeled “no telehealth use 

and more participation in team-based care” subgroup, 47.0% of participants) had the largest cluster membership for 

the working conditions three-cluster solution. This figure is presented in color. 

 

Table 28 

Cluster Membership Results for Working Conditions (n = 3,819) 

Variable Cluster 1 

“telehealth use” 

n = 663 (17.3%)  

 

Cluster 2 

“increased workload and 

less participation in team-

based care” 

n = 1,362 (35.7%) 

Cluster 3 

“no telehealth use and 

more participation in 

team-based care” 

n = 1,794 (47.0%) 

 Frequencies 

(valid %) 
Frequencies 

(valid %) 
Frequencies 

(valid %) 

Telehealth use in the 

workplace a 

Yes 

No 

 

 

    

   663     (74.2) 

               0       (0.0) 

 

 

    

    230     (25.8) 

  1132     (38.7) 

     

        

       0      (0.0) 

 1794    (61.3)  

Participates in team-based 

care a 

Yes 

No 

N/A 

 

   

   543    (17.5) 

   120    (19.6) 

       0      (0.0) 

 

     

    759    (24.5) 

    491    (80.4) 

112  (100.0) 

 

 

         1794    (58.0) 

     0      (0.0) 

   0      (0.0) 

 

Hours worked in a typical 

week a 

0-50 hours/week 

>50 hours/week 

 

 

  

    663   (19.8) 

                 0     (0.0) 

 

   

     885   (26.5) 

     477 (100.0) 

 

 

           1794     (53.7) 

   0      (0.0) 

 

 

 

17.3%

35.7%

47.0%

Telehealth use

Increased workload and less
participation in team-based care

No telehealth use and more
participation in team-based care
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Table 28 – continued.  

Variable Cluster 1 

“telehealth use” 

n = 663 (17.3%)  

 

Cluster 2 

“increased workload and 

less participation in team-

based care” 

n = 1,362 (35.7%) 

Cluster 3 

“no telehealth use and 

more participation in 

team-based care” 

n = 1,794 (47.0%) 

 Frequencies 

(valid %) 
Frequencies 

(valid %) 
Frequencies 

(valid %) 

% of time spent with 

limited English proficiency 

patients 

0-74% 

75% or more 

 

 

 

      

      663   (19.0) 

                 0     (0.0) 

 

    

 

   1033    (29.6) 

     329  (100.0) 

 

 

 

  1794    (51.4) 

        0      (0.0) 

Patient panel size 

1-1500 patients 

>1500 patients 

 

       663  (18.6) 

                   0    (0.0) 

 

     1106    (31.0) 

       256  (100.0) 

 

 1794    (50.4) 

       0      (0.0) 

Note. A total of five inputs created a good quality two-cluster solution for the working conditions model with an 

average silhouette measure of 0.6. Row percentages total 100% for each variable. Valid row percentages with a 10% 

difference or greater are presented in bold font to indicate meaningful differences and since there are more than two 

groups in this model, there may be more than one for each variable. 
a Indicates predictor of importance values ≥ 0.6.  
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Figure 20 

Predictors of Importance for Working Conditions 

 
Note. Telehealth use in the workplace, participation in team-based care, and hours worked each week variables had 

predictor of importance values ≥ 0.6. All the variables appearing in the model are ranked in descending order from 

most important to least important.  

 

Summary of Results for Research Question 2.3: Working Conditions 

A three-cluster solution investigating working conditions had five inputs and generated a 

good quality model with an average silhouette measure of 0.6. Cluster 1 (n = 663, labeled 

“telehealth use” subgroup, 17.3% of participants) had the smallest cluster membership. Cluster 2 

(n = 1,362, labeled “increased workload and less participation in team-based care” subgroup, 

35.7% of participants) had the second-largest cluster membership. Cluster 3 (n = 1,794, labeled 
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“no telehealth use and more participation in team-based care” subgroup, 47.0% of participants) 

had the largest cluster membership for the working conditions three-cluster solution.  

The most important predictor for the working conditions model was telehealth use in the 

workplace. Telehealth use, participation in team-based care, and hours worked each week 

variables had predictor of importance levels ≥ 0.6. The “telehealth use” subgroup was the 

smallest and participated the least in team-based care. None of the participants from the 

“telehealth use” subgroup worked more than 50 hours per week, and they all had patient panel 

sizes that were less than 1500.  

The dynamic leavers in the “increased workload and less participation in team-based 

care” subgroup were the only participants who indicated they had worked more than 50 a week, 

had patient panel sizes greater than 1500, and indicated that they spent more than 75% of their 

time with patients who had limited English proficiency prior to leaving their previous position of 

employment. These job demands demonstrated increased amounts of workload for this subgroup. 

The “increased workload and less participation in team-based care” subgroup used telehealth 

25.8% of the time and less commonly (80.4%) participated in team-based care. 

The team-based care variable was heavily represented in the “no telehealth use and more 

participation in team-based care” subgroup. All the participants in the “no telehealth use and 

more participation in team-based care” subgroup self-reported they participated in team-based 

care more (58.0%) than the other cluster groups. They did not use telehealth in the workplace 

and did not report increased workloads or complex patient panels.  

Two-step Cluster Results for Research Question 2.4: Training Topic Needs 

 Training topic needs were specific to the conceptual domain of intrinsic motivators as 

part of professional growth and included 11 dichotomous items representing the training needs of 



 

185 

 

dynamic leavers who were asked “what training topics would have helped you do your job 

better?” (HRSA, 2018b, p. 9). The list of training topics categorized as part of the professional 

growth conceptual domain can be found in Table 14 and included evidence-based care, patient-

centered care, team-based care, practice management and administration, social determinants of 

health, working in an underserved community, caring for medically complex special needs 

patients, population-based care, quality improvement, value-based care, mental health, and other. 

Respondents were instructed to select all that apply.  

When all variables for Research Question 2.4 were used, it resulted in a poor quality two-

cluster solution with an average silhouette measure of 0.2 for the initial model. Cluster quality 

ranged from 0.2 to 1.0 with a maximum thirteen-cluster solution. Cluster analyses with less than 

five inputs consistently resulted in more clusters than there were variables. After attempting 

multiple solutions, a total of five inputs created a most meaningful fair quality three-cluster 

solution for the training topic needs model with an average silhouette measure of 0.4. The 

predictors of most importance were working in an underserved community, social determinants 

of health, and patient-centered care. Evidence-based practice was a predictor with the least 

importance.   

The three clusters were titled “vulnerable populations,” “patient-centered care,” and “not 

vulnerable populations or patient-centered care.” The SPSS Model Summary for Training Topic 

Needs is presented in Figure 21. The Cluster Memberships for Training Topic Needs are 

presented in Figure 22 and Table 29. Figure 26 presents the Predictors of Importance for 

Training Topic Needs in the three-cluster solution. 
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Figure 21 

Model Summary for Training Topic Needs 

 
Note. This figure is presented in color. 

Figure 22 

Cluster Memberships for Training Topic Needs 

 
Note. Cluster 1 (n = 1,225, labeled “vulnerable populations” subgroup, 32.1% of participants) had the second largest 

cluster membership. Cluster 2 (n = 986, labeled “patient-centered care” subgroup, 25.8% of participants) had the 

smallest cluster membership. Cluster 3 (n = 1,608, labeled “not vulnerable populations or patient-centered care” 

subgroup, 42.1% of participants) had the largest cluster membership for the training topic needs three-cluster 

solution. This figure is presented in color. 
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Table 29 

Cluster Membership Results for Training Topic Needs (n = 3,819) 

Variable Cluster 1 

“vulnerable populations” 

 

 

 

n = 1,225 (32.1%) 

Cluster 2 

“patient-centered care” 

 

 

 

n = 986 (25.8%) 

 

Cluster 3 

“not vulnerable 

populations or patient-

centered care” 

 

n = 1,608 (42.1%) 

 Frequencies 

(valid %) 
Frequencies 

(valid %) 
Frequencies 

(valid %) 

Working in an underserved 

community a 

Yes 

No 

 

 

     

     910  (100.0) 

     315    (10.8) 

 

    

      0       (0.0) 

  986     (33.9) 

     

        

       0     (0.0) 

  1608   (55.3) 

Social determinants of 

health a 

Yes 

No 

 

 

   

     795  (100.0) 

     430    (14.2)       

 

     

    0       (0.0) 

          986     (32.6) 

 

 

          0      (0.0) 

    1608    (53.2) 

Patient-centered care a 

Yes 

No 

 

 

      681   (40.9) 

              544   (25.3) 

 

 986     (59.1) 

     0       (0.0) 

 

                 0     (0.0) 

 1608   (74.7) 

Team-based care 

Yes 

No 

 

    

       621   (44.9) 

              604   (24.8) 

    

  524    (37.9) 

  462    (19.0) 

 

     239   (17.3) 

   1369   (56.2) 

Evidence-based care 

Yes 

No 

 

      775   (37.7) 

              450   (25.5) 

 

  716    (34.9) 

  270    (15.3) 

 

      563   (27.4) 

    1045   (59.2) 

Note. A total of five inputs created a fair quality three-cluster solution for the training topic needs model with an 

average silhouette measure of 0.4. Row percentages total 100% for each variable. Valid row percentages with a 10% 

difference or greater are presented in bold font to indicate meaningful differences and since there are more than two 

groups in this model, there may be more than one for each variable. 
a Indicates predictor of importance values ≥ 0.6.  
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Figure 23 

Predictors of Importance for Training Topic Needs 

 
Note. Training topic needs for working in an underserved community, social determinants of health, and patient-

centered care variables had predictor of importance values ≥ 0.6. All the variables appearing in the model are ranked 

in descending order from most important to least important. 

 

Summary of Results for Research Question 2.4: Training Topic Needs 

A three-cluster solution investigating training topic needs had five inputs and generated a 

fair quality model with an average silhouette measure of 0.4. Cluster 1 (n = 1,225, labeled 

“vulnerable populations” subgroup, 32.1% of participants) had the second-largest cluster 

membership. Cluster 2 (n = 986), labeled “patient-centered care” subgroup, 25.8% of 

participants) had the smallest cluster membership. Cluster 3 (n = 1,608, labeled “not vulnerable 

populations or patient-centered care” subgroup, 42.1% of participants) had the largest cluster 

membership for the training topic needs three-cluster solution.  
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The most important predictors for the training topic needs model were working in an 

underserved community, social determinants of health, and patient-centered care. All three of 

these variables had predictor of importance levels ≥ 0.6. The “vulnerable populations” subgroup 

was the second largest and reported a need in all the topics in the model but were distinguished 

from the other groups because they were the only participants who indicated they had training 

needs in the topics of working in an underserved community and social determinants of health. 

None of the participants in the “patient-centered care” subgroup indicated a training need in 

working in underserved communities or social determinants of health. The “not vulnerable 

populations or patient-centered care” subgroup was similar to Cluster 1 and Cluster 2 by 

indicating some training needs in the topics of team-based and evidence-based care but did not 

indicate a training need in working in underserved communities, social determinants of health, or 

patient-centered care. The “not vulnerable populations or patient-centered care” subgroup 

indicated the fewest training needs but was the largest cluster (42.1%) in the model. 

Research Question 3 

Research Question 3: What conceptual model best distinguishes dynamic leavers? 

This section describes the results for the two-step cluster analyses required to answer 

Research Question 3. Data management is presented first, followed by the results of the analysis, 

which includes cluster memberships and the validation of the training and testing model. The 

rationale for the selection of the final models is discussed, and the characteristics of the dynamic 

leaver cluster groups from the final models are described using univariate statistics.  

Two-step Cluster Results for Final Models 

To determine what conceptual model best distinguished dynamic leavers, a combination 

of extrinsic hygienes, intrinsic motivators, and NP differences from Research Questions 1 and 2 
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were all combined, along with an additional nine variables, which included overall job 

satisfaction. A complete list of variables used for the analysis and their level of measurements 

are in Tables 11-15. 

The initial stage of model building began by including all 56 variables, which resulted in 

poor quality two- and three-cluster solutions with an average silhouette measure of 0.2 and 0.1 

for the training and testing models with dissimilar predictors of importance. All the variables in 

the initial analysis produced scree plots for visualization to determine the optimal number of 

clusters using Schwarz’s Bayesian Information Criterion (BIC).  

The model building approach progressed by including only the variables that were found 

to be of importance in the model results from Research Question 2. The model started to 

demonstrate improvement with similar two-cluster solutions with fair cluster quality and 

silhouette measures of 0.3 after reducing the variable selection to 14 inputs. This analysis 

included a binary overall job satisfaction variable, a total of nine extrinsic hygienes (i.e., 

employment setting, burnout, lack of good management or leadership, inadequate staffing, 

patient population, better pay/benefits, scheduling or inconvenient hours, stressful work 

environment, number of hours worked a week), two intrinsic motivators (i.e., inability to practice 

to full extent of license and lack of advancement opportunities), and two NP differences (i.e., 

gender and relocation). However, the predictors of importance in the training and testing models 

were still dissimilar. 

Reducing the model to 8 inputs showed even more improvement after removing gender, 

relocation, patient population, better pay/benefits, number of hours worked a week, and 

employment setting. All the NP differences variables had been eliminated at this point in the 

analysis. The remaining combination of extrinsic hygienes (i.e., burnout, lack of good 
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management or leadership, inadequate staffing, scheduling or inconvenient hours, and stressful 

work environment) and intrinsic motivators (i.e., inability to practice to full extent of license and 

lack of advancement opportunities) were combined with overall job satisfaction to generate 

similar two-cluster solutions with fair cluster quality and silhouette measures of 0.4. The most 

important predictors at this point in the analysis were the lack of good management or leadership 

for both models, followed by burnout in the training model and job satisfaction in the testing 

model.  

After incorporating a variety of possible solutions, it became clear that burnout and job 

satisfaction were competing for rank among the predictors of importance and were performing 

better on their own than they were when they were being modeled together. The burnout variable 

improved cluster performance in the training and testing models when combined with other 

working conditions. The addition of intrinsic motivators and job satisfaction decreased model 

performance when the burnout variable was present. Job satisfaction improved cluster 

performance when it was combined with both extrinsic hygienes and intrinsic motivators and 

when the burnout variable was not present. In general, adding NP differences decreased the 

cluster quality in almost every analysis using burnout or job satisfaction as one of the variables.  

One of the distinct advantages of using an exploratory data mining technique is that it is 

an inductive process, indicating there could be more than one valid model among a set of 

variables (McCormick & Salcedo, 2017). A large portion of the analysis was spent exploring 

various combinations using predictors of importance from Research Question 2 to improve 

model performance using job satisfaction and burnout variables either individually or 

simultaneously. This model-building approach also reincorporated variables that had been 

eliminated earlier in the analysis. After attempting multiple solutions, two cluster solutions 
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underwent refinement and (i.e., Model 1: Burnout and Model 2: Job Satisfaction) competed for 

final selection based on overall fit, interpretability, and validation performance. The results for 

Model 1: Burnout and Model 2: Job Satisfaction are presented below. 

Results for Model 1: Burnout  

Model 1 had a total of six inputs and created good two-cluster solutions for the training 

and testing models with average silhouette measures of 0.5. The two clusters were titled “burned 

out from a stressful and demanding work environment” and “not burned out.” Model 1 was 

labeled “burnout.” The model summary for the training set is presented in Figure 24 and the 

model for the testing set is presented in Figure 25. The cluster memberships for the training and 

testing sets are presented in Figures 26 and 27. Table 30 presents the Cluster Membership 

Results Model 1: Burnout, and Figures 28 and 29 present the predictors of importance for the 

model’s two-cluster solutions.  

Figure 24 

Summary of Model 1: Burnout (Training Set) 

 

 
Note. This figure is presented in color. 
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Figure 25 

Summary of Model 1: Burnout (Testing Set) 

 
Note. This figure is presented in color. 
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Figure 26 

Cluster Memberships for Model 1: Burnout (Training Set)

 
Note. Cluster 1 (n = 1,249, labeled “burned out from a stressful and demanding work environment” subgroup, 63.3% 

of participants) had larger cluster membership. Cluster 2 (n = 727, labeled “not burned out” subgroup, 36.7% of 

participants) had the smaller cluster membership for the training set’s two-cluster solution. This figure is presented 

in color. 

 

 

Figure 27 

Cluster Memberships for Model 1: Burnout (Testing Set) 

 
Note. Cluster 1 (n = 1,136, labeled “burned out from a stressful and demanding work environment” subgroup, 61.6% 

of participants) had the smallest cluster membership. Cluster 2 (n = 709, labeled “not burned out” subgroup, 38.4% 

of participants) had the largest cluster membership for the testing set’s two-cluster solution. This figure is presented 

in color. 
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Table 30 

Cluster Membership Results for Model 1: Burnout 

 Training Set 

n = 1,974 

Testing Set 

n = 1,845 

Variable Cluster 1 

“burned out from 

a stressful and 

demanding work 

environment” 

n = 1,249 (63.3%) 

Cluster 2 

“not burned out” 

 

n = 725 (36.7%) 

Cluster 1 

“burned out from a 

stressful and 

demanding work 

environment” 

n = 1,136 (61.6%) 

Cluster 2 

“not burned out” 

 

n = 709 (38.4%) 

 Frequencies 

(valid %) 
Frequencies 

(valid %) 
Frequencies 

(valid %) 
Frequencies 

(valid %) 

Burnout a 

Yes 

No 

 

731 (100.0) 

518   (41.7) 

 

   0    (0.0) 

      725  (58.3) 

 

605 (100.0) 

531  (42.8) 

 

       0    (0.0) 

   709  (57.2) 

Stressful work 

environment a 

Yes 

No 

 

 

714  (100.0) 

535    (42.5) 

 

    

  0    (0.0) 

     725  (57.5) 

 

 

 617  (100.0) 

       519    (42.3) 

 

        

       0    (0.0) 

   709  (57.7) 

Inadequate staffing a 

Yes 

No 

 

489  (100.0) 

     760    (51.2) 

 

  0    (0.0) 

     725  (48.8) 

 

 461  (100.0) 

 675    (48.8) 

 

       0    (0.0) 

   709  (51.2) 

% of time spent with 

limited English 

proficiency patients 

0-74% 

75% or more 

 

 

 

  1068   (59.6) 

    181 (100.0) 

 

 

 

725  (40.4) 

     0    (0.0) 

 

 

 

 988    (58.2) 

 148  (100.0) 

 

 

 

  709    (41.8) 

      0      (0.0) 

Patient panel size 

1-1500 

patients 

>1500 patients 

 

  1123   (60.8) 

     

    126 (100.0) 

 

 725  (39.2) 

      

     0    (0.0) 

 

1006   (58.7) 

   

  130  (100.0) 

 

   709   (41.3) 

        

       0     (0.0) 

Patient population 

contributed to leaving 

Yes 

No 

 

      

     121 (100.0) 

   1128   (60.9) 

 

 

   0    (0.0) 

  725  (39.1) 

 

      

  104  (100.0) 

1032    (59.3) 

 

 

       0     (0.0) 

     709   (40.7) 

Note. A total of six inputs created a “good” quality two-cluster solution for Model 1: Burnout with an average 

silhouette measure of 0.5 in both the training and testing models. Row percentages total 100% for each variable. 

Valid row percentages with a 10% difference or greater are presented in bold font to indicate meaningful differences 

among groups for the corresponding variables for each training and testing set.  
a Indicates predictor of importance values ≥ 0.6.  
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Figure 28 

Predictors of Importance for Model 1: Burnout (Training Set) 

 
Note. Burnout and stressful work environment had predictor of importance values ≥ 0.6 in the training set. All the 

variables appearing in the model are ranked in descending order from most important to least important.  

 

Figure 29 

Predictors of Importance for Model 1: Burnout (Testing Set) 

 
Note. Stressful work environment, burnout, and inadequate staffing variables had predictor of importance values ≥ 

0.6 in the testing set. All the variables appearing in the model are ranked in descending order from most important to 

least important.  
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Summary of Results for Model 1: Burnout. The two-cluster solution for the training 

and testing sets both had six inputs generating good quality models with an average silhouette 

measure of 0.5 for both burnout models. In the training set Cluster 1 (n = 1,249, labeled “burned 

out from a stressful and demanding work environment” subgroup, 63.3% of participants) had 

larger cluster membership when compared to the smaller Cluster 2 (n = 727, labeled “not burned 

out” subgroup, 36.7% of participants). The most important predictor for the training model was 

burnout. Burnout and stressful work environment variables had predictor of importance levels ≥ 

0.6. Both variables were only represented in the “burned out from a stressful and demanding 

work environment” subgroup. Although inadequate staffing did not have a predictor of 

importance level ≥ 0.6 in the training model, it was only represented by members of the “burned 

out from a stressful and demanding work environment” subgroup. 

In the testing model, Cluster 1 (n = 1,136, labeled “burned out from a stressful and 

demanding work environment” subgroup, 61.6% of participants) also had a larger cluster 

membership when compared to the smaller Cluster 2 (n = 709, labeled “not burned out” 

subgroup, 38.4% of participants). The most important predictor for the testing model was a 

stressful work environment. The training model demonstrated very few differences except for the 

stressful work environment becoming the most important predictor and burnout being the second 

most important. Inadequate staffing was again represented only in the “burned out from a 

stressful and demanding work environment” subgroup. Stressful work environment, burnout, and 

inadequate staffing variables all had predictor of importance levels ≥ 0.6 in the testing model. All 

three of these variables were only represented in the “burned out from a stressful and demanding 

work environment” subgroup.  
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Final Selection for Model 1: Burnout. While the cluster analyses produced some 

“good” quality models with silhouette measures of 0.5 or greater, these models did not 

consistently generalize to the testing group during the validation stage. Both variables (i.e., 

burnout and stressful work environment) were evaluated for theoretical value for possible 

elimination from the model. The cluster analyses were conducted with both burnout and stressful 

work environment variables and with one of the two variables being removed to see if the 

elimination of one of these variables improved model fit. Burnout and stressful work 

environment were both found to be positively correlated in the testing model, ø = .347, p = < 

.001, and the elimination of burnout or stressful work environment alone produced good quality 

seven-cluster solutions with silhouette measures of 0.9. However, both models lacked 

interpretability and suggested overfitting. Therefore, both burnout and stressful work 

environment variables were selected for use in the final version of the Model 1: Burnout.  

After identifying a meaningful two-step cluster model, I performed hierarchical 

clustering using the predictors of importance from Model 1: Burnout to create a dendrogram plot 

to visualize the relationships among the variables. A dendrogram is a branching diagram 

representing the hierarchical relationships of similarity among variables (Bock, 2021). 

Dendrograms can be used to help understand the relationships among variables to create 

meaningful groupings. Interpreting the dendrogram is done by noting the length or height of the 

lines and where the clusters are joined. The vertical axis (i.e., y-axis) presents the order in which 

the variables are joined by measuring the closeness from one variable to another. Sometimes a 

grouping of closely related variables is referred to as a family of closely related variables, 

representing variable cohesion. The horizontal axis (i.e., x-axis) is a measure of how far apart the 

variables are from one another, representing variable separation.  
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The dendrogram of the hierarchical relationships among variables from Model 1: Burnout 

is displayed in Figure 30. The percentage of time spent with limited English proficiency patients 

and patient panel size are the most closely related variables because the horizontal axis 

connecting the two variables is the shortest in width and the other variable groupings 

demonstrate good cluster separation from these two variables. Stressful work environment is 

joined to the other grouping via the burnout variable. Burnout is part of the inadequate staffing, 

and patient population contributed to leaving variable grouping. The percentage of time spent 

with limited English proficiency patients and patient panel size grouping appears to be connected 

to all the other variables via the inadequate staffing and burnout variables. The inadequate 

staffing and patient population contributed to leaving variables are also closely related since the 

horizontal axis connecting the two variables is not very wide.  
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Figure 30 

Dendrogram for Model 1: Burnout 

 
 

 

Validation of Model 1: Burnout. The training and testing models for burnout cross-

validated well. The substantive results were very similar. In both models, the order of burnout 

and stressful work environment were reciprocal predictors of importance in the training and 

testing models, and both had predictor of importance levels ≥ 0.6. Both burnout models had 

similar cluster memberships with two-cluster solutions and a similar number of dynamic leavers 

assigned to each cluster group. The variables representing each cluster group had similar 
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percentages for both the training and testing models. All the variables in the training and testing 

models were within 2.4 percentage points of each other or less. Finally, the interpretability of 

both models was essentially the same. Dynamic leavers assigned to the “burned out from a 

stressful and demanding work environment” were burned out, stressed, inadequately staffed, and 

had more demanding workloads. These findings demonstrate strong evidence for model 

validation. The testing model was selected as the final version, with burnout being the predictor 

of most importance, representing the final version of Model 1: Burnout.  

A visualization of the Model 1: Burnout is displayed in Figure 31 using the results from 

the testing set in Table 30. The left side displays the name and icon representing the “Burned out 

from a stressful and demanding work environment” subgroup. The working conditions 

conceptual domain is listed on the far right and the predictors of most importance are in the 

center, with burnout being the most important predictor at the top. The last three predictors are 

considered job demands as part of the working conditions domain.  

Figure 31 

Visualization of Model 1: Burnout 

 

Note. Asterisks indicate predictors with importance levels ≥ 0.6.  
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Results for Model 2: Job Satisfaction 

Model 2 had a total of five inputs and created good quality two-cluster solutions for the 

training and testing models with average silhouette measures of 0.5. The two clusters were titled 

“satisfied” and “dissatisfied with a poor work environment.” Model 2 was labeled “job 

satisfaction.” The model summary for the training set is presented in Figure 32 and the model 

summary for the testing set is presented in Figure 33. The cluster memberships for the training 

and testing sets are presented in figures 34 and 35. Table 31 presents the Cluster Membership 

Results for Model 2: Job Satisfaction, and Figures 36 and 37 present the predictors of importance 

for the model’s two-cluster solutions.  

Figure 32 

Summary of Model 2: Job Satisfaction (Training Set) 

 

 
Note. This figure is presented in color. 
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Figure 33 

Summary of Model 2: Job Satisfaction (Testing Set) 

 

 
Note. This figure is presented in color.  
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Figure 34 

Cluster Memberships for Model 2: Job Satisfaction (Training Set) 

 
Note. Cluster 1 (n = 729, labeled “satisfied” subgroup, 36.9% of participants) had smaller cluster membership than 

Cluster 2. Cluster 2 (n = 1,245, labeled “dissatisfied with a poor work environment” subgroup, 63.1% of 

participants) had the larger cluster membership for the training set’s two-cluster solution. This figure is presented in 

color. 

 

 

Figure 35 

Cluster Memberships Model 2: Job Satisfaction (Testing Set) 

 
Note. Cluster 1 (n = 722, labeled “satisfied” subgroup, 39.1% of participants) had smaller cluster membership than 

Cluster 2. Cluster 2 (n = 1,123, labeled “dissatisfied with a poor work environment” subgroup, 60.9% of 

participants) had the larger cluster membership for the testing set’s two-cluster solution. This figure is presented in 

color. 
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Table 31 

Cluster Membership Results for Model 2: Job Satisfaction 

 Training Set 

n = 1,974 

Testing Set 

n = 1,845 

Variable Cluster 1 

“satisfied” 

n = 729 (36.9%) 

Cluster 2 

“dissatisfied with a 

poor work 

environment” 

n = 1,245 (63.1%) 

Cluster 1 

“satisfied" 

n = 722 (39.1%) 

Cluster 2 

“dissatisfied with a 

poor work 

environment” 

n = 1,123 (60.9%) 
 Frequencies 

(valid %)  

Frequencies  

(valid %) 
Frequencies 

(valid %)   
Frequencies 

(valid %)   

Job satisfaction a 

Satisfied 

Dissatisfied 

 

729 (57.2) 

    0   (0.0) 

 

  545   (42.8) 

        700 (100.0) 

 

722 (60.2) 

    0   (0.0) 

 

  477   (39.8) 

  646 (100.0) 

Lack of good 

management or 

leadership a 

Yes 

No 

 

   

     

   0   (0.0) 

729 (63.8) 

 

  

  

 832 (100.0) 

       413   (36.2) 

 

  

    

   0   (0.0) 

       722 (67.5) 

 

  

     

    775  (100.0) 

    348    (32.5) 
Inadequate staffing 

Yes 

No 

 

    0   (0.0) 

        729 (49.1) 

 

   489 (100.0) 

   756   (50.9) 

 

    0   (0.0) 

722 (52.2) 

 

   461 (100.0) 

   662   (47.8) 

Lack of advancement 

Yes 

No 

 

    0   (0.0) 

729 (46.4) 

 

   403 (100.0) 

   842   (53.6) 

 

    0   (0.0) 

722 (48.7) 

 

   363 (100.0) 

   760   (51.3) 

Interpersonal 

differences 

Yes 

No 

 

      

    0   (0.0) 

729 (44.7) 

 

 

    342 (100.0) 

    903   (55.3) 

 

      

   0   (0.0) 

722 (48.2) 

 

 

    346 (100.0) 

    777   (51.8) 
Note. A total of five inputs created a “good” quality two-cluster solution for Model 2: Job Satisfaction with an 

average silhouette measure of 0.5 in both the training and testing models. Row percentages total 100% for each 

variable. Valid row percentages with a 10% difference or greater are presented in bold font to indicate meaningful 

differences among groups for the corresponding variables for each training and testing set. 
a Indicates predictor of importance values ≥ 0.6.  
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Figure 36 

Predictors of Importance for Model 2: Job Satisfaction (Training Set) 

 
Note. Lack of good management or leadership and job satisfaction had predictor of importance values ≥ 0.6 in the 

training set. All the variables appearing in the model are ranked in descending order from most important to least 

important.  

 

Figure 37 

Predictors of Importance for Model 2: Job Satisfaction (Testing Set) 

 
Note. Lack of good management or leadership and job satisfaction had predictor of importance values ≥ 0.6 in the 

training set. All the variables appearing in the model are ranked in descending order from most important to least 

important.  
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Summary of Results for Model 2: Job Satisfaction. The two-cluster solution for the 

training and testing sets both had five inputs generating good quality models with an average 

silhouette measure of 0.5 for both job satisfaction models. In the training set Cluster 1 (n = 729, 

labeled “satisfied” subgroup, 36.9% of participants) had smaller cluster membership when 

compared to the larger Cluster 2 (n = 1,245, labeled “dissatisfied with a poor work environment” 

subgroup, 63.1% of participants). In the testing set Cluster 1 (n = 722, labeled “satisfied” 

subgroup, 39.1% of participants) also had a smaller cluster membership when compared to a 

larger Cluster 2 (n = 1,123, labeled “dissatisfied with a poor work environment” subgroup, 

60.9% of participants). 

The most important predictor for the training and testing models was lack of good 

management or leadership. Lack of good management or leadership and job satisfaction had 

predictor of importance levels ≥ 0.6 for both models. The “satisfied” subgroups did not include 

any NPs who indicated they were dissatisfied or left for lack of good management or leadership, 

inadequate staffing, lack of advancement, or interpersonal differences. The “dissatisfied with a 

poor work environment” subgroups were comprised of all the dissatisfied dynamic leavers but 

still had a large portion of NPs who were satisfied with their jobs overall (42.8%). Although 

inadequate staffing, lack of advancement, and interpersonal differences did not have a predictor 

of importance levels ≥ 0.6, they were only represented by dynamic leavers in the “dissatisfied 

with a poor work environment” subgroup.  

Final Selection for Model 2: Job Satisfaction. While the cluster analyses produced 

some “good” quality models with silhouette measures of 0.5 or greater, these models did not 

consistently generalize to the testing group during the validation stage. For example, in Research 

Question 2.2 investigating reasons for leaving, the average silhouette coefficient was 0.6 without 
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the job satisfaction variable and with the lack of collaboration and inability to practice to full 

extent variables added in. When job satisfaction was added to the reasons for leaving model from 

Research Question 2.2, model quality decreased from good to fair.  

Both variables (i.e., lack of good management or leadership and job satisfaction) were 

evaluated for theoretical value and possible elimination from the model. The cluster analyses 

were conducted with both lack of good management or leadership and job satisfaction 

variables and with one of the two variables being removed to see if these changes improved 

model fit. Lack of good management or leadership and job satisfaction were both found to be 

negatively correlated in the testing model, ø = - .374, p = < .001, and the elimination of lack 

of good management or leadership and job satisfaction variables decreased the quality of 

both models. Therefore, both lack of good management or leadership and job satisfaction 

variables were used. The testing model was selected as the final version, with the lack of 

good management or leadership variable being the predictor of most importance for Model 2: 

Job Satisfaction.  

The dendrogram for Model 2: Job Satisfaction shows progressive relationships among the 

predictors. The lack of advancement and interpersonal differences variables are the most closely 

related. The lack of advancement variable and interpersonal differences variables are more 

closely related to the lack of good management or leadership variable than the inadequate 

staffing variable. The job satisfaction variable is connected to all the variables, but the horizontal 

axis is very wide, indicating that is not as closely related to the other variables as they are to each 

other. The dendrogram of the hierarchical relationships among variables for the job satisfaction 

model is displayed in Figure 38.  
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Figure 38 

Dendrogram for Model 2: Job Satisfaction

 

 

 

Validation of Model 2: Job Satisfaction. The training and testing models for the job 

satisfaction models cross-validated well. The predictors of importance in the training and testing 

models were in the exact same order. Both models had similar cluster memberships with two-

cluster solutions and a similar number of dynamic leavers assigned to each cluster group. Finally, 

the interpretability of both models was essentially the same. The variables representing each 

cluster group had similar percentages for both the training and testing models. All the variables 
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in the training and testing models were within 3.7 percentage points of each other or less. 

Dynamic leavers assigned to the “dissatisfied with a poor work environment” were dissatisfied 

with a lack of good management or leadership, inadequate staffing, lack of advancement, and 

interpersonal differences. These findings demonstrate strong evidence for model validation. The 

testing model was selected as the final version, with lack of good management or leadership 

being the predictor of most importance.  

A visualization of the final job satisfaction model is displayed in Figure 39. A 

visualization of Model 2: Job Satisfaction is displayed in Figure 39 using the results from the 

testing set in Table 31. The far left displays the name and icon representing the “Dissatisfied 

with a poor work environment” subgroup. The conceptual domains are listed on the right and the 

predictors of most importance in the center, with lack of good management or leadership being 

the most important predictor at the top.  

Figure 39 

Visualization of Model 2: Job Satisfaction

 

Note. Asterisks indicate predictors with importance levels ≥ 0.6.  
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Comparison of Model 1: Burnout and Model 2: Job Satisfaction 

 The two models (Model 1: Burnout and Model 2: Job Satisfaction) were stronger on their 

own than when they were together. Model 1: Burnout represents burnout and only includes 

closely related predictors from the working conditions conceptual domain. Model 2: Job 

Satisfaction has a good distribution of a variety of predictors for the conceptual domains from 

Herzberg et al.’s (1959) theory and primarily consists of reasons for leaving. 

A hierarchical clustering method was also used to visualize the relationships for all the 

variables from Model 1: Burnout and Model 2: Job Satisfaction. The dendrogram displaying 

relationships for all the predictors from the burnout model and the job satisfaction model has two 

distinct groupings. The percentage of time spent with limited English proficiency patients and 

patient panel size are once again the most closely related variables in the smaller grouping since 

the horizontal axis joining the two variables is extremely short. These two variables, along with 

job satisfaction, demonstrate good separation from the rest of the variables in the larger variable 

grouping consisting of burnout supporting the development of two separate models for this 

study. Job satisfaction joins the smaller grouping with the larger grouping via burnout, stressful 

work environment, and a lack of advancement opportunities. The dendrogram of the hierarchical 

relationships among all the predictions from Model 1: Burnout and Model 2: Job Satisfaction is 

displayed in Figure 40.  
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Figure 40 

Dendrogram for all Predictors from Model 1: Burnout and Model 2: Job Satisfaction
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 I did attempt to combine all the variables from the burnout model and the job satisfaction 

model using informed combinations from the dendrogram, but the results only produced fair 

quality models with silhouette coefficients of ≤ 0.4, and the models did not cross-validate as well 

and had dissimilar cluster memberships and different predictors of importance. My interpretation 

of the dendrogram suggested that burnout was more closely related to all the other variables 

when combined from Model 1: Burnout than Model 2: Job Satisfaction. So, I removed job 

satisfaction from the cluster analyses using all the predictors, and it did improve model 

performance by cross-validating with similar cluster sizes and predictors, but the model was still 

fair quality. The model using all the predictors from the burnout and job satisfaction models was 

slightly better with burnout included and job satisfaction removed. This model had similar 

cluster sizes and predictors of importance in the testing set, but the model quality was still fair. In 

addition to excellent validation performance in the training and testing sets for the burnout and 

job satisfaction models, these additional findings supported the study results of Research 

Question 3 and confirm that both models (i.e., Model 1: Burnout and Model 2: Job Satisfaction) 

best distinguish dynamic leavers.  

 In summary, Model 1: Burnout consisted of working conditions with burnout and a 

stressful work environment as the predictors of most importance. Only one intrinsic motivator 

(i.e., lack of advancement) was found to be important in Model 2: Job Satisfaction, although its 

predictor of importance level was less than 0.6. Model 2: Job Satisfaction represented a good 

distribution of Herzberg et al.’s (1959) conceptual domains of job satisfaction and had three 

extrinsic hygienes, which, excluding job satisfaction, were primarily classified as reasons for 

leaving. The lack of good management or leadership and job satisfaction variables were the 
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predictors of greatest importance for Model 2: Job Satisfaction. Inadequate staffing was the only 

variable present in both models. 

When the predictors from Model 1: Burnout and Model 2: Job Satisfaction were 

combined, it decreased overall model quality. The decision was made to keep these models 

separate since they represented different conceptual domains that could predict various 

psychological determinants of NP voluntary turnover. Visualizations of Model 1: Burnout and 

Model 2: Job Satisfaction are displayed side-by-side for comparison in Figure 41. The name and 

icon representing the subgroups are located at the top. The conceptual domains are listed on the 

outside and the predictors of most importance are the center. Inadequate staffing is the only 

commonly shared predictor from each model. 

Figure 41 

Visual Comparison of Model 1: Burnout and Model 2: Job Satisfaction 

 

Note. Asterisks indicate predictors with importance levels ≥ 0.6.  
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Predictors of Importance for NP Voluntary Turnover Models  

 A list of conceptual domains from the Model of NP Voluntary Turnover (Figure 2) and 

operational definitions for each variable used in the two-step cluster analyses for dynamic 

leavers was presented in Table 2. Table 2 was modified into Table 32 to identify the variables 

that appeared in at least one of the models generated from answering Research Questions 2 and 

3. For many of these variables, their level of importance is relative to other predictors of 

importance within the model. Table 32 identifies the variables that appeared in at least one of the 

models and emphasizes the predictors with importance levels ≥ 0.6. Table 33 provides an 

overview of the model summaries for Research Question 2.1 (NP differences), Research 

Question 2.2 (reasons for leaving; other reasons for leaving), Research Question 2.3 (working 

conditions), Research Question 2.4 (training topic needs), and the final models of NP voluntary 

turnover in research Question 3. Predictors of importance are listed from most important to least 

important for each model in Table 33. Every predictor that follows is relative to the most 

important predictor in the model.   
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Table 32 

 

Variables Appearing in at Least One Model   

 
Conceptual Domain Variable Appeared in a 

Model 

  Yes No 

 

Extrinsic Hygienes 

   

Working conditions Number of hours worked weekly a X  

Working conditions Patient panel size  X  

Working conditions Time Spent with limited English proficiency patients X  

Working conditions Time spent charting patient care  X 

Working conditions EHR use  X 

Working conditions Participates in team-based care a X  

Working conditions Telehealth use in the workplace a X  

Working conditions/Reasons 

for leaving 

Burnout b X  

Working conditions/Reasons 

for leaving 

Inadequate staffing b X  

Working conditions/Reasons 

for leaving 

Patient population X  

Working conditions/Reasons 

for leaving 

Physical demands of the job  X 

Working conditions/Reasons 

for leaving 

Scheduling or inconvenient hours a X  

Working conditions/Reasons 

for leaving 

Stressful work environment b X  

Salary & Benefits Average annual earnings from primary position  X 

Salary & Benefits Better pay/Benefits X  

Interpersonal relationships Interpersonal differences with colleagues and 

supervisors 

X  

Interpersonal relationships Lack of collaboration/communication between 

health care professionals 

X  

Interpersonal relationships Professional relationship with physician(s)  X 

Administrative support Lack of good management or leadership b X  
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Table 32 – continued.  

 
Conceptual Domain Variable Appeared in a 

Model 

  Yes No 

Intrinsic Motivators    

Professional growth Career advancement/promotion  X 

Professional growth Lack of advancement opportunities X  

Professional growth School or educational program  X 

Professional growth/Training 

topic needs  

Evidence-based care X  

Professional growth/Training 

topic needs 

Patient-centered care a X  

Professional growth/Training 

topic needs 

Team-based care X  

Professional growth/Training 

topic needs 

Practice management & administration  X 

Professional growth/Training 

topic needs 

Social determinants of health a X  

Professional growth/Training 

topic needs 

Working in an underserved community a X  

Professional growth/Training 

topic needs 

Caring for medically complex special needs patients  X 

Professional growth/Training 

topic needs 

Population-based health  X 

Professional growth/Training 

topic needs 

Quality improvement  X 

Professional growth/Training 

topic needs 

Value-based care  X 

Professional growth/Training 

topic needs 

Mental health  X 

Autonomy Inability to practice to the full extent of license X  

Autonomy Practiced to full extent of knowledge and training  X 

NP Differences    

Age Age  X 

Gender Gender  X 

Marital status Marital status  X 

Education Highest level of nursing education  X 
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Table 32 – continued.  

 
Conceptual Domain Variable Appeared in a 

Model 

  Yes No 

Education Highest level of nursing education  X 

Work experience Work experience as NP X  

Race Race  X 

Employment status Full or part-time employment status  X 

Practice setting Employment setting  X 

National certification/ 

population foci 

Family certified a X  

National certification/ 

population foci 

Adult certified a X  

Career change Career change  X 

Caregiving Family caregiving  X 

Relocation Relocation to a different area X  

Spouse’s employment Spouse’s employment opportunities  X 

Length of commute Length of commute  X 

Additional training Completion of post-graduate residency/training 

program 

 X 

Dependents status Dependents status  X 

Household income Annual household earnings  X 

Language Speaks additional language other than English  X 

Military status Military status  X 

Job Satisfaction Overall job satisfaction a X  

Note. Variables in the “yes” column were found to have some level of importance by appearing in at least one 

model, regardless of the predictor of importance level. Variables in the “no” column were not present in any model.  
a Indicates variables with predictor of importance values ≥ 0.6 in a model.  
b Indicates variables with predictor of importance values ≥ 0.6 appearing in more than one model.  
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Table 33 

Model Summaries for Dynamic Leavers 

Model Conceptual Domain Predictor of Importance 

NP Differences NP Differences/National Certification 

NP Differences/National Certification 

Family certified a  

Adult certified a 

NP Differences NP work experience 

Reasons for 

Leaving 

Extrinsic Hygiene/Administrative support Lack of good management or leadership a 

Extrinsic Hygiene/Working conditions Inadequate staffing a 

Intrinsic Motivator/Professional Growth Lack of advancement opportunities  

Extrinsic Hygiene/Interpersonal 

relationships 

Interpersonal differences 

Extrinsic Hygiene/Interpersonal 

relationships 

Lack of collaboration 

 Intrinsic Motivator/Autonomy Inability to practice to full extent of license 

Other Reasons for 

Leaving 

Extrinsic Hygiene/Working conditions Stressful work environment a 

Extrinsic Hygiene/Working conditions Scheduling or inconvenient hours a 

Extrinsic Hygiene/Working conditions Burnout 

NP Differences Relocation  

Extrinsic Hygiene/Salary & Benefits Better pay/benefits 

Working 

Conditions  

Extrinsic Hygiene/Working conditions Telehealth use in the workplace a 

Extrinsic Hygiene/Working conditions Participates in team-based care a 

Extrinsic Hygiene/Working conditions Hours worked in a typical week a 

 Extrinsic Hygiene/Working conditions % of time spent with English proficiency 

patients 

 Extrinsic Hygiene/Working conditions Patient panel size  

Training Topic 

Needs 

Intrinsic Motivator/ Professional growth Working in an underserved community a 

Intrinsic Motivator/ Professional growth Social determinants of health a 

Intrinsic Motivator/ Professional growth Patient-centered care a 

Intrinsic Motivator/ Professional growth Team-based care 

Intrinsic Motivator/ Professional growth Evidence-based care 

Model 1: Burnout Extrinsic Hygiene/ Working conditions Burnout a 

Extrinsic Hygiene/ Working conditions Stressful work environment a 

Extrinsic Hygiene/ Working conditions Inadequate staffing 

Extrinsic Hygiene/ Working conditions % of time spent with limited English 

proficiency patients 

Extrinsic Hygiene/ Working conditions Patient panel size 

Extrinsic Hygiene/ Working conditions Patient Population 

Model 2: Job 

Satisfaction 

Extrinsic Hygiene/ Administrative Support Lack of good management or leadership a 

Job Satisfaction Job satisfaction a 

Extrinsic Hygiene/ Working conditions Inadequate staffing 

Intrinsic Motivator/Professional Growth Lack of advancement 

Extrinsic Hygiene/ Interpersonal 

relationships 

Interpersonal differences 

Note. Predictor of importance are listed from most important to least important for each model. Every variable that 

follows is relative to the most important predictor in the model.   
a Indicates predictor of importance values ≥ 0.6.  
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Descriptive Results for the Dynamic Leaver Cluster Groups 

 Research Question 3 generated two models that were selected to represent NP voluntary 

turnover for dynamic leavers from the exploratory two-step cluster analyses. The burnout and the 

job satisfaction models both had good quality two-cluster solutions with good performance in the 

validation stage. The cluster groups from Model 1: Burnout were labeled “burned out from a 

stressful and demanding work environment” and “not burned out.” The cluster groups from 

Model 2: Job Satisfaction were labeled “satisfied” and “dissatisfied with a poor work 

environment.”  

A cluster membership variable was created from the two-step cluster analyses for 

univariate analysis. The cases were filtered by cluster group membership to describe the 

characteristics of the NP dynamic leaver cluster groups discovered in the 2018 NSSRN (n = 

3,819). Variable selection for the descriptive statistics was based on theoretical relevance with a 

priority to report only on variables of greatest interest from the findings in Research Questions 1-

3.  

Demographic and Job Characteristic Results for Dynamic Leaver Cluster Groups 

There were many demographic similarities among the cluster groups. However, members 

of the “not burned out” cluster had the highest percentage (84.6%) of dynamic leavers who self-

identified as White. Some job characteristics differed among the groups. The “burned out from a 

stressful and demanding work environment” (84.1%) and “dissatisfied with a poor work 

environment” (82.9%) clusters had slightly greater percentages of dynamic leavers who worked 

full-time compared to the “not burned out” (75.3%) and “satisfied” (77.4%) cluster groups. The 

“burned out from a stressful and demanding work environment” (62.5%) and “dissatisfied with a 

poor work environment” (61.5%) clusters also had a greater percentage of dynamic leavers who 
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worked in clinic/ambulatory settings when compared to the “not burned out” (49.1%) and 

“satisfied” (50.9%) cluster groups. There were higher percentages of “burned out from a stressful 

and demanding work environment” (55.9%) and “dissatisfied with a poor work environment” 

(58.2%) clusters who earned less than $100,000 annually than when compared to the other 

cluster groups.  

All the cluster groups self-reported they were more satisfied than dissatisfied with their 

previous primary position of employment, except for the “dissatisfied with a poor work 

environment” cluster group (43.2%). The “not burned out” (84.2%) and “satisfied” (100.0%) 

cluster groups each had very high percentages of dynamic leavers who were satisfied with their 

previous jobs. The Demographic and Job Characteristics for the Dynamic Leaver Cluster 

Groups in Table 34 are population estimates.  

Table 34 

Demographic and Job Characteristics for Dynamic Leaver Cluster Groups 

 Model 1: Burnout 

(n = 3,819) 
Model 2: Job Satisfaction 

(n = 3,819) 
Variable Cluster 1 

“burned out from 

a stressful and 

demanding work 

environment” 

 

n = 2,385 (62.5%) 

Cluster 2 

“not burned out” 

 

n = 1,434 (37.5%) 

Cluster 1 

“Satisfied” 

 

n = 1,451 

(38.0%) 

Cluster 2 

“dissatisfied with 

a poor work 

environment” 

 

n = 2,368 

(62.0%) 

Frequencies  

(valid %) 

Frequencies  

(valid %) 

Frequencies  

(valid %) 

Frequencies  

(valid %) 

Age  

≤ 29 years  

30-39 

40-49 

50-59 

60-69 

≥ 70 years 

 

 

    69   (2.9) 

    855 (35.8) 

  748 (31.4) 

  417 (17.5) 

  253 (10.6) 

    43   (1.8) 

 

   648   (4.5) 

  460 (32.1) 

  426 (29.7) 

  288 (20.1) 

  180 (12.6) 

    16   (1.1) 

 

   69   (4.8) 

498 (34.3) 

460 (31.7) 

276 (19.0) 

      120   (8.3) 

    28   (1.9) 

 

    64   (2.7) 

817 (34.5) 

714 (30.2) 

429 (18.1) 

313 (13.2) 

  31   (1.3) 
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Table 34 – continued.  

 Model 1: Burnout 

(n = 3,819) 
Model 2: Job Satisfaction 

(n = 3,819) 
Variable Cluster 1 

“burned out from 

a stressful and 

demanding work 

environment” 

 

n = 2,385 (62.5%) 

Cluster 2 

“not burned out” 

 

n = 1,434 (37.5%) 

Cluster 1 

“Satisfied” 

 

n = 1,451 

(38.0%) 

Cluster 2 

“dissatisfied with 

a poor work 

environment” 

 

n = 2,368 

(62.0%) 

Frequencies  

(valid %) 

Frequencies  

(valid %) 

Frequencies  

(valid %) 

Frequencies  

(valid %) 

Gender 

Female 

Male 

 

 

     2257 (94.6) 

   128   (5.4) 

 

      1317 (91.8) 

   117   (8.2) 

 

 1333 (91.9) 

   118   (8.1) 

 

2241 (94.6) 

  127   (5.4) 

Marital status 

Married or in a domestic 

partnership 

Separated, divorced, or 

widowed 

Never married 

 

 

 1805 (75.7) 

 

   304 (12.7) 

         

        276 (11.6) 

 

  1099 (76.6) 

 

    183 (12.8) 

        

       152 (10.6) 

 

1160 (79.9) 

 

  161 (11.1) 

  

130   (9.0) 

 

1744 (73.6) 

 

   326 (13.8) 

   

298 (12.6) 

Race 

American  

Indian/Alaska Native  

Asian  

Black  

Native Hawaiian/ Pacific 

Islander 

White 

Some other race 

Multiracial 

 

 

    34  (1.4) 

     

    127  (5.9) 

       293 (12.3) 

    14   (0.6) 

 

1750 (73.4) 

    79   (3.3) 

    88   (3.7) 

 

     2    (0.1) 

  

 73    (5.1) 

   173  (12.1)      

    15   (1.0) 

 

1070 (84.6) 

       73   (5.1) 

       28   (2.0) 

 

         1     (0.1) 

   

113     (7.8) 

  176   (12.1) 

     15  (10.0) 

  

1049  (72.3) 

   76    (5.2) 

     20    (1.4) 

 

    34   (1.4) 

    

     87   (3.7) 

   290 (12.2) 

     14   (0.6) 

  

1771 (74.8) 

     76   (3.2) 

     96   (4.1) 

Highest level of nursing 

education 

Diploma 

ADN 

BSN 

MSN 

PhD/DNP 

 

 

 

      3    (0.1) 

      1    (0.0) 

      3    (0.1) 

2038  (85.5) 

  340  (14.3) 

 

 

         7   (0.5) 

       19   (1.3) 

         5   (0.3) 

       1251 (87.2) 

     152 (10.6) 

 

 

       5   (0.3) 

       3   (0.2) 

       0   (0.0)  

  1256 (86.6) 

    187 (12.9) 

 

 

     5   (0.2) 

    20   (0.8) 

     5   (0.2) 

2033 (85.9) 

  305 (12.9) 

Work experience as NP  

2 years or less 

3 to 34 years 

35 years or more  

 

   480 (20.1) 

  1890 (79.2) 

    15   (0.6)    

 

     393 (27.4) 

       1030 (71.8) 

       11   (0.8) 

      

 

    354 (24.4) 

  1087 (74.9) 

     10   (0.7) 

 

 

   519 (21.9) 

 1833 (77.4) 

    16   (0.7) 

   

Employment status  

Full-time 

Part-time 

 

 

  2006 (84.1) 

    379 (15.9) 

 

  1080 (75.3) 

    354 (24.7) 

 

1123 (77.4) 

  328 (22.6) 

 

1963 (82.9) 

  405 (17.1) 
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Table 34 – continued.  

 Model 1: Burnout 

(n = 3,819) 
Model 2: Job Satisfaction 

(n = 3,819) 
Variable Cluster 1 

“burned out from 

a stressful and 

demanding work 

environment” 

 

n = 2,385 (62.5%) 

Cluster 2 

“not burned out” 

 

n = 1,434 (37.5%) 

Cluster 1 

“Satisfied” 

 

n = 1,451 

(38.0%) 

Cluster 2 

“dissatisfied with 

a poor work 

environment” 

 

n = 2,368 

(62.0%) 

Frequencies  

(valid %) 

Frequencies  

(valid %) 

Frequencies  

(valid %) 

Frequencies  

(valid %) 

Employment setting  

Hospital (not mental 

health) 

Other inpatient setting 

Clinic/Ambulatory 

Other types of settings 

 

 

  412 (17.3) 

    

  231   (9.7) 

 1491 (62.5)    

  251 (10.5) 

 

   351 (24.5) 

   

   183 (12.8) 

   704 (49.1)  

   196 (13.7) 

 

  328 (22.6) 

    

 189 (13.0) 

 738 (50.9)   

 196 (13.5) 

 

  435 (18.4) 

   

       225   (9.5) 

1457 (61.5)    

  251 (10.6) 

NP Certification/Population 

Foci a 

Acute care, adult 

Adult  

Family 

Gerontology 

Pediatric 

Psychiatric & Mental 

health 

Other 

Not certified 

 

   

   

   103   (4.4) 

  410 (17.2) 

      1422 (59.6) 

  210   (8.8) 

 205   (8.6) 

        233   (9.8) 

   

   161   (6.8) 

    17   (0.7) 

 

   

       166  (11.6) 

  189  (13.2) 

  875  (61.0) 

 159  (11.1) 

         56    (3.9) 

       127    (8.9) 

     

    77    (5.4) 

      5    (0.3) 

   

   

    159   (11.0) 

    118   (13.0) 

    895   (61.7) 

    154   (10.6) 

     73     (5.0) 

    129     (8.9) 

 

74     (5.1) 

  4     (0.3) 

  

   

       110   (4.6) 

   411 (17.4) 

 1402 (59.2) 

   215   (9.1) 

   188   (7.9) 

   231   (9.8) 

    

   164   (6.9) 

     18   (0.8) 

Annual Earnings from 

Primary Position  

≤$100,000 

≥$101,000 

 
 

1333 (55.9) 

1052 (44.1) 

 
 

 961 (67.0) 

 473 (33.0) 

 

 

915 (63.1) 

      536 (36.9) 

 

 

 1379 (58.2) 

   989 (41.8) 

Job satisfaction 

Satisfied 

Dissatisfied 

 

1265 (53.0) 

1120 (47.0) 

 

1208 (84.2) 

  226 (15.8) 

 

   1451 (100.0) 

     0     (0.0) 

 

 1022 (43.2) 

 1346 (56.8) 

Note. Column percentages total 100% for each variable. Valid row percentages with a 10% difference or greater are 

presented in bold font to indicate meaningful differences among groups for the corresponding variables within each 

model. Annual earnings from primary position includes all NPs regardless of full-time and part-time employment 

status. 
a It was expected the frequencies for the NP certification/population foci would be greater than the sample size 

because they are not mutually exclusive. Some NPs may be nationally certified in more than one population foci.  

 

Additional Results for the Dynamic Leaver Cluster Groups 

  Additional descriptive results for the dynamic leaver cluster groups were reported 

thematically for each cluster. The four dynamic leaver cluster groups were “burned out from a 

stressful and demanding work environment,” “not burned out,” “satisfied,” and “dissatisfied with 
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a poor work environment.” Tables 35-37 present the univariate results for reasons for leaving, 

working conditions, and training topic needs for each cluster group.  

Table 35 

Reasons for Leaving for the NP Dynamic Leaver Cluster Groups 

 Model 1: Burnout 

(n = 3,819) 

Model 2: Job Satisfaction 

(n = 3,819) 

Variable Cluster 1 

“burned out from 

a stressful and 

demanding work 

environment” 

n = 2,385 (62.5%) 

Cluster 2 

“not burned out” 

 

n = 1,434 (37.5%) 

Cluster 1 

“satisfied” 

 

n = 1,451 (38.0%) 

Cluster 2 

“dissatisfied with a 

poor work 

environment” 

 

n = 2,368 (62.0%) 

 Frequencies  

(valid %) 
Frequencies  

(valid %) 
Frequencies  

(valid %) 
Frequencies  

(valid %) 

Burnout 

Yes 

No 

 

1336 (56.0) 

1049 (44.0) 

 

      0     (0.0) 

1434 (100.0) 

 

 209 (14.4) 

1242 (85.6) 

 

1127 (47.6) 

1241 (52.4) 

Stress 

Yes 

No 

 

1331 (55.8) 

1054 (44.2) 

 

      0     (0.0) 

1434 (100.0) 

 

 190 (13.1) 

1261 (86.9) 

 

1141 (48.2) 

1227 (51.8) 

Inadequate staffing 

Yes 

No 

 

  950 (39.0) 

1435 (60.2) 

 

      0     (0.0) 

1434 (100.0) 

 

      0     (0.0) 

1451 (100.0) 

 

 950 (40.1) 

1418 (59.9) 

Patient population 

contributed to leaving 

Yes 

No 

 

      

  225   (9.4) 

2160 (90.6) 

 

 

      0     (0.0) 

1434 (100.0) 

 

 

    18   (1.2) 

1433 (98.8) 

 

 

 207   (8.7) 

2161 (91.3) 

Lack of good 

management 

Yes 

No 

 

 

1332 (55.8) 

1053 (44.2) 

 

 

  275   (19.2) 

1159   (80.8) 

 

 

      0     (0.0) 

1451 (100.0) 

 

 

1607 (67.9) 

  761 (32.1) 

Lack of advancement 

Yes 

No 

 

  663 (27.8) 

1722 (72.2) 

 

  103     (7.2) 

1331   (92.8) 

 

     0     (0.0) 

1451 (100.0) 

 

  766 (32.3) 

1602 (67.7) 

Interpersonal 

differences 

Yes 

No 

 

 

  581 (24.4) 

1804 (75.6) 

 

 

  107    (7.5) 

1327   (92.5) 

 

 

     0     (0.0) 

1451 (100.0) 

 

 

  688 (29.1) 

1680 (70.9) 

Better Pay/Benefits 

Yes 

No 

 

1082 (45.4) 

1303 (54.6) 

 

500   (34.9) 

934   (65.1) 

 

  431 (29.7) 

1020 (70.3) 

 

1151 (48.6) 

1217 (51.4) 

Career 

advancement/promotion 

Yes 

No 

 

 

  607 (25.5) 

1778 (74.5) 

 

 

 283 (19.7) 

1151 (80.3) 

 

 

  263 (18.1) 

1188 (81.9) 

 

 

  627 (26.5) 

1741 (73.5) 

Career change 

Yes 

No 

 

  222   (9.3) 

2163 (90.7) 

 

 230 (16.0) 

1204 (84.0) 

 

 220 (15.2) 

1231 (84.8) 

 

  232   (9.8) 

2136 (90.2) 
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Table 35 – continued.  

 Model 1: Burnout 

(n = 3,819) 

Model 2: Job Satisfaction 

(n = 3,819) 

Variable Cluster 1 

“burned out from 

a stressful and 

demanding work 

environment” 

n = 2,385 (62.5%) 

Cluster 2 

“not burned out” 

 

n = 1,434 (37.5%) 

Cluster 1 

“satisfied” 

 

n = 1,451 (38.0%) 

Cluster 2 

“dissatisfied with a 

poor work 

environment” 

 

n = 2,368 (62.0%) 

 Frequencies  

(valid %) 
Frequencies  

(valid %) 
Frequencies  

(valid %) 
Frequencies  

(valid %) 

Family caregiving 

Yes 

No 

 

   215 (9.0) 

2170 (91.0) 

 

 154 (10.7) 

1280 (89.3) 

 

 163 (11.2) 

1288 (88.8) 

 

  206   (8.7) 

2162 (91.3) 

Inability to practice to 

the full extent of license 

Yes 

No 

 

 

 302 (12.7) 

2083 (87.3) 

 

 

   84   (5.9) 

1350 (94.1) 

 

 

    41    (2.8) 

1410 (97.2) 

 

 

  345 (14.6) 

2023 (85.4) 

Lack of collaboration 

Yes 

No 

 

  557 (23.4) 

1828 (76.6) 

 

   78   (5.4) 

1356 (94.6) 

 

     1   (0.1) 

1450 (99.9) 

 

  634 (26.8) 

1734 (73.2) 

Length of commute 

Yes 

No 

 

409 (17.1) 

     1976 (82.9) 

 

  198 (13.8) 

1236 (86.2) 

 

  161 (11.1) 

1290 (88.9) 

 

  446 (18.8) 

1922 (81.2) 

Physical demands of 

the job 

Yes 

No 

 

 

  123   (5.2) 

2262 (94.8) 

 

 

    17   (1.2) 

1417 (98.8) 

 

 

   26   (1.8) 

1425 (98.2) 

 

 

  114   (4.8) 

2254 (95.2) 

Relocation to a 

different area 

Yes 

No 

 

 

  211   (8.8) 

2174 (91.2) 

 

 

  339  (23.6) 

1095 (76.4) 

 

 

  359 (24.7) 

1092 (75.3) 

 

 

  191  (8.1) 

2177 (91.9) 

Spouse 

Yes  

No 

 

    77   (3.2) 

2308 (96.8) 

 

  115   (8.0) 

1319 (92.0) 

 

  134   (9.2) 

1317 (90.8) 

 

   58   (2.4) 

2310 (97.6) 

Scheduling or 

inconvenient hours 

Yes 

No 

 

 

  755 (31.7) 

1630 (68.3) 

 

 

  158 (11.0) 

1276 (89.0) 

 

 

 

   162 (11.2) 

 1289 (88.8) 

 

 

 

  751 (31.7) 

1617 (68.3) 

 

School or educational 

program 

Yes 

No 

 

 

     7   (0.3) 

2378 (99.7) 

 

 

   88   (6.1) 

1346 (93.9) 

 

 

    47   (3.2) 

1404 (96.8) 

 

 

    48   (2.0) 

2320 (98.0) 

Other Reasons 

Yes 

No 

 

  137   (5.7) 

2248 (94.3) 

 

  107   (7.5) 

1327 (92.5) 

 

    67   (4.6) 

1284 (95.4) 

 

  177   (7.5) 

2191 (92.5) 

Note. The reasons for leaving listed are from the 2018 NSSRN Questionnaire and reflect “mark all that apply” (p. 

10) responses from item C.1 (HRSA, 2018b). Column percentages total 100% for each variable. Valid row 

percentages with a 10% difference or greater are presented in bold font to indicate meaningful differences among 

groups for the corresponding variables within each model. 
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Table 36 

Working Conditions for the NP Dynamic Leaver Cluster Groups 

 Model 1: Burnout 

(n = 3,819) 

Model 2: Job Satisfaction 

(n = 3,819) 

Variable Cluster 1 

“burned out from 

a stressful and 

demanding work 

environment” 

n = 2,385 (62.5%) 

Cluster 2 

“not burned out” 

 

n = 1,434 (37.5%) 

Cluster 1 

“Satisfied” 

 

n = 1,451 (38.0%) 

Cluster 2 

“dissatisfied with a 

poor work 

environment” 

 

n = 2,368 (62.0%) 

 Frequencies  

(valid %) 
Frequencies  

(valid %) 
Frequencies  

(valid %) 
Frequencies  

(valid %) 

Telehealth use in the 

workplace 

Yes 

No 

 

 

 

  503 (21.1) 

1882 (78.9) 

 

 

  390 (27.2) 

1044 (72.8) 

 

 

  425 (29.3) 

1026 (70.7) 

 

 

  468 (19.8) 

1900 (80.2) 

Participates in team-

based case 

Yes 

No 

N/A 

 

 

1909 (80.0) 

  403 (16.9) 

    73   (3.1) 

 

 

1187 (82.8) 

  208 (14.5) 

    39   (2.7) 

 

 

1218 (83.9) 

  210 (14.5) 

    23   (1.6) 

 

 

1878 (79.3) 

  401 (16.9) 

    89   (3.8) 

Hours worked in a 

typical week 

0-50 

hours/week 

>50 

hours/week 

 

 

 

1994 (83.6) 

 

  391 (16.4) 

 

 

1348 (94.0) 

 

    86   (6.0) 

 

 

1123 (77.4) 

 

  328 (22.6) 

 

 

2000 (84.5) 

 

  368 (15.5) 

% of time spent with 

limited English 

proficiency patients 

0-74% 

75% or more 

 

 

 

 

   2056 (86.2) 

     329 (13.8) 

 

 

 

1434 (100.0) 

      0     (0.0) 

 

 

 

1343 (92.6) 

  108   (7.4) 

 

 

 

2147 (90.7) 

  221   (9.3) 

Patient panel size 

1-1500 

patients 

>1500 patients 

 

   2129  (89.3) 

      

     256  (10.7) 

 

1434 (100.0) 

       

      0     (0.0) 

 

1356 (93.6) 

     

    95   (6.5) 

 

2207 (93.2) 

   

  161   (6.8) 

Note. Column percentages total 100% for each variable. Valid row percentages with a 10% difference or greater are 

presented in bold font to indicate meaningful differences among groups for the corresponding variables within each 

model. 
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Table 37 

Training Topic Needs for the NP Dynamic Leaver Cluster Groups 

 Model 1: Burnout 

(n = 3,819) 

Model 2: Job Satisfaction 

(n = 3,819) 

Variable Cluster 1 

“burned out from 

a stressful and 

demanding work 

environment” 

n = 2,385 (62.5%) 

Cluster 2 

“not burned out” 

 

n = 1,434 (37.5%) 

Cluster 1 

“Satisfied” 

 

n = 1,451 (38.0%) 

Cluster 2 

“dissatisfied with a 

poor work 

environment” 

 

n = 2,368 (62.0%) 

 Frequencies  

(valid %) 
Frequencies  

(valid %) 
Frequencies  

(valid %) 
Frequencies  

(valid %) 

Working in an 

underserved community 

Yes 

No 

 

 

 

  543 (22.8) 

1842 (77.2) 

 

 

 367 (25.6) 

     1067 (74.4) 

 

 

 425 (29.3) 

       1026 (70.7) 

 

 

  586 (24.7) 

1782 (75.3) 

Social determinants of 

health 

Yes 

No 

 

  

  464  (19.5) 

1921  (80.5) 

 

 

 331 (23.1) 

     1103 (76.9) 

 

 

  301 (20.7) 

1150 (79.3) 

 

 

  494  (20.9) 

1874  (79.1) 

Patient-centered care 

Yes 

No 

 

 
1042  (43.7) 

1343  (56.3) 

 
 625 (43.6) 

 809 (56.4) 

 

 611 (42.1) 

 830 (57.9) 

 
1056  (44.6) 

1312  (55.4) 

Team-based care 

Yes 

No 

 

       872  (36.6) 

     1513  (63.4) 

 

 512 (35.7) 

 922 (64.3) 

 

   436 (30.0) 

 1015 (70.0) 

 

   948  (40.0) 

 1320  (60.0) 

Evidence-based care 

Yes 

No 

 

     1239  (51.9) 

     1146  (48.1) 

 

 815 (56.8) 

 619 (43.2) 

 

  759 (52.3) 

  692 (47.7) 

 

 1295  (54.7) 

 1073  (45.3) 

Note. Column percentages total 100% for each variable. There were no meaningful row differences of 10% or 

greater between variables for either model.  

 

“Burned out from a stressful and demanding work environment.” The “burned out 

from a stressful and demanding work environment” cluster had the largest membership (n = 

2,385, 62.5%) compared to the other cluster groups. Members of the “burned out from a stressful 

and demanding work environment” cluster more frequently reported burnout (56.0%), stressful 

work environment (55.8%), and lack of good management or leadership (55.8%) as the top three 

reasons that contributed to leaving. Inadequate staffing (39.0%) and better pay (45.4%) were also 

contributors.  
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The “burned out from a stressful and demanding work environment” cluster also had the 

largest percentage of dynamic leavers with >1500 patients on their panel (10.7%) and a 

percentage of dynamic leavers who spend more than 75% of their time with limited English 

proficiency patients (13.8%). Approximately sixteen percent reported working more than 50 

hours per week (16.4%). 

Twenty-one percent of the members in the “burned out from a stressful and demanding 

work environment” cluster used telehealth in the workplace (21.1%), and 80% self-reported they 

participated in team-based care (80.0%). The most frequently reported training topic needs for 

the “burned out from a stressful and demanding work environment” cluster were evidence-based 

care (51.9%) patient-centered care (43.7%). Highlights from the “burned out from a stressful and 

demanding work environment” cluster are presented in Table 38. 

Table 38 

Highlights from the “Burned out from a Stressful and Demanding Work Environment” Cluster 

Cluster Characteristics Valid Percentage 

Cluster membership size (n = 2,385) 62.5 

Satisfied 

Dissatisfied 

53.0 

47.0 

Top three reasons for Leaving 

Burnout 

Stressful work environment 

Lack of good management or leadership 

 

56.0 

55.8 

55.8 

>1500 patients on panel 10.7 

≥ 75% of time spent with limited English proficiency 13.8 

% working more than 50 hours per week 16.4 

% of telehealth users 21.1 

% participating in team-based care 80.0 

Top two training topic needs 

Evidence-based care 

Patient-centered care 

 

51.9 

43.7 
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“Not burned out.” The “not burned out” cluster had the smallest membership (n = 

1,434, 37.5%) when compared to the other cluster groups. Members of the “not burned out” 

cluster most frequently reported better pay/benefits (34.9%), relocation to another area (23.6%), 

and career advancement/promotion (19.7%) as the top three reasons for leaving. Members of the 

“not burned out” cluster did not report burnout, stress, inadequate staffing, or the patient 

population as contributors to leaving, which differentiated this cluster from the “stressful and 

demanding work environment” cluster.   

The members of the “not burned out” cluster did not report having >1500 patients on 

their panel (0.0%). They also reported spending more than 75% of their time with limited 

English proficiency patients zero percent of the time. Very few reported working more than 50 

hours per week (6.0%).  

Approximately twenty-seven percent of the members in the “not burned out” cluster used 

telehealth in the workplace (27.2%), and more than eighty percent self-reported they participated 

in team-based care (82.8%). The most frequently reported training topic needs for the “not 

burned out” cluster members were evidence-based care (56.8%) and patient-centered care 

(43.6%). Highlights from the “burned out from a stressful and demanding work environment” 

cluster is presented in Table 39. 
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Table 39 

Highlights from the “Not Burned Out” Cluster 

Cluster Characteristics Valid Percentage 

Cluster membership size (n = 1,434) 37.5 

Satisfied 

Dissatisfied 

84.2 

15.8 

Top three reasons for Leaving 

Better pay/benefits 

Relocation to another area 

Career advancement/promotion 

 

34.9 

23.6 

19.7 

>1500 patients on panel 00.0 

≥ 75% of time spent with limited English proficiency 00.0 

% working more than 50 hours per week   6.0 

% of telehealth users 27.2 

% participating in team-based care 82.8 

Top two training topic needs 

Evidence-based care 

Patient-centered care 

 

56.8 

43.6 

 

“Satisfied.” The “satisfied” cluster had the second smallest membership (n = 1,451, 

38.0%) when compared to the other cluster groups. Members of the “satisfied” cluster most 

frequently reported better pay/benefits (29.7%), relocation to another area (23.6%), and career 

advancement/promotion (18.1%) as the top three reasons for leaving. A small percentage of the 

members from the “satisfied” cluster did report burnout (14.4%) and stress (13.1%) as 

contributors to leaving (see Table 34). 

The members of the “satisfied” cluster reported having >1500 patients on their panel 

more than six percent of the time (6.5%). Very few reported spending more than 75% of their 

time with limited English proficiency patients (7.4%). The “satisfied” cluster group reported the 

highest frequency of dynamic leavers who were working more than 50 hours a week (22.6%).  

Twenty-nine percent of the members in the “satisfied” cluster used telehealth in the 

workplace (29.3%), and more than 80% percent self-reported they participated in team-based 
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care (83.9%). The most frequently reported training topic needs for the “satisfied” cluster 

members were also evidence-based care (52.3%) and patient-centered care (42.1%). Highlights 

from the “satisfied” cluster are presented in Table 40. 

Table 40 

Highlights from the “Satisfied” Cluster 

Cluster Characteristics Valid Percentage 

Cluster membership size (n = 1,451)                             38.0 

Satisfied 

Dissatisfied 

                          100.0 

 00.0 

Top three reasons for Leaving 

Better pay/benefits 

Relocation to another area 

Career advancement/promotion 

 

 29.7 

 23.6 

 18.1 

>1500 patients on panel   6.5 

≥ 75% of time spent with limited English proficiency   7.4 

% working more than 50 hours per week  22.6 

% of telehealth users  29.3 

% participating in team-based care  83.9 

Top two training topic needs 

Evidence-based care 

Patient-centered care 

 

 52.3 

 42.1 

 

“Dissatisfied with a poor work environment.” The “dissatisfied with a poor work 

environment” cluster had the second-largest membership (n = 2,368, 62.0%) compared to the 

other cluster groups. Members of the “dissatisfied with a poor work environment” cluster most 

frequently reported lack of good management, (67.9%) better pay/benefits (48.6%), and stressful 

work environment (48.2%) as the top three reasons that contributed to leaving.  

The “dissatisfied with a poor work environment” cluster also had the second-largest 

percentage of dynamic leavers with >1500 patients on their panel (6.8%). They also had the 

second-highest percentage of dynamic leavers who spent more than 75% of their time with 

limited English proficiency (9.3%). Almost 16% reported working more than 50 hours per week 

(15.5%). 
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Approximately twenty percent of the members in the “dissatisfied with a poor work 

environment” cluster used telehealth in the workplace (19.8%) and self-reported they more 

frequently participated in team-based care than not (79.3%). The most frequently reported 

training topic needs for the “dissatisfied with a poor work environment” cluster were also 

evidence-based care (54.7%) patient-centered care (44.6%). Highlights from the “dissatisfied 

with a poor work environment” cluster are presented in Table 41. 

Table 41 

Highlights from the “Dissatisfied with a Poor Work Environment” Cluster 

Cluster Characteristics Valid Percentage 

Cluster membership size (n = 2,368) 62.0 

Satisfied 

Dissatisfied 

43.2 

56.8 

Top three reasons for Leaving 

Lack of good management or leadership 

Better pay/benefits 

Stressful work environment  

 

67.9 

48.6 

48.2 

>1500 patients on panel  6.8 

≥ 75% of time spent with limited English proficiency  9.3 

% working more than 50 hours per week 15.5 

% of telehealth users 19.8 

% participating in team-based care 79.3 

Top two training topic needs 

Evidence-based care 

Patient-centered care 

 

54.7 

44.6 

 

Summary of Descriptive Results for Dynamic Leaver Cluster Groups 

Demographics for all four groups were very similar overall except for the “not burned 

out” group, which had the largest percentage (84.6%) of dynamic leavers who self-reported their 

race as White. Job characteristics differed in that the “burned out from a stressful and demanding 

work environment” and “dissatisfied with a poor work environment” groups which more 

frequently worked full-time and in ambulatory/clinic employment settings (see Table 33).  
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The “burned out from a stressful and demanding work environment” and “dissatisfied 

with a poor work environment” cluster groups also more frequently reported burnout, stress, and 

lack of good management as reasons for leaving than the other cluster groups. The “dissatisfied 

with a poor work environment” group reported better pay/benefits (48.6%) more frequently than 

the “burned out from a stressful and demanding work environment” group (45.4%). The “not 

burned out” and “satisfied” cluster groups both reported better pay/benefits, relocation to another 

area, and career advancement as the top three reasons for leaving. 

All four cluster groups reported similar participation levels in team-based care, although 

the “not burned out” (27.2%) and “satisfied” (29.3%) cluster groups reported more telehealth use 

than the other groups. The most frequently reported training needs were similar for each cluster 

group indicating the greatest needs for all four groups were evidence-based and patient-centered 

care.  

Summary 

The demographics and job characteristics from the sample of dynamic leavers, static 

leavers, dynamic stayers, and static stayers were presented to answer Research Question 1. An 

unsupervised data mining approach was used to conduct two-step cluster analyses to answer 

Research Questions 2 and 3. A series of variable combinations were part of the exploratory 

analysis and generated a series of models used to distinguish subgroups of dynamic leavers 

reporting similar NP differences, reasons for leaving, working conditions, and training topic 

needs. An inductive approach was used to select two final models that theoretically and 

empirically represented NP voluntary turnover and distinguished clusters of dynamic leavers 

from the sample. Both models were validated using propagated training and testing sets scaled 

using DEFF weights to account for the complex sample of NP participants from the 2018 
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NSSRN parent study. The cluster groups that emerged from Model 1: Burnout were labeled 

“burned out from a stressful and demanding work environment” and “not burned out,” and the 

clusters that emerged from Model 2: Job Satisfaction were labeled as “satisfied” and “dissatisfied 

with a poor work environment.” All four of the dynamic leaver cluster groups were also 

described using univariate analysis. The implications of these study findings are discussed in 

Chapter 5.  
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CHAPTER 5 

CONCLUSION 

This study explored a conceptual model of NP voluntary turnover through a secondary 

analysis of the 2018 NSSRN data. Prior to the study, NP turnover was known primarily through 

the lens of job satisfaction and turnover intention and did not account for contemporary twenty-

first-century work environments. To fill this knowledge gap, this study was developed to 

describe the voluntary turnover behaviors of NPs to inform a contemporary model of NP 

voluntary turnover using a cross-sectional, descriptive, and exploratory secondary analysis from 

the 2018 National Sample Survey of Registered Nurses (NSSRN). To my knowledge, this was 

the first study to use a data mining approach to investigate known and unknown predictors of job 

satisfaction to explore voluntary turnover using a generalized population of NPs from across the 

United States.  

A discussion of the study findings by research question and study limitations are 

presented in this chapter. The chapter concludes with a brief account of study contributions to 

both NP job satisfaction and NP turnover research. An account of the practice and research 

implications to address key issues related to education, policy, and leadership is also presented. 

The chapter concludes with researcher reflections.  

Discussion of the Study Findings 

The discussion is organized by research question and includes observations on the 

theoretical adequacy of the Model of NP Voluntary Turnover (Figure 2) in the investigation of 

NP voluntary turnover. The conceptual model was based on Herzberg’s (1959) dual-factor 

theory of job satisfaction and current literature. The findings from Research Questions 1-3 are 

related to other relevant literature to develop recommendations for practice and research.  
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Research Question 1 

 The Model of Voluntary Turnover described four distinct turnover groups. Research 

Question 1 sought to describe those four groups based on the 2018 NSSRN data. The discussion 

of the findings describing the characteristics of the NP voluntary turnover groups from Research 

Question 1 is discussed individually for each group, and a summary of the strengths of the 

findings from Research Question 1 is also presented.  

Discussion of Dynamic Leavers 

 Dynamic leavers represent actual turnover and consist of NPs who changed jobs but 

continued to work in nursing. Dynamic leavers was the second-smallest NP voluntary turnover 

group (9.5%). While there were no notable findings related to gender, marital status, level of 

highest nursing education, and NP certification/population foci for the dynamic leaver group, 

there were some notable demographic characteristics related to NP work experience, race, and 

age when dynamic leavers were compared to the other NP voluntary turnover groups.  

Historically, work experience has been considered a moderate predictor of NP job 

satisfaction (Kacel et al., 2005). Before this study, there was evidence suggesting new graduate 

NPs with less than two years of NP experience were more likely to be less satisfied with their 

jobs (Barnes, 2015; Faraz, 2017). However, it was unknown if NPs with less than two years of 

experience were actually leaving their jobs more frequently. In this study, the dynamic leaver 

group had the largest percentage (23.0%) of NPs with less than two years of experience 

compared to any of the other turnover groups, which provides new evidence of NP turnover in 

new graduate NPs. 

Race was not considered a strong predictor of job satisfaction or turnover intention in the 

review of literature. Dynamic leavers did predominantly self-report their race as White (73.7%), 
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which was nine percentage points less than those who self-reported their race as White in the 

other NP turnover groups. The dynamic leaver group also had the largest percentage of NPs who 

self-reported their race as Black (12.2%). However, the race variable may not be reliable since 

Auerbach and colleagues' (2021) reported that the 2018 NSSRN may have underestimated the 

Black/African American population by 50%. The dynamic leaver group also had the largest 

percentage of NPs who were less than 50 years old (69.5%).  

Previous studies have found age to be a weaker predictor of NP job satisfaction than 

work experience but have also found age and work experience highly correlated. Some of the 

existing NP job satisfaction literature suggest work experience may be a stronger predictor of NP 

turnover intention than age (Bumbach, 2016; Hagan & Curtis, 2018; Pron, 2013). However, both 

age and work experience require further investigation (Barnes, 2015; Faraz, 2017).  

There were no notable findings related to employment status, employment setting, and 

NP certification/population foci in the dynamic leaver group. Still, there were some notable job 

characteristics related to average annual earnings and job satisfaction. It is important to 

acknowledge that the univariate analyses related to average annual earnings are exploratory and 

require further investigation since the results did not account for full- or part-time employment 

status, geographic region, or cost of living. However, earnings for the dynamic leaver group were 

less than the dynamic stayer or static stayer groups and this finding may be an indicator that 

there could be salary and wage differences for the dynamic leaver group. Since there is moderate 

evidence to suggest salary and benefits are some of the strongest predictors of NP job 

satisfaction and turnover intention (Hagan & Curtis, 2018; Kacel et al., 2005; Koelbel et al., 

1991), lesser earnings could be a defining characteristic of the dynamic leaver group.   
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Job satisfaction may also be a defining characteristic for the dynamic leaver group. 

Although the dynamic leaver group was still more satisfied overall (64.8%), they were much 

more dissatisfied (35.2%) with their previous positions of employment when compared to 

dynamic and static stayers who stayed at their jobs. The 2018 NSSRN Summary Report (HRSA, 

2018c) does not report the overall satisfaction of NPs, but the sample was either satisfied or 

extremely satisfied more than 90% of the time (90.5%). The 2012 NSSNP (HRSA, 2014a) 

reported that 92% of NPs were either satisfied or extremely satisfied with their positions and 

were most satisfied with their level of autonomy and value of work itself. Herzberg et al. (1959) 

postulated that intrinsic motivators like the value of work itself would strongly influence job 

satisfaction. While the value for work itself variable was not measured in the 2018 NSSRN, the 

large proportion of dissatisfied NPs in the dynamic leaver group may represent dissatisfaction 

with certain aspects of their previous employment. It is unlikely that dynamic leaver job 

dissatisfaction reflects dissatisfaction with the NP role itself.  

In summary, dynamic leavers had the highest percentage of NPs with less than two years 

of experience, earned the least amount annually, and were the most dissatisfied with their 

previous jobs when compared to dynamic stayers and static stayers. Further investigation of the 

dynamic leaver group could confirm these findings and provide more meaningful information to 

project the supply and demand of the NP workforce. Future investigation in describing and 

understanding the similarities and differences among subgroups of dynamic leavers using more 

complex analyses should be conducted.  

Discussion of Static Leavers 

Static leavers represent actual turnover and consist of NPs who left a job and who also 

left the nursing profession. Static leavers was the smallest NP voluntary turnover group (1.2%). 
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Like dynamic leavers, the static leavers also demonstrated demographic characteristics related to 

work experience and age when compared to the other NP voluntary turnover groups. Although 

this group was the smallest (N = 1,048), the static leaver group had the largest percentage of NPs 

who had been working 35 years or more (10.6%) and had the highest percentage of nurses in the 

60 to 69 age range (34.5%). Less than a quarter (22.3%) of static leavers were under the age of 

50. In general, static leavers were older and more experienced than the other NP voluntary leaver 

groups, and they were closer to retirement.  

These findings suggest a need to better understand the relationship between generational 

attitudes, job satisfaction, and an aging nursing workforce (Han et al., 2018). The findings from 

this study extend Han and colleagues (2018) work by supporting the need to understand why 

static leavers, who are generally over the age of 50 and are generally more experienced, are 

voluntarily leaving their primary positions of employment and do not continue to work for pay in 

nursing. In the 2008 National Sample Survey of Registered Nurses [NSSRN], one-third of the 

RNs who were no longer working in nursing were age 65 or older (HRSA, 2008). In a secondary 

analysis of the 2012 NSSNP, it was determined that the NPs who were not working in nursing 

and were not retired were working outside of nursing (28.1%), were on 

maternity/paternity/family leave (26.0%), chose not to work (23.1%), or had a lack of 

jobs/practice opportunities (19.3%) listed as some of the primary reasons they were no longer 

working in nursing as an NP (J. Spetz, personal communication, August 14, 2020).  

Previous studies suggested a correlation between age and proximity to retirement in 

predicting turnover (Adams, 1999; DeMilt et al., 2011; Falk et al., 2017; Schmidt & Lee, 2008). 

DeMilt et al. (2011) suggested NPs who were approaching retirement age may be of particular 

interest to the profession after discovering that NPs who were over the age of 54 were more 
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likely to report their intent to retire in the next five years if they also reported being less satisfied 

with their jobs.  

When considering the proximity to retirement, age may be of considerable importance for 

the static leaver group. For example, only 1.2% of the sample met inclusion criteria because 

those who left their positions and the nursing profession for involuntary reasons had to be 

excluded (see Figure 5). A much larger portion of study participants indicated they left nursing 

involuntarily due to retirement and disability compared to the sample of static leavers (see Figure 

5). While this study aimed to investigate voluntary turnover, 10% of NPs still report leaving their 

jobs for involuntary reasons (NSI, 2020). The Model of NP Voluntary Turnover (Figure 2) does 

not account for involuntarily leaving. It is unclear if this group is significant in the model since 

static leavers only accounted for 1.2% of the sample.  

While previous job characteristic variables were not available for the static leaver group 

(i.e., employment status, employment setting, average annual earnings, and overall job 

satisfaction), following up on static leavers’ previous positions of employment could yield 

valuable information since prior job satisfaction and average annual earnings were not measured 

and were notable characteristics for all of the other NP voluntary turnover groups. This study 

only included static leavers who reported they had worked clinically before leaving and reported 

no intention to return to paid work in nursing. There are various non-clinical career paths for NPs 

(J. Spetz, personal communication, August 14, 2020). Some licensed NPs might have been 

excluded from the study if they were planning to return to an unpaid volunteer position or 

transitioned into faculty or administrative positions as they approached retirement. It would also 

be interesting to know if static leavers were in a better financial position to leave the profession 

of nursing since retirement or disability were not reported as reasons for leaving. Job satisfaction, 
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annual earnings, and household earnings could be defining characteristics for the static leaver 

group and should also be incorporated into future studies. Further investigation of the static 

leaver group could provide meaningful information about the aging NP workforce and help make 

more accurate workforce projections using predictors such as age, disability, career stage, end of 

career job preferences, and financial readiness for retirement.  

Discussion of Dynamic Stayers 

Dynamic stayers represent turnover intention and consist of NPs who stayed at their jobs 

but had considered leaving. Dynamic stayers was the largest NP voluntary turnover group 

(45.3%). Many findings from the review of literature can be related to the findings for the 

dynamic stayer group because they represented NP turnover intention (Bryant-Lukosius, 2007; 

Cheng et al., 2014; DeMilt et al., 2011; Faraz, 2017; Hagan & Curtis, 2018; Lelli et al., 2015; 

Mahoney et al., 2018; Orava, 2017; Poghosyan et al., 2016; Spetz et al., 2017).  

There were no notable demographics for this group, but dynamic stayers earned $3,034 

more annually than dynamic leavers but $2,450 less than static stayers. Mahoney et al. (2018) 

found that job satisfaction increased with higher salaries, and Hagan and Curtis (2018) found that 

as salary increased, the intent to leave decreased. This study's findings could also point to salary 

as a defining characteristic of the dynamic stayer group.  

Dynamic stayers' job satisfaction level aligns with the conceptual Model of NP Voluntary 

Turnover based on its position relative to the other two groups (i.e., dynamic leavers and static 

stayers). Overall, dynamic stayers were more satisfied with their current positions (87.2%) than 

dynamic leavers (64.8%) but were still less satisfied than static stayers (99.1%). Further 

investigation of the dynamic stayer group could elucidate meaningful differences as to why 

dynamic stayers are less satisfied with their jobs than others who stayed but have still considered 
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leaving, as shown in the Model of NP Voluntary Turnover (Figure 2). Identifying these subtle 

group differences may help employers and organizations that still have an opportunity to retain 

skilled NPs.  

Discussion of Static Stayers 

Static stayers represent turnover intention and consist of NPs who stayed at their job and 

have not considered leaving. Static stayers were the second-largest NP voluntary turnover group 

(45.2%). There were no notable demographic characteristics, but static stayers earned more 

annually than dynamic leavers and dynamic stayers, and they were also the most satisfied with 

their current positions (99.1%). Less than 1% of the sample from the static stayer group indicated 

they were dissatisfied with their jobs (see Table 24), which strongly supports the Model of NP 

Voluntary Turnover.  

While salary and job satisfaction may be highly correlated, they both appear to be 

defining characteristics of the static stayer group (see Figure 8). Further investigation of the 

static stayer group should be conducted to assist employers trying to recruit and prevent the loss 

of skilled employees since they appear to be the most satisfied with their jobs. Also, further 

investigation of the static stayer group may reveal meaningful findings that could be used to 

develop best practices for NP recruitment, employment, and retention.  

NP Voluntary Turnover Groups 

Demographics. The findings for Research Question 1 describing the characteristics of 

the NP voluntary turnover groups presented some notable findings related to demographics for 

the dynamic leaver and static leaver turnover groups. Gender, marital status, and NP 

certification/population foci were very similar for all the groups and support the review of 

literature suggesting that demographic differences may or may not contribute to job satisfaction, 
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turnover intention, or turnover (Bumbach, 2016; Cheng et al., 2014; Koelbel et al., 1991). 

However, some NP differences may be more important for NPs who belong to one of the four 

NP voluntary turnover groups. For example, dynamic leavers and static leavers demonstrated the 

most notable demographic characteristics related to age and work experience. Dynamic leavers 

were generally younger with less work experience and were less satisfied with their jobs, which 

was consistent with other studies that have found that NPs with two years of experience or less, 

including new graduates, were less satisfied with their jobs than those with more work NP 

experience (Barnes, 2015; Kacel et al., 2004; Tri, 1991). Static leavers had the highest 

percentage of NPs who were over the age of 50 (77.7%) with more work experience. However, 

job satisfaction was not measured in the static leaver population and so similarities could not be 

drawn for all four turnover groups. Age and NP work experience are likely correlated, suggesting 

work experience may differentiate the younger, dynamic leaver group and age may differentiate 

the older, static leaver group. Age and work experience for the dynamic stayer and static stayer 

groups differed the most from the other two leaver groups. 

Job Characteristics. The findings for Research Question 1 describing the characteristics 

of NP dynamic leavers also demonstrated notable job characteristic differences for three of the 

NP voluntary turnover groups. Employment status, employment setting, and NP 

certification/population foci were very similar for all the groups and support the review of 

literature suggesting that job characteristics may or may not contribute to job satisfaction, 

turnover intention, or turnover. However, some job characteristics may be more important for 

select groups of NPs who belong to one of the four NP voluntary turnover groups.  

Excluding static leavers, there were some notable job characteristics related to average 

annual earnings and job satisfaction for all the other turnover groups. The study findings 
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indicated that average annual earnings were the greatest for NPs who belonged to the static 

stayer group and were also the most satisfied with their jobs.  

Job satisfaction results for the three NP voluntary turnover groups (i.e., dynamic leavers, 

dynamic stayers, and static stayers) trends in the same direction as illustrated in the Model of NP 

Voluntary Turnover (Figure 2) and the Diverging Bar Chart of Job Satisfaction (see Figure 8). 

Although dynamic leavers reported the most dissatisfaction even though they reported being 

more satisfied (64.8%) than dissatisfied with their jobs (35.2%), these large differences in the 

level of overall job satisfaction and the groups’ relative position to the other stayer groups (i.e., 

dynamic stayers and static stayers) aligns with the conceptual model. 

Job satisfaction also aligns with turnover intention for both stayer groups (i.e., dynamic 

stayers and static stayers) as illustrated in the Model of NP Voluntary Turnover (see Figure 2). 

Since both stayer groups represent turnover intention and dynamic leavers represent turnover, 

their relative positions to each other regarding level of job satisfaction strongly support the 

conceptual Model of NP Voluntary Turnover (see Figure 2). The findings from the two stayer 

groups also suggest that job satisfaction could be a stronger predictor of turnover intention than 

actual turnover. A visual representation of the four NP voluntary turnover groups is presented in 

Figure 42.  
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Figure 42 

Visual Representation of the Four NP Voluntary Turnover Groups 
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Research Question 2  

In Research Question 2 the dynamic leavers group was explored for similar NP 

differences, reasons for leaving, working conditions, and training topic needs presented are 

discussed individually. The study findings, including the predictors of greatest importance for the 

models, are related to other findings in the literature and alternative explanations are explored.  

Discussion of Research Question 2.1: NP Differences 

 NP differences that best distinguished subgroups of dynamic leavers resulted in a two-

cluster solution that had nine inputs and generated a good quality model with an average 

silhouette measure of 0.5 (see Table 25). Cluster 1 was labeled the “family certified” subgroup 

(55.5.%) and Cluster 2 was labeled the “adult certified and other populations” (44.5%) subgroup. 

Nationally certified family and adult (not acute care) NPs both had predictor of importance levels 

≥ 0.6. These findings distinguished family NPs from the adult (not acute care) certified and other 

populations based on educational preparation. Family certification was the predictor of greatest 

importance out of all the NP differences for the dynamic leaver group.  

National Certification/Population Foci. Family nurse practitioners make up more than 

half (65.4%) of the nationally certified NPs and the adult (not acute care) certification is the 

second most common (12.6%) (AANP, 2019). The findings from the exploration of 

characteristics that best distinguished subgroups of NP dynamic leavers reported similar 

distributions of adult certified NPs in the sample (12.6%) and the dynamic leaver group (12.2%). 

However, there were less family certified NPs in the distribution of the sample (53.0%) and the 

dynamic leaver group (54.8%) than in the general population (65.4%) of NPs across the United 

States (AANP, 2019). These findings suggest family or adult (not acute care) certification best 

distinguished NPs who left their jobs based on population foci.  
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Most of the turnover intention studies from the review of literature investigated NPs 

using practice setting (not population foci) as a variable (Bryant-Lukosius et al., 2007; Cheng et 

al., 2014; Faraz, 2017; Hagan & Curtis, 2018; Lelli et al., 2015; Mahoney et al., 2018; Orava, 

2017; Poghosyan et al., 2016; Spetz et al., 2017). However, practice settings varied by region 

and organization, making it difficult to determine if practice setting influenced NP voluntary 

turnover intention. The investigation of employment setting in this study was less robust because 

it only included four general categories (i.e., hospital (not mental health), other inpatient, 

clinic/ambulatory, and other types of settings. I was unable to explore clinical specialty in any of 

the two-step cluster analyses (e.g., outpatient, cardiac, emergency, primary care, hospice, 

orthopedics, etc.) because using the clinical specialty (PN_CS_PUF) variable from the 2018 

NSSRN Codebook resulted in 41 missing values (HRSA, 2018a). Further exploration of this 

variable could be performed by removing those 41 cases from the sample.  

Family and adult (not acute care) certified NPs may be of particular interest for future 

model development. While practice setting may be more meaningful for regional or 

organizational use, the family certified variable may also be meaningful in the development of a 

generalized model of NP voluntary turnover, since it accounts for NPs caring for populations 

across the lifespan. When appropriate, future workforce studies should consider exploring the 

use of national certification/population foci, in addition to practice settings, to investigate 

subpopulations of NP voluntary turnover.  

Discussion of Research Question 2.2: Reasons for Leaving 

Reasons for leaving that best distinguished subgroups of dynamic leavers in the two-

cluster solution had six inputs and generated a good quality model with an average silhouette 

measure of 0.6 (see Table 26). Cluster 1 was labeled “other reasons not provided” (43.6%) 
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subgroup and Cluster 2 was labeled “poor work environment” (56.4%) subgroup. Lack of good 

management or leadership and inadequate staffing were the predictors of greatest importance for 

the reasons for leaving model. These findings strengthen previous studies reporting that 

administrative support or inadequate staffing were associated with job satisfaction (Bryant-

Lukosius & DiCenso, 2004; Herzberg et al., 1959; Karlin et al., 2002; Misener & Cox, 2001; 

Steinke et al., 2018). The lack of good management or leadership and inadequate staffing 

predictors are discussed along with the findings from the other reasons for leaving model. 

Lack of Good Management or Leadership. According to Herzberg et al. (1959), lack 

of good management or leadership falls under the administrative support domain of extrinsic 

hygienes. The findings for the dynamic leaver subgroups are consistent with many NP turnover 

intention studies that also found administrative support to be a reliable predictor of NP voluntary 

turnover. Mahoney et al. (2018) found that administrative support was one of the strongest 

predictors of job satisfaction and turnover intention in a population of NPs from the 2012 

NSSNP. In a cross-sectional study of 278 NPs from New York state, newly hired NPs with 

experience and new graduate NPs faced greater organizational challenges requiring increased 

administrative support at the time of hire (Poghosyan, 2017).  

Administrative support has also been known to be a strong correlate of NP job 

satisfaction, especially for new graduate NPs (Misener & Cox, 2001; Steinke et al., 2018; Faraz, 

2017). New graduate NPs who reported inadequate administrative support were twice as likely to 

consider leaving when compared to NPs who indicated they had adequate administrative support 

(Poghosyan, 2017). There is a considerable amount of learning that occurs during the first year 

of NP practice, and Bryant-Lukosius and DiCenso (2004) reiterated the need for ongoing 

administrative support to prevent new graduate turnover. These findings suggest that lack of 
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good management or leadership may also be especially important to dynamic leavers since they 

were generally described as having higher percentages of younger and less experienced NPs than 

any of the other NP voluntary turnover groups.  

Inadequate Staffing. The role of administrative support in the workplace cannot be 

overlooked when discussing workplace staffing. Organizational managers and leaders are 

primarily responsible for staffing and have the most control over everyday working conditions. 

Inadequate staffing emerged from the findings as a predictor of NP turnover even though it has 

historically been a hallmark of nursing turnover (American Nurses Association [ANA], 2015). 

While there is substantial evidence to support inadequate staffing as a reliable predictor for RNs 

(ANA, 2015; Shimp, 2017), there is limited evidence to support inadequate staffing as a 

predictor of NP turnover. Inadequate staffing has been found to reduce patient satisfaction levels 

a small sample (n = 36) of NPs practicing in Colorado (Karlin et al., 2002), but NP staffing 

perceptions were not measured in the 2018 NSSRN. Lelli et al. (2015) recommended delegating 

clinical operations and clerical tasks to other staff members to increase NP job satisfaction, but 

more research is needed to understand how inadequate staffing influences working conditions, 

job satisfaction, and turnover in the NP population. 

Lack of advancement opportunities, interpersonal differences, lack of collaboration, and 

the inability to practice to the full extent of license were the other predictors of importance in the 

reasons for leaving model, but they were less important than a lack of good management or 

leadership and inadequate staffing. These variables demonstrate a good distribution of Herzberg 

et al.’s intrinsic motivators and extrinsic hygienes.  

The inability to practice to the full extent of license was categorized as an intrinsic 

motivator as part of the autonomy conceptual domain. These findings represented a primary 
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position of employment that was held on December 31, 2017 and had since been left prior to 

completing the survey sometime between April and October of 2018. In January of 2017, there 

were 21 states and the District of Columbia that had adopted full-practice authority for NPs and 

15 more states were actively planning legislation while licensure information for the NSSRN 

was being compiled (Dillon & Gary, 2017). Although autonomy was the least important 

predictor for the “poor work environment” subgroup in the reasons for leaving model, trends 

from the review of the literature suggested that NP autonomy may be one of the most reliable 

predictors of NP job satisfaction and NP turnover intention (Athey et al., 2016, Freeborn et al., 

2002; Han et al., 2018; Kacel et al., 2007; Poghosyan et al., 2016; Pron, 2013; Spetz et al., 2017). 

This study accounted for all U.S. states and territories. Therefore, the relative position of the 

inability to practice to the full extent variable in the reasons for leaving model (see Table 26) 

may understate the importance of this variable for NPs who were licensed and had previously 

worked in a state where they did not have full practice authority at the time.  

Other Reasons for Leaving. The “other reasons for leaving” model (see Table 27) 

generated a two-cluster solution that had five inputs that generated a fair quality model with an 

average silhouette measure of 0.4. Cluster 1 was labeled “stressful work environment and 

inconvenient scheduling” (42.9%) and Cluster 2 was labeled “relocation” (57.1%). The “stressful 

work environment and inconvenient scheduling” cluster reported a stressful work environment 

and scheduling or inconvenient hours as the predictors of greatest importance for the other 

reasons for leaving model. The stressful work environment and scheduling or inconvenient hours 

are briefly discussed below.  

Stressful work environment. A poor work environment emerged as one of the cluster 

groups for the reasons for leaving model and the stressful work environment emerged as the 
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predictor of greatest importance for the other reasons model. Job stress is a commonly 

investigated phenomenon for both physicians and nurses, but there is a lack of research 

supporting the different aspects of job stress for NPs. The 2012 NSSNP did not measure job 

stress from a generalized population of NPs, but DeMilt et al.’s (2011) findings from a 

convenience sample of NPs attending a national nursing conference in the United States reported 

that stress (21.4%) was one of the primary reasons they would consider leaving their current 

position of employment. A majority (66.8%) of the members from the “stressful work 

environment and inconvenient scheduling” cluster also reported burnout, which was another 

predictor of importance in the other reasons for leaving model.  

Scheduling or inconvenient hours. The review of the literature found very little to 

support scheduling of inconvenient hours to be a predictor of NP turnover, but time off to serve 

on professional committees, involvement in research, and inconvenient work schedules have 

been found to be moderately correlated with job satisfaction and negatively correlated with 

inconvenient work schedules (Kleinpell-Nowell, 1999; Misener & Cox, 2001). The scheduling 

and inconvenient hours variable represents the date and times the NP was required to report to 

work. This finding may be strongly influenced by family/dependent responsibilities and there is a 

strong possibility that scheduling and inconvenient hours are strongly correlated with the number 

of hours worked each week. Both variables and their relationship with each other require further 

investigation.   

Burnout, relocation, and better pay constituted part of the “other reasons for leaving” 

model and represented a mix of extrinsic hygienes and NP differences. The “relocation” 

subgroup had a disproportionate number of (95.5%) dynamic leavers who reported that 

relocation was one of the other reasons for leaving their primary position of employment when 
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compared to members of the “stressful work environment and inconvenient scheduling” (4.5%) 

cluster. While relocation was not one of the most important reasons for leaving, there was a 

subgroup of NPs who indicated they left their position because of relocation (95.5%). It would 

be interesting to know if marital status, military status, dependents status, age, salary, region, or 

gender are associated with geographic location and relocation-related turnover in the NP 

population.  

Discussion of Research Question 2.3: Working Conditions 

Working conditions that best distinguished subgroups of dynamic leavers in the three-

cluster solution had five inputs and generated a good quality model with an average silhouette 

measure of 0.6 (see table 28). Cluster 1 (n = 663, labeled “telehealth use” subgroup, 17.3% of 

participants) had the smallest cluster membership. Cluster 2 was labeled the “increased workload 

and less participation in team-based care” (35.7%) subgroup, and Cluster 3 was the largest and 

was labeled the “no telehealth use and more participation in team-based care” (47.0%) subgroup. 

Telehealth use in the workplace, hours worked each week, and team-based care all had predictor 

of importance levels ≥ 0.6. All three of these predictors were considered working conditions as 

part of the extrinsic hygienes conceptual domain.  

While it was proposed from the review of literature that other working conditions such as 

time spent charting patient care, EHR use, and physical demands of the job could be important, 

they did not emerge as important predictors in the working conditions model. Some of the 

important predictors do align with previous literature indicating that hours worked each week 

likely predict NP job satisfaction and turnover for the dynamic leaver population (Bryant-

lukosius, 2007; Bumbach, 2016). Interestingly, telehealth use in the workplace and level of 

participation in team-based care are contemporary variables that emerged as important working 
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conditions distinguishing subgroups of dynamic leavers in the working conditions model. 

Telehealth use, participation in team-based care, and hours worked each week are discussed 

below.  

Telehealth Use. Many political and educational initiatives have made substantial 

attempts to foster the use of telehealth to increase healthcare access and improve patient 

outcomes, but little is known about how telehealth use influences NP job satisfaction. However, 

there is some evidence to suggest that rural patients experience higher levels of satisfaction with 

their nursing care when telehealth technology is used to increase accessibility to health care 

(Roberge, 2009).  

The “telehealth use” cluster reported the least (17.5%) amount of participation in team-

based care. There is some evidence suggesting that both NPs and physicians experience 

increased job satisfaction when they work in teams (Hoff, 2019). The advantage of team-based 

care is that members of the team take responsibility for different aspects of patient care, which 

improves access and quality (Lyon et al., 2018). These findings suggest that team-based care 

models are less likely to be used in telehealth care settings, which could indicate NPs who are 

using telehealth are more likely to work independently and may or may not be adequately 

supported by other members of the healthcare team. The sharp increase in telehealth usage since 

March of 2020 as a result of the Covid-19 pandemic has many organizations permanently 

adopting this delivery method into routine patient care (Gelburd, 2020), but there is concern that 

this did not leave adequate time to develop efficient team-based care workflows (Berg, 2020). 

These findings suggest that the role of team-based care in the telehealth setting warrants further 

investigation to see how they both influence NP job satisfaction, NP turnover, and patient 

outcomes in the future.  



 

254 

 

Hours Worked Each Week. It was determined that NPs working more than 50 hours per 

week was an important predictor for the working conditions model (see Table 28) and 

represented increased workload, by spending more than 75% of their time with limited English 

proficiency patients and by having patient panel sizes greater than 1500. While hours worked 

was important in the working conditions model, it was not found to be an important predictor in 

any of the final models of NP voluntary turnover.  

These findings confirm some of the conflicting evidence from the review of literature 

related to the number of hours worked, including overtime. One study reported the number of 

hours worked each week was a moderate predictor of NP job satisfaction (Bryant-Lukosius et al., 

2007), and another study reported that rural NPs, who worked more than 40 hours each week, 

were still more satisfied than NPs who worked fewer hours in urban areas (Spetz et al., 2017). 

Further investigation of the number of hours worked as part of the working conditions domain, 

should be conducted to confirm the importance of the number of hours worked in predicting NP 

turnover in various groups of NPs who are working with different populations in a variety of 

healthcare settings, across the United States.  

Discussion of Research Question 2.4: Training Topic Needs 

Training topic needs that best distinguished subgroups of dynamic leavers resulted in a 

three-cluster solution which had five inputs and generated a fair quality model with an average 

silhouette measure of 0.4. Cluster 1 was labeled the “vulnerable populations” (32.1%) subgroup, 

Cluster 2 was labeled the “patient-centered care” (25.8%) subgroup, and Cluster 3 was labeled 

the “not vulnerable populations or patient-centered care” (42.1%) subgroup. The most important 

predictors for the training topic needs model were working in an underserved community, social 
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determinants of health, and patient-centered care, which all had predictor of importance levels ≥ 

0.6.  

Eliminating health disparities and increasing access to care are considered major public 

health priorities (U.S. Department of Health and Human Services [USDHHS], 2020). To meet 

the needs of their communities of interest, many national and regional grant initiatives have been 

aimed at preparing NP students to care for diverse and vulnerable populations during their 

academic education. These initiatives rely on NP programs to deliver this critical training 

necessary for practice. For example, the Indian Health Service, U.S. Department of Health and 

Human Services, and other various state and regional health departments have offered grant 

opportunities to support training during an NP academic program and in NP post-graduate 

residencies that will prepare nurse practitioners to care for diverse patient populations as they 

enter the NP workforce (Rural Health Information Hub [RHIhub], 2021).  

Vulnerable Populations and Patient-centered Care. In 2018, the Commission on 

Collegiate Nursing Education (CCNE) updated their accreditation standards by requiring NP 

programs to demonstrate teaching-learning practices in an NP curriculum ensuring NP students 

were exposed to individuals with diverse life experiences and backgrounds to “broaden student 

perspectives” (CCNE, 2018, p. 16). The emphasis on this NP accreditation standard appears to 

support the training topic needs of NPs from this study who reported a need to be prepared to 

provide patient-centered healthcare to socially complex patients living in underserved 

communities. For example, increasing telehealth knowledge in NP academic programs has been 

found to increase the NP student confidence when caring for rural and underserved populations 

(List et al., 2019), but very little information is being reported on how NP academic programs 
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have addressed telehealth training to care for underserved communities in the curriculum 

(Rutledge et al., 2017).  

Eighty percent of dynamic leavers from this study had more than three years of NP work 

experience and they were far removed from receiving their initial training from an accredited NP 

academic program or residency. If organizations and employers are interested in meeting the 

evolving needs of their healthcare communities, training initiatives should be adopted to meet the 

needs of already practicing NPs.  

Evidence-based Care. For dynamic leavers, all four of the cluster groups in the final 

models for Research Question 3, indicated evidence-based care and patient-centered care as the 

most frequently needed training topic needs (see Tables 35-38). There was also a “patient-

centered care” subgroup and “vulnerable populations” subgroup who indicated they needed 

training in working in an underserved community and social determinants of health to help them 

do their jobs better (see Table 29).  

In summary, organizations and employers should incorporate training and continuing 

education that specifically address the following training topic needs: vulnerable populations, 

patient-centered care, and evidence-based care. Out of the three cluster groups from the training 

topic needs model, one of the cluster groups labeled “not vulnerable populations or patient-

centered care” only indicated a few training needs in the topics of team-based and evidence-

based care. Based on the study results, it is unknown if there are groups of dynamic leavers who 

had other needs or no needs at all, but healthcare organizations can perform needs assessments to 

identify training topics that would best meet the needs of their NPs and patient population.  
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Research Question 3 

This section presents a discussion of the findings exploring the models that best 

distinguished dynamic leavers. The study findings are related to other findings in the literature 

and alternative explanations for Model 1: Burnout and Model 2: Job Satisfaction are explored. A 

summary of the strength of the findings for Research Question 3 is also described. A 

contemporary model of NP voluntary turnover is also presented.  

Discussion of Model 1: Burnout  

All the study variables listed in Table 31 were used to answer Research Question 3. 

Model 1: Burnout was the first of two models that best distinguished subgroups of dynamic 

leavers. The two-cluster solution had six inputs and generated a good quality model with an 

average silhouette measure of 0.5 from the training and testing sets. Cluster 1 was labeled the 

“burned out from a stressful work environment” (61.6%) subgroup and Cluster 2 was labeled the 

“staffed” (38.4%) subgroup. Burnout and stressful work environment variables both had 

predictor of importance levels ≥ 0.6. The model findings present emergence of some of the less 

recognized predictors of NP turnover intention that best distinguished subgroups of dynamic 

leavers as part of the working conditions domain.  

All the predictors in Model 1: Burnout were classified as working conditions and the 

stressful work environment predictor clustered well with the other and most important predictor, 

burnout (see Table 42). A list of all the important predictors from the burnout model and their 

corresponding conceptual domains is summarized in Table 42. All the important predictors from 

the Model 1: Burnout are discussed below. 
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Table 42 

Predictors of Importance for Model 1: Burnout 
Conceptual Domain Predictors of Importance 

Extrinsic Hygiene/ Working conditions Burnout a 

Extrinsic Hygiene/ Working conditions Stressful work environment a 

Extrinsic Hygiene/ Working conditions Inadequate staffing 

Extrinsic Hygiene/ Working conditions % of time spent with limited English proficiency patients 

Extrinsic Hygiene/ Working conditions Patient panel size 

Extrinsic Hygiene/ Working conditions Patient Population 

Note. Predictor of importance variables are listed from most important to least important. 
a indicates predictor of importance values ≥ 0.6. 

 

 

Working Conditions. All the predictors of importance in Model 1: Burnout were 

classified as working conditions (i.e., burnout, stressful work environment, inadequate staffing, 

percentage of time spent with English proficiency patients, patient panel size, and patient 

population). When working conditions create time constraints and an unfavorable work 

environment, they have been found to increase feelings of job dissatisfaction, stress, burnout, and 

the intent to leave in the direct provider population (Agency for Healthcare Research and Quality 

[AHRQ], 2021). While burnout and stressful work environments have historically been 

considered psychological determinants of job satisfaction and turnover for RNs (Mealer et al., 

2016) and physicians (AHRQ, 2021), burnout and stressful work environments appear to be 

significantly understudied predictors of turnover in the NP population (Hoff, 2019).  

Burnout and a Stressful Work Environment. Burnout was the predictor of greatest 

importance in Model 1: Burnout. Burnout is characterized by emotional exhaustion, and negative 

attitudes towards oneself and his or her patients (Van Dierendonck et al., 1994). The amount of 

burnout being reported by primary care providers is reaching record levels (Willard-Grace et al., 

2019). While most of the existing direct-care provider research is focused on the physician 

workforce, the AHRQ has made efforts to include nurse practitioners in more recent studies by 

recently discovering that more than 20% of NPs reported they were burned out, and rural NPs 



 

259 

 

were at the greatest risk (AHRQ, 2021). Chen et al. (2016) found that NPs who were stressed at 

work experienced more anxiety and depression than NPs who were not stressed. 

Nurse Practitioners have transformed healthcare by fulfilling part of the primary care 

provider need as a result of physician burnout and staffing shortages. As a result of increases in 

NP scope of practice across the United States, NPs are now shouldering similar responsibilities 

as physicians and in some cases, caring for more underserved patient populations with socially 

complex needs as a result of NP role expansion (Buerhaus et al., 2015; Kleinpell et al., 2014; 

Xue & Intrator, 2016). Consequently, levels of NP burnout could reach similar levels of burnout 

being reported by the physician workforce due to increasing work demands and the composition 

of a primarily female NP workforce.  

Female physicians are in some instances 30-60% more likely to experience burnout than 

male physicians and females also experience increased rates of depression when compared to 

their male colleagues who reported they were also burned out (Shanafelt et al., 2015; Shanafelt et 

al., 2016). Females are also more likely to leave employment because of family obligations and 

less traditional career ladders (Baron et al., 1986; Marsh & Mannari, 1977). In general nursing, 

female RNs with preschool-aged children with less than three years of experience were also 

more likely to report burnout and turnover intention than their male peers (Maruyama et al., 

2015).  

Corbridge and Melander (2019) recognized the lack of burnout research in the NP 

population and noted that RNs, specifically RNs working in critical care areas, were at risk of 

psychological stress and burnout related to demanding and stressful work environments (Mealer 

et al., 2016). Kapu and colleagues (2019) also found a limited amount of research addressing 

nurse practitioner burnout. The lack of research supporting burnout as a predictor of NP turnover 



 

260 

 

leaves much to be investigated. In a study of Canadian NPs, burnout was not found to be a 

significant predictor of intent to stay (Orava, 2017), but the findings from this study of U.S.-

based NPs found burnout to be one of the strongest predictors of NP voluntary turnover in Model 

1: Burnout. Orava’s findings could also reflect the different healthcare policies influencing NP 

work environments in a decentralized, and publicly-funded Canadian healthcare system. 

The stressful work environment variable was also found to be a predictor of importance 

in the other reasons for leaving model (see Table 27) and the second most important predictor in 

Model 1: Burnout (See Table 30). Appelbaum et al. (2010) found the work environment was 

strongly related to stress, job satisfaction, and turnover intention in general nursing. For neonatal 

NPs, a stressful and demanding work environment while caring for critically ill neonates was a 

major contributor to job dissatisfaction (Phillips & Beal, 2001), but these findings had not been 

confirmed in predicting NP voluntary turnover. Stress and burnout have not been extensively 

studied in the NP population. In this study, stressful work environment and burnout were 

classified as working conditions as part of extrinsic hygienes, even though they were not part of 

Herzberg et al.’s (1959) original theory. Both of these variables were found to be predictors of 

importance based on the conceptual framework for this study.   

Inadequate Staffing. As mentioned in the discussion of the findings for the reasons for 

leaving model for Research Question 2, there is considerable evidence to support inadequate 

staffing as being a reliable predictor of RN turnover (ANA, 2015; Shimp, 2017), but evidence 

supporting inadequate staffing as a predictor of NP turnover is somewhat limited. In a small 

study of Taiwanese NPs, inadequate staffing was a contributor to stress, anxiety, and depressive 

symptoms (Chen et al., 2016). This variable requires further investigation to understand staffing 

trends associated with NP voluntary turnover.  
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Percentage of Time Spent with Limited English Proficient Patients. This study found 

that NPs who spent 75% or more of their time with limited English proficiency patients was an 

important predictor as part of the working condition conceptual domain. Effective patient-

provider communication has been identified as one way to reduce ethnic and racial health 

disparities (Mahmoudi et al., 2017). However, patient-provider communication tends to be less 

effective when there are time constraints associated with patient-provider language barriers. 

Patient encounters with non-English speaking patients take more time and more resources than 

with English proficient patients (McFarland et al., 2017). These findings suggest that a higher 

percentage of non-English proficient speaking patients may increase work demands and 

contribute to burnout and NP voluntary turnover when there is inadequate staffing and resources. 

Patient Panel Size. The inclusion criteria for the dynamic leaver sample only included 

NPs who reported they previously worked in direct patient care and had their own patient panels. 

Therefore, dynamic leavers self-reported their patient panel size in this study. All the dynamic 

leavers in the “burned out from a stressful work environment” subgroup who reported having 

more than 1500 patients on their panel also reported patient population and the percentage of 

time spent with non-English proficiency patients contributed to their leaving. The clustering of 

these predictors exclusively distinguishing the “burned out from a stressful work environment” 

subgroup are significant study findings because they may represent the increased time and 

resources necessary to adequately care for vulnerable patient populations.  

Altschuler and colleagues (2012) attempted to calculate optimal patient panel sizes for 

primary care providers and found that a provider could care for 963 patients and up to 1,947 in a 

delegated model with adequate resources. However, they considered 1,200 patients to be a 

manageable size in primary care. Helfrich et al. (2017) found that NPs providing primary care 
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with more than 1200 patients on their panels were at greater risk of burnout. These findings 

suggest the size of the patient panel could be important in predicting burnout and ultimately NP 

voluntary turnover. The AHRQ (2017) reported that reducing patient panel sizes increased job 

satisfaction and reduced burnout for physicians because it increases the amount of time for 

patient visits. However, there is limited evidence supporting reduced patient panel sizes to 

increase job satisfaction and prevent burnout in the NP population.  

Patient Population. The attributes of the patient population were found to be one of the 

important predictors for dynamic leavers in Model 1: Burnout. These attributes of the patient 

population relate to the demographic distributions, medical complexity, primary diagnoses, and 

disease severity of the patient. The review of literature found NPs in the United States are likely 

to care for vulnerable populations from different demographic and socioeconomic backgrounds, 

which can increase the medical and social complexity of care (Buerhaus et al., 2015; Poghosyan 

& Carthon, 2017). NPs may be providing care to a large portion of vulnerable populations; these 

encounters could be increasing work demands and putting NPs at an increased risk of burnout 

and turnover. These findings, in combination with subgroups of NPs who indicated that more 

training in the topic of vulnerable populations and patient-centered care would have helped them 

do their jobs better before leaving their primary position held on December 31, 2017, raise 

questions about the existing training gaps that could be filled through continuing education 

initiatives aimed at increasing NP skillsets to prevent turnover and improve patient outcomes for 

specific populations. 

Many studies have used the 2012 NSSNP to study the relationships between 

sociodemographic factors and extrinsic hygienes of the work environment such as practice 

setting type, patient mix, number of hours worked, and pay (Greene et al., 2017; Spetz et al., 
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2017; Jones, 2018; Lie et al., 2018; Xue et al., 2016), but these studies did not consistently 

investigate intrinsic motivators. Model 1: Burnout reflects similarities to the 2012 NSSNP 

studies, which may be a natural result of the government-funded workforce initiatives that are 

designed to gather sociodemographic and NP workforce data. Increased workload, inadequate 

staffing, limited control over the work environment, time pressure, and complex patients 

commonly contribute to burnout for nurses and physicians (Dall’Ora et al., 2020). Burnout is 

considered a precursor to turnover, but these variables have been insufficiently tested in 

predicting NP turnover (Dall’Ora et al., 2020). 

Burnout may be a more important predictor of NP turnover than NP research has 

suggested (DeMilt et al., 2011; Orava, 2017). The findings from Model 1: Burnout suggest 

burnout may be more closely related to NP turnover, as part of the working conditions 

conceptual domain, than job satisfaction. Working conditions are classified as extrinsic hygienes, 

which are considered maintenance factors required for fostering and preserving a nourishing 

work environment (Herzberg et al., 1959). Burnout, stressful work environments, the percentage 

of time spent with patients, patient panel size, and patient population itself are all considered part 

of the working conditions conceptual domain, suggesting NP practice environments are closely 

related to NP voluntary turnover.   

Although intrinsic motivators are historically considered to be some of the strongest 

predictors of job satisfaction and NP turnover intention, extrinsic hygienes were unanimously 

important for dynamic leavers reporting burnout and stressful work environments in the burnout 

model. Since Model 1: Burnout represents a contemporary cross-validated model of NP turnover 

in the United States that is specific to the working conditions conceptual domain, it could be 

used to test model adequacy and inform future studies using burnout and job stress as other 
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psychological determinants of NP voluntary turnover. The Model of NP Voluntary Turnover 

(Figure 2) was modified to incorporate the findings from Model 1: Burnout presented in Chapter 

4 (Figure 31) and is presented in Figure 43 below. Since there is only evidence from this study to 

support the incorporation of the burnout model for the dynamic leaver group, the other NP 

turnover groups are grayed out. 

Figure 43 

Model of NP Voluntary Turnover with Burnout  

 

Discussion of Model 2: Job Satisfaction 

Model 2: Job Satisfaction was the second of two models that best distinguished 

subgroups of dynamic leavers. The two-cluster solution had five inputs and generated a good 

quality model with an average silhouette measure of 0.5 from the training and testing sets (see 
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Table 31). Cluster 1 was labeled the “satisfied” (39.1%) subgroup and Cluster 2 was labeled the 

“dissatisfied with a poor work environment” (60.9%) subgroup. Lack of good management and 

job satisfaction both had predictor of importance levels ≥ 0.6. These findings support a wide 

variety of literature emphasizing job satisfaction to be a predictor of NP turnover intention and 

represented distinguishing characteristics of NP voluntary turnover.  

Herzberg et al.’s (1959) dual theory of job satisfaction informed the conceptual model for 

this study. Model 2: Job Satisfaction portrays a suitable distribution of Herzberg et al.’s (1959) 

conceptual domains of job satisfaction similar to the reasons for leaving model (see Table 32). 

The extrinsic hygienes (i.e., lack of good management or leadership, inadequate staffing, and 

interpersonal differences) variables clustered well with job satisfaction (see Table 35). The 

model also included one intrinsic motivator (i.e., lack of advancement). Excluding job 

satisfaction, all these predictors were also important in the reasons for leaving model from the 

findings from Research Question 2 (see Table 26). A list of all the important predictors from 

Model 2: Job Satisfaction and their corresponding conceptual domains is summarized in Table 

43.  

Table 43 

Predictors of Importance for Model 2: Job Satisfaction 
Conceptual Domain Predictor of Importance 

Extrinsic Hygiene/ Administrative Support Lack of good management or leadership a 

Job Satisfaction Job satisfaction a 

Extrinsic Hygiene/ Working conditions Inadequate staffing 

Intrinsic Motivator/Professional Growth Lack of advancement 

Extrinsic Hygiene/ Interpersonal relationships Interpersonal differences 

Note. Predictor of importance variables are listed from most important to least important. 
a indicates predictor of importance values ≥ 0.6. 

 

Although intrinsic motivators are historically considered to be some of the strongest 

predictors of job satisfaction and NP turnover intention, Model 2: Job Satisfaction only 

represented the lack of advancement predictor from the intrinsic motivator/professional growth 
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conceptual domain. Model 2: Job Satisfaction represents a contemporary cross-validated model 

of NP turnover in the United States that aligns with Herzberg et al.’s (1959) dual factor theory of 

job satisfaction and other reasons for leaving conceptual domains. This model could be used to 

inform future studies of job satisfaction and should be confirmed to further test model adequacy 

of job satisfaction as a psychological determinant of NP voluntary turnover. The Model of NP 

Voluntary Turnover (Figure 2) was modified to incorporate the findings from Model 2: Job 

Satisfaction presented in Chapter 4 (Figure 39) and is presented below. Since job satisfaction 

was not reported for the static leavers, the static leaver group was grayed out since there was 

insufficient evidence to support this group in the final model. However, they still should be 

considered in the future since they were part of the original framework. 

Figure 44 

Model of NP Voluntary Turnover and Job Satisfaction 
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Contemporary Model of NP Voluntary Turnover  

The findings from Model 1: Burnout provides new evidence revealing how burnout and 

other working conditions contribute to NP voluntary turnover in the dynamic leaver group. The 

findings from Model 2: Job Satisfaction align closely with the conceptual model for the study 

which was informed by Herzberg et al.’s (1959) dual-factor theory of job satisfaction and 

reaffirms that job satisfaction contributes to NP voluntary turnover intention and provides new 

evidence that job satisfaction also contributes to actual turnover. The Model of NP Voluntary 

Turnover (Figure 2), and the findings from Model 1: Burnout (Figure 31) and Model 2: Job 

Satisfaction (Figure 39) were used to fulfill the study purpose to describe the voluntary turnover 

behaviors of NPs and ultimately inform a Contemporary Model of NP Voluntary Turnover 

below.  
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Figure 45 

Contemporary Model of NP Voluntary Turnover  

 

Summary of Study Findings 

The following section summarizes the study findings by conceptual domains and 

predictors of importance from the Model of NP Voluntary Turnover (see Figure 2). The most 

important predictors with importance values ≥ 0.6 for all the study models are listed in Table 44.   
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Table 44 

Predictors with Importance Values ≥ 0.6 for Research Questions 2 and 3 

Model Conceptual Domain Predictor 

NP Differences NP Differences/National 

Certification/Population Foci 

Family certified  

NP Differences/National 

Certification/Population Foci 

Adult certified  

Reasons for Leaving Extrinsic Hygiene/Administrative Support Lack of good management 

Extrinsic Hygiene/Working conditions Inadequate staffing 

Other Reasons for 

Leaving 

Extrinsic Hygiene/Working conditions Stressful work environment 

Extrinsic Hygiene/Working conditions Scheduling and inconvenient hours 

Working Conditions Extrinsic Hygiene/Working conditions Telehealth use in the workplace 

Extrinsic Hygiene/Working conditions Participation in team-based care 

Extrinsic Hygiene/Working conditions Hours worked each week 

Training Topic Needs Professional growth/Training topic needs Working in an underserved community 

Professional growth/Training topic needs Social determinants of health 

Professional growth/Training topic needs Evidence-based care 

Model 1: Burnout Extrinsic Hygiene/Working conditions Stressful work environment 

Extrinsic Hygiene/Working conditions Burnout 

Model 2: Job 

Satisfaction 

Extrinsic Hygiene/Administrative Support Lack of good management 

Job satisfaction Job satisfaction 

Note. All the predictors listed had predictor of importance values ≥ 0.6 for the corresponding research question’s 

best performing models. 

 

National certification and/population foci in family and adult, NP work experience, and 

relocation were predictors of importance in the NP differences and other reasons for leaving 

models. However, there were no predictors for NP differences in the final models of NP 

voluntary turnover. These findings support the review of literature, which demonstrated weak 

and inconsistent relationships among NP differences and NP job satisfaction.  

Intrinsic motivators have historically been considered some of the strongest predictors of 

NP job satisfaction and NP turnover intention (Han et al., 2018). Relevant literature utilizing 

Herzberg’s dual-factor job satisfaction theory suggests that in general, intrinsic motivators 

generate the highest levels of overall job satisfaction when compared to less satisfying extrinsic 

hygienes in the NP population (Faraz, 2017; Han et al., 2018; Kacel et al., 2005; Kleinpell, 1997; 
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Koelbel et al., 1991; Misener & Cox, 2001; Strickland & Hanson, 1995). Although Herzberg et 

al.’s (1959) intrinsic motivators were rarely present in the models, they may not have been 

measured or conceptualized well for use in the 2018 NSSRN. For example, most of the intrinsic 

motivators were negatively written (e.g., lack of collaboration, inability to practice to full extent 

of license, lack of advancement, training topic needs, etc.). Additionally, like much of the review 

of literature, the value for work itself has rarely been investigated and was not measured in the 

2018 NSSRN. Since intrinsic motivators are considered strong predictors of job satisfaction and 

NP voluntary turnover intention, it is likely they are still important in predicting NP voluntary 

turnover although they were underrepresented in the survey and in the model results.   

Of all the variables with predictor of importance values ≥ 0.6, predictors from the 

extrinsic hygienes/working conditions conceptual domain appeared most frequently important 

among all the models. Working conditions include a variety of variables and include the number 

of hours worked and the type of work involved in being a nurse practitioner regarding patient 

load, patient mix, billing arrangements, and the proportion of time spent providing patient care, 

completing paperwork, and documenting patient information. Some of these variables may be 

closely related to one another making it difficult to clearly distinguish working conditions or 

other demands from the job. All the predictors in the Model 1: Burnout were categorized as 

working conditions and were characterized by the “burned out from a stressful and demanding 

work environment” and the “not burned out” cluster groups. Burnout, stressful work 

environment, inadequate staffing, percentage of time spent with English proficiency patients, 

patient panel sizes, and patient population contributed to leaving and were considered the most 

important.  
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Team-based care was important in the working conditions and training topic needs 

models. Team-based care is a favorable initiative that warrants further investigation in future NP 

turnover studies because it has been found to increase access to care and has been found to 

reduce burnout among physicians and NPs (Hoff, 2019). Nurse practitioners are considered one 

of the solutions to fulfilling the direct-care provider needs of the United States and are part of the 

solution in reducing some of the healthcare burdens placed on physicians. If physicians and 

nurse practitioners experience an increase in job satisfaction, a decrease in burnout, and a 

reduction in turnover when they share and distribute workplace demands, then the healthcare 

team and their patients should benefit when NPs are participating in team-based care and each 

member of the team is practicing at their highest level of practice (Hoff, 2019; Smith et al., 

2018).  

The inadequate staffing variable was the only shared predictor between Model 1: Burnout 

and Model 2: Job Satisfaction (see Figure 41) and it was also a predictor of importance for the 

reasons for leaving model (see Figure 17). The “poor work environment” cluster group was 

characterized by a lack of good management or leadership, inadequate staffing, lack of 

advancement opportunities, interpersonal differences, a lack of collaboration, and inability to 

practice to the full extent of license. According to Dyrbye and colleagues (2017), there is 

substantial research indicating work-related factors, such as poor management, lack of 

collaboration, increased work hours, patient load, and autonomy, are all major causes of burnout 

and job dissatisfaction in both physician and nurses (2017). However, little is known about the 

relationship between inadequate staffing and NP turnover. DeMilt et al.’s (2011) findings from a 

cross-sectional descriptive study of NPs sampled from a national nursing conference in the 
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United States found job dissatisfaction, stress, and burnout had equal strength in predicting NP 

turnover intention.  

Common themes emerged regarding a stressful work environment as evidenced by the 

following cluster groups: “poor work environment,” “stressful work environment and 

inconvenient scheduling,” “burned out from a stressful and demanding work environment,” and 

“dissatisfied with a poor work environment” cluster groups. Previously identified predictors of 

NP job satisfaction, such as lack of good management, hours worked each week, and job 

satisfaction were found to be predictors of importance for dynamic leavers (see Table 35). While 

the findings from Model 1: Burnout and Model 2: Job Satisfaction have not been fully supported 

by the small amount of existing NP turnover research, Halter and colleagues’ (2017) systematic 

review of RNs found stress and job dissatisfaction to be the greatest determinants of turnover for 

hospital-based nurses working in the adult setting. There are also numerous studies of physicians 

and nurses where burnout was highly correlated with job dissatisfaction, and the presence of 

burnout more than doubled the intent to leave (Dyrbye et al., 2017).  

Hoff et al. (2019) reviewed the literature concerning the work-related psychological 

states of NPs related to satisfaction, burnout, stress, and turnover and concluded that NP research 

was disproportionately focused on measuring job satisfaction. Effects from the work 

environment have been known to contribute to job dissatisfaction and burnout which contributed 

to higher rates of turnover among the nursing workforce (Nantsupawat et al., 2016). Hoff and 

colleagues suggested that NP turnover research should also measure other psychological 

determinants of turnover, such as burnout and stress. Nurse practitioner burnout might help 

explain why some of the dynamic leavers who indicated they were satisfied with their previous 

job still left.  
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Historically, U.S. national workforce studies including NPs (e.g., 2012 NSSNP and the 

2018 AANP National NP Sample Survey on practice) have not measured NP job stress or 

burnout. The 2008 NSSRN found that more than half of RNs who were not working in nursing 

reported burnout, a stressful work environment, poor management, and inadequate staffing as 

some of the most important reasons for leaving (HRSA, 2008). This was especially a concern for 

RNs who were over the age of 50. The NSSRN has measured stress and burnout in previous 

NSSRNs, but the 2012 NSSNP did not. To my knowledge, the 2018 NSSRN is the first survey 

commissioned by HRSA to measure burnout and stressful work environment for NPs. This 

update may have been an unintentional consequence of the major revisions made to the 2012 

NSSNP and the 2008 NSSRN to deploy a redesigned national survey that included both RNs and 

NPs in the 2018 NSSRN.  

It is interesting to note that the four most important reasons for leaving in the 2008 

NSSRN (HRSA, 2008) for the population of RNs were some of the most important predictors of 

importance from Model 1: Burnout (i.e., burnout and stressful work environment) and Model 2: 

Job Satisfaction (i.e., lack of good management or leadership). Inadequate staffing was 

represented in both the burnout and job satisfaction models, in addition to the reasons for leaving 

model. These findings suggest that there could be greater similarities between general nursing 

and NP turnover. Comparison studies could be conducted to identify similarities and differences 

among RNs and NPs related to turnover. Future research should also consider incorporating 

similar predictors of RN turnover to validate predictors of turnover in the NP population.  

Contributions to NP Job Satisfaction Research  

Job Satisfaction research inconsistently used various predictors of NP job satisfaction and 

lacked variables of contemporary NP practice (e.g., telehealth use in the workplace and team-
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based practice). A large number of possible predictors from the extensive review of literature has 

made it difficult for researchers to determine the best possible set of predictors for use in 

traditionally modeling. A large number of possible predictors has also made it difficult for 

researchers to make consistent and practical recommendations due to the inconsistent use of 

Herzberg et al.’s (1959) theory. A variety of new variables were simultaneously explored with 

well-established predictors of NP job satisfaction using as many predictors as possible from 

Herzberg’s theory to fill this knowledge gap.  

The findings from the four NP voluntary turnover groups suggest that dynamic leavers 

were more dissatisfied with their previous jobs than dynamic stayers or static stayers and 

supports the Model of NP Voluntary Turnover for these three NP voluntary turnover groups. 

These findings support existing literature emphasizing the role of job satisfaction in predicting 

NP turnover intention and reveals new evidence about its potential role in predicting NP 

voluntary turnover.  

Contributions to NP Voluntary Turnover Research  

Studies addressing NP job satisfaction are inconclusive on what variables predict 

turnover (Bae, 2016; DeMilt et al. 2011; Kacel et al., 2005; Koelbel et al., 1991; Orava, 2017). 

The lack of NP turnover research from the literature review supported the need to explore NP 

voluntary turnover using a combination of contemporary variables. A variety of new variables 

were simultaneously explored with well-established predictors of NP job satisfaction to 

investigate NP voluntary turnover to inform a contemporary model of NP voluntary turnover.   

The operational definitions for the NP voluntary turnover groups (i.e., dynamic leavers, 

static leavers, dynamic stayers, static stayers) were derived from Hom et al.’s (2012) 
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motivational theory of turnover intention to support the conceptual framework for current and 

future studies aiming to investigate NP voluntary turnover.  

NP voluntary turnover intention research lacked generalizability and had various 

conceptual and methodological weaknesses. This study extended the knowledge base to inform a 

contemporary model of NP voluntary turnover from a generalizable population of NPs using 

non-linear analyses. In addition, the use of subgroup analyses via two-step clustering took a non-

traditional approach to explore distinguishing characteristics for various subgroups of NPs who 

indicated they had left their primary position of nursing for voluntary reasons. 

Intrinsic motivators have been relatively consistent in predicting NP turnover intention in 

various NP populations throughout the literature, but out of all the predictors of importance for 

Model 1: Burnout and Model 2: Job Satisfaction, the only intrinsic motivator with importance in 

the final models, was the lack of advancement variable, which was part of the “dissatisfied with a 

poor work environment” cluster (see Table 31). Intrinsic motivators may not have been 

adequately conceptualized for use in the survey. Extrinsic hygienes consistently predicted 

subgroups of dynamic leavers and demonstrated strong relationships with turnover. Like NP job 

satisfaction, very little evidence suggests NP differences consistently predict NP turnover 

intention, but there may be meaningful demographic differences for the dynamic and static 

leaver groups that are related to age and NP work experience.  

The role of autonomy as an intrinsic motivator was also explored to help inform future 

health policy. While the inability to practice to full extent of license was not a predictor of 

importance in either of the final models of NP voluntary turnover, it was important for subgroups 

of NPs who were part of the “poor work environment” cluster in the reasons for leaving model 

(see Table 26) but did not account for varying levels of practice authority among the U.S. states.  
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There were a limited number of studies investigating NP turnover outside of job 

satisfaction. An inductive approach using unsupervised data mining allowed for more than one 

model to emerge since it was theoretically possible for more than one model to emerge. Two 

models of NP voluntary turnover were developed and validated to inform future research using 

various predictors of NP voluntary turnover. In addition to a lack of good management or 

leadership and job satisfaction in Model 2: Job Satisfaction, burnout and stressful work 

environment were introduced as two of the most important predictors of NP voluntary turnover 

representing more than half (61.6%) of the dynamic leavers in Model 1: Burnout.  

NP turnover intention literature has primarily been investigated using job satisfaction as a 

solitary theoretical framework. However, with the emergence of Model: 1 Burnout, there is new 

evidence to suggest job satisfaction may no longer be the exclusive psychological determinant of 

NP voluntary turnover. The literature from the physician and general nursing workforce 

emphasizes some of the weaknesses in NP turnover research.  

Limitations 

There are inherent study limitations associated with secondary analysis. Survey items 

were developed a-priori and had predetermined order. The different survey segments placed 

limitations as to what variables and advanced data analysis methods could be used in the study to 

explore the four NP voluntary turnover groups. One of Herzberg et al.’s (1959) intrinsic 

motivators (i.e., value for work itself) could not be incorporated to fully test the conceptual 

model since it was not available in the 2018 NSSRN. Some of the contemporary variables had to 

be assigned to Herzberg et al.’s (1959) conceptual domains since they were not present in the 

review of the literature.  
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The original survey items limited the scope of the univariate analyses resulting in missing 

job characteristic variables for the static leaver group. The four voluntary turnover groups did not 

answer the same demographic and job characteristic items within the 2018 NSSRN survey 

(HRSA, 2018b). Static leavers were not described in as great of detail as the other three NP 

turnover groups because static leavers did not answer survey items for their previous job 

characteristics (i.e., employment status, practice setting, average annual earnings, or level of job 

satisfaction). Therefore, the job characteristics for the static leaver group could not be compared 

to dynamic leavers, dynamic stayers, or static stayers.  

The complex survey structure presented complications when trying to compute median 

annual earnings for the leaver groups using the SPSS complex samples feature. The univariate 

analyses related to average annual earnings had to be calculated as means. These findings did not 

account for full- or part-time employment status, geographic location, experience, or level of 

education.  

This study accounted for racial differences, but not ethnic differences such as Hispanics 

or Non-Hispanics. Further investigation into the population estimates revealed that there is 

emerging evidence that the racial and ethnic composition in the 2018 NSSRN dataset was 

inaccurately weighted (Auerbach et al., 2021). Weighted data from the 2018 NSSRN was 

compared to American Community Survey (ACS) data to evaluate differences in the race and 

ethnic distributions of RNs and NPs. The ACS is commonly used for official U.S. government 

use in determining ethnic distributions and is considered an accurate representation of the 

population. Auerbach and colleagues' (2021) findings suggested that according to the weighted 

differences between the two surveys, the 2018 NSSRN may have underestimated the 

Black/African American and Asian population by 50%. The underweighting of these race 



 

278 

 

variables could have produced large racial variances for the population estimates reported in this 

study. All findings related to race should cautiously be considered.   

The results for Research Question 1 were interpreted by comparison valid percentages, 

and the differences and similarities presented in the discussion of Research Question 1 were 

exploratory. It is unknown if comparisons between groups were statistically significant, and 

therefore, the notable characteristics for each NP voluntary turnover group were solely 

descriptive and may be anecdotal.  

The survey structure and variation in the survey items answered by study participants for 

each NP voluntary turnover group in the 2018 NSSRN may present future difficulties in 

determining statistically significant differences among the four NP voluntary turnover groups 

using more advanced statistical analyses. However, select demographic and job characteristic 

variables could be used to examine the relationship among the NP voluntary turnover groups 

using data from the 2018 NSSRN to confirm these findings in the future.   

The complex survey structure also introduced complications with two-step clustering in 

SPSS when attempting the scaled weighting method. A propagated dataset using design-effect-

adjusted scale weights was introduced as a satisfactory solution to maintain the 

representativeness of the sample for the two-step cluster analyses in SPSS. The propagated 

dataset likely introduced small amounts of variance due to the rounding of case integers. 

It is always a possibility that Model 1: Burnout and/or Model 2: Job Satisfaction will fail 

to generalize in the NP population. However, this limitation was minimized by using an 

inductive data mining approach where each model was cross-validated using randomized testing 

and training sets. Still, the number of possible cluster solutions was vast. It wasn’t feasible to try 

every possible cluster solution using different combinations of the 56 variables selected to 
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answer Research Question 3. Therefore, there may be other models of NP voluntary turnover that 

were not discovered in this study that potentially would have outperformed Model 1: Burnout 

and Model 2: Job Satisfaction both theoretically and empirically.    

Implications for Practice  

The findings from this study are exploratory and some of the implications for practice are 

dependent on future research recommendations requiring further validation before they can be 

implemented. The practice implications are discussed in the context of educational, political, and 

clinical leadership.   

Educational 

This study identified subgroups of NPs who reported different training needs that would 

have helped them do their jobs better. Future NP training initiatives should focus on providing 

evidence-based and patient-centered care to vulnerable populations and measuring training 

outcomes related to the quality of care, patient satisfaction, interprofessional collaboration, 

regulation, and reimbursement (Rutledge et al., 2017). NP academic and residency programs, 

employers, and national, regional, and specialty organizations should be anticipating the training 

needs of NPs to maintain a skilled NP workforce. Essential training may help improve the NP’s 

skillset so they can more effectively care for vulnerable and socially complex patients and reduce 

job demands. The outcomes from these trainings should also be disseminated to support health 

care policy initiatives aimed at increasing access to care.  

Political 

Highlighting the negative outcomes associated with NP burnout, stressful work 

environments, and job dissatisfaction could rally political and specialty organization support. 

This support could potentially fund projects and develop practice tools that will increase 
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awareness and support employers of NPs who are trying to maintain favorable work 

environments to prevent turnover and improve patient outcomes. Some healthcare agencies have 

collaborated to help identify and alleviate burnout for direct care providers to improve job 

satisfaction and prevent turnover for direct-care providers such as the National Academy of 

Medicine’s (NAM) Action Collaborative on Clinical Well-Being and Resilience (Dyrbye et al. 

2017). The AMA’s Steps Forward educational program for physicians could be a model for 

future NP program development. Similar programs should be tailored for NPs to prevent 

voluntary turnover as a consequence of NP role expansion.  

The Covid-19 pandemic has had many far-reaching effects on nursing workforce patterns 

associated with NP turnover because of more demanding working conditions, changes in 

workplace socialization, and temporary clinic and hospital department closures across the United 

States. The 2018 NSSRN was administered to U.S. NPs during a time of economic prosperity. 

The economic downturn from the Covid-19 pandemic and the increased demands on healthcare 

professions may have an impact on the harsh realities associated with higher levels of 

unemployment, decreased wages, and an increased need to care for families/dependents in the 

near and distant future. For example, if older NPs were considering retirement before the Covid-

19 pandemic, the pandemic may have expedited their exit out of the nursing workforce.  

Although nursing has traditionally been considered a recession-proof profession 

(Bernstein, 2009; Gallo, 2009), the Covid-19 pandemic abruptly stopped most preventative and 

elective procedures, resulting in clinic closures and a loss of revenue, which accelerated 

furloughs and lay-offs for RNs and NPs (Sango-Katz, 2020). There is literature to support that 

positive socialization in the workplace promotes job satisfaction and reduces burnout (Gazelle et 

al., 2015). Interpersonal relationships in the workplace may have been strained by newly 
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implemented infectious disease protocols (e.g., social distancing, mask-wearing, and 

quarantining), which have resulted in decreased socialization among NPs and their colleagues 

both in and outside the workplace. 

While the nursing profession has primarily been protected from job losses when 

compared to the rest of the United States workforce during economic downturns, the 

unprecedented effects of the Covid-19 pandemic may have created unpredictable patterns of 

voluntary turnover for NPs with family caregiving obligations or their own vulnerable health 

conditions. These issues also reflect the current landscape of the U.S. healthcare system where 

some federal initiatives and Covid-19 relief packages in the United States could have lasting 

effects on NP workforce trends. Temporary emergency directives that expanded NP scope of 

practice to increase healthcare access during the pandemic still present unique opportunities to 

support NP role expansion as permanent regulation to increase access to care.  

Clinical Leadership 

Burnout, a stressful work environment, job dissatisfaction, a lack of leadership or 

management, and inadequate staffing were the predictors of most importance in the final models 

for this study. Healthcare leaders should be taking the initiative to identify NPs with signs or 

symptoms of burnout and job dissatisfaction to improve the work environment. Concerted efforts 

should be made by nursing leaders to provide adequate staffing, increase collaboration, decrease 

stress, and provide NPs with an opportunity to practice to the full extent of their license, at the 

regulatory and organizational level. Organizations that limit the scope of practice of their NPs 

who are in states where this is full-practice authority, should re-evaluate practice standards and 

align practice policies with regional regulatory policies that support NP role expansion.   
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There are a variety of clinical practice recommendations that have been proposed to 

reduce burnout and promote job satisfaction to maintain a sustainable direct provider workforce, 

but only a few of the following recommendations have been studied in the NP population. For 

direct care providers, the AHRQ (2017) has already recommended reducing patient panel sizes, 

allowing more time for patient encounters, and having office support staff enter information into 

the EHR whenever possible. Other organizational recommendations include fostering NP 

collaboration, having adequate levels of staffing, and exhibiting authentic leadership in the 

workplace (Corbridge & Melander, 2019). Corbridge and Melander (2019) also suggest that 

team-based care can help alleviate burnout and reduce work demands in the NP population. 

Another study investigating the composition of primary care teams in the midwestern United 

States consisting found that physician and NP teams experienced less emotional exhaustion when 

compared to individual clinicians (Bruhl et al., 2020).  

Although the relationship between mentoring and turnover in the NP population remains 

unexplored, Horner (2017) recommended the development of individual mentoring programs for 

newly hired NPs because mentoring was found to increase NP job satisfaction that would in turn 

help prevent NP turnover. Corbridge and Melander (2019) also recommended that NPs should be 

practicing mindfulness techniques to mitigate burnout and created a list of evidence-based 

interventions to prevent emotional exhaustion that could lead to turnover, such as taking breaks, 

practicing self-care, and engaging the support of management and coworkers. 

Falk et al. (2017) made a general recommendation on how to incorporate stress 

management policies in the workplace to promote a culture of wellness and NP retention but did 

not identify any specific recommendations for implementation. More evidence should be 

generated to develop interventions to increase job satisfaction and prevent burnout among NPs. 
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Individual interventions such as job enhancement, coping skills, and relaxation exercises have 

been shown to be effective in the nurse and physician population and should be explored. Then 

control groups and intervention studies can be employed to determine the effectiveness of 

various interventions.   

Implications for Research  

The research implications are presented in the following section. The implications are 

discussed in the context of educational, political, and clinical leadership.   

Educational 

The composition of the sample included NPs who reported they were licensed, working 

clinically, and had their own patient panels. This criterion excluded sub-populations of licensed 

NPs who left a primary position of nursing and who were no longer working clinically or did not 

have their own patient panels. The investigation of other NP subgroups, such as nurse educators, 

nurse researchers, and NPs who are working clinically without their own patient panels could 

reveal other meaningful findings for other subgroups of NPs who may be leaving faculty 

positions.  

In Chapter 2, the review of literature suggested that there was a lack of accessible 

workforce data resources to adequately research NP turnover. National nursing organizations, 

like AANP, have recently conducted similar workforce research related to NP compensation, 

practice, and Covid-19 but limit public access to the data since they are a private organization. In 

the spirit of scholarly inquiry, NP specialty organizations should consider making their 

workforce data more accessible to the research community to promote the investigation of the 

NP workforce. National NP specialty organizations and their large membership base would 

benefit from these studies by providing their NP members with evidence-based 
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recommendations that promote NP job satisfaction, continuing education, and the wellness of 

NPs.    

Political 

 To my knowledge, the 2018 NSSRN was the first national workforce study to measure 

the actual turnover behaviors of NPs. The 2018 NSSRN data set was made publicly available so 

this research study could be conducted. The Health Resources and Services Administration 

should consider deploying a national survey of direct healthcare providers and include NPs to 

project new workforce trends among different groups of direct care providers to evaluate 

regional and national trends and make more reliable workforce projections. These workforce 

projections should account for differences in scope of practice regulations and changes in the 

distribution of certain populations because of the Covid-19 pandemic since these can both affect 

the firing and hiring of NPs. Future NSSRN questionnaires should include similar variables and 

terminology in the survey structuring to assist in making accurate workforce projections using 

longitudinal study designs.  

Key policies cannot be implemented unless there is an adequate understanding of how 

NP turnover is affecting health outcomes and workplace efficiency. There is also insufficient 

evidence projecting the estimated costs of NP turnover on the U.S. healthcare system (Cascio, 

2006; Gilliland, 2019) since the enactment of the Affordable Care Act (ACA) in 2008. For 

example, in a recent cost analysis of burnout-associated costs of physicians in the United States, 

a conservative base-case model estimated that the burnout-associated costs related to physician 

turnover was $4.6 billion and could cost up to $6.3 billion annually (Han et al., 2020). The 

organizational costs were approximately $7,600 per employed physician. There is a need to 

improve cost analysis consequence data for the NP population since the NP workforce has more 
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than doubled in the last decade (AANP, 2019). Estimating the attributable cost of NP turnover 

could stir the political and organizational awareness needed to develop and support initiatives 

that would improve working conditions, reduce burnout, and improve patient outcomes to help 

the sustainability of the NP workforce.  

Practice 

Hoff et al. (2017) suggest the research community use more representative samples and 

subgroup analyses to incorporate contemporary variables of the work environment. More sub-

group analyses focused on the stage of career and practice specialty should be performed. Future 

investigation of the dynamic leavers should be conducted to better describe and understand the 

similarities and differences among the NP voluntary turnover groups using more complex 

analyses. There is an immediate need to research the relationship between burnout, stressful 

work environments, a lack of good management or leadership, and job dissatisfaction in the 

dynamic leaver group. Multidimensional scaling could be performed to understand the cluster 

group perceptions by examining the complex relationships among the variables in a two-

dimensional plot. The dichotomous variables used in this study could be used to create 

interpretable two-dimensional plots that measure dissimilarity among the groups. A follow-up 

study using multidimensional scaling would build on the findings from this study by adding 

greater interpretation both visually and statistically through two-dimensional plots and 

correlation tables.  

The three other voluntary turnover groups also require further investigation for a variety 

of reasons. Involuntary reasons for leaving need to be investigated in the static leaver group to 

project workforce supply and demand of NPs who are approaching retirement. Further 

investigation of the dynamic stayer group should be conducted to determine the reasons as to 
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why this group is more satisfied with their jobs than dynamic leavers but they still considered 

leaving. These findings may be useful for employers and organizations that still have an 

opportunity to retain skilled NPs and could help confirm model adequacy in the investigation of 

NP voluntary turnover. Further investigation of the static stayer group should be conducted to 

assist employers trying to recruit and prevent the loss of skilled employees since they were the 

most satisfied and did not consider leaving. These studies may reveal meaningful findings that 

organizations could use to develop best practices for NP recruitment, employment, and retention.   

Previous turnover research has used more traditional research paradigms, which are 

driven by hypotheses informed by pre-existing evidence that is either rejected or accepted based 

on the study findings (McCormick & Salcedo, 2017). These traditional deductive methods may 

be perpetuating a narrow focus on job satisfaction in NP turnover research. In contrast, data 

mining is inductive and is a valuable tool for building upon previous evidence by periodically 

including contemporary variables as evidenced by the emergence of a variety of important 

predictors such as burnout and stressful work environments as important predictors of NP 

voluntary turnover.  

There is a need for more research investigating the role of burnout and stress in 

predicting NP turnover. Prominent medical organizations, including the American Medical 

Association (AMA), have sounded the alarm on physician burnout and reported more than 40% 

of physicians are experiencing at least one sign of burnout (AMA, 2021). Burnout threatens 

patient safety and leads to poor provider-patient interactions (AHRQ, 2021). Burnout for nurses 

and physicians can even lead to harmful use of alcohol and substance abuse disorders (AHRQ, 

2017; Fernandes & Trevizani-Nitsche, 2018). Burnout can even make it difficult for individuals 

to provide compassionate patient care (AHRQ, 2021; Linzer et al., 2015). The findings related to 
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physician and nursing burnout should be carefully evaluated to determine if NPs are 

experiencing similar symptoms related to burnout and if they are contributing to NP voluntary 

turnover. Because there is limited evidence reporting on burnout in the NP population, future 

research should investigate NP burnout as a determinant of NP voluntary turnover. This area of 

research should also incorporate pertinent concepts from studies related to the study of burnout 

in both physicians and RNs. 

Researchers and employers should evaluate the value of knowing the job satisfaction 

levels of NPs (Hoff et al. 2017). After all, Herzberg et al. (1959) maintained that intrinsic 

motivators provided employees with the motivation to work, not necessarily to leave. These 

intrinsic motivators seem to be eclipsed by negatively connotated extrinsic hygienes from the 

study findings. Perhaps there are other alternatives to measuring job satisfaction. For example, it 

might be more meaningful to know if NPs recommend being an NP to other nurses to see if there 

is as much regret as there is for physicians and nurses who commonly report burnout as the 

primary reason they regret their career choice (Dyrbye et al., 2018; Dyrbye et al., 2020).  

There was very little turnover literature found that had measured NP burnout, leaving a 

large gap in NP turnover research. For now, the investigation of NP turnover using the 

psychological determinant of burnout will need to primarily be informed by studies from the 

general nursing and physician literature, until NP voluntary turnover research becomes more 

robust.  

Instrumentation measuring burnout, job stress, and job satisfaction should be developed 

and validated in the NP population. Studies should also explore the relationships among these 

predictors and how these variables influence the work environment and NP turnover. These 
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variables should also be explored to see if they decrease turnover, increase job satisfaction, 

improve patient outcomes, decrease costs, and improve access to care.   

There are several burnout scales, but I was unable to locate a validated burnout tool for 

NPs. The Maslach Burnout Inventory (MBI-HS) has been commonly used to measure 

dimensions of emotional exhaustion, depersonalization, and lack of personal accomplishment for 

healthcare workers experiencing job burnout (Maslach et al., 2001). Various physician studies 

have led to the development of the Mini Z Burnout Survey, which can quickly gauge if a 

physician is experiencing signs or symptoms of burnout (Linzer et al., 2015). These burnout 

screening tools could be tested in the NP population.  

Alternative theories should still be explored. For example, there are several 

organizational climate questionnaires for nurses and physicians, but the only validated 

organizational questionnaire for NPs is the Nurse Practitioner Primary Care Organizational 

Climate Questionnaire (NP-PCOCQ) (Poghosyan et al., 2013). It has been used to measure NP 

perceptions of their work environment and account for various organizational structures. Like the 

Misener Nurse Practitioner Job Satisfaction Scale (MNPJSS) that is widely used to measure job 

satisfaction, the NP-PCOCQ has only been validated in the primary care population in select 

states with varying levels of NP practice authority. Even though the NP-PCOCQ does not 

directly measure stress or burnout, the instrument demonstrates an alternate approach to 

evaluating the quality of the NP work environment that may prove meaningful for future 

instrument development.  

Finally, the ethnic variable for Hispanics and non-Hispanics in the study population of 

NPs from 2018 NSSRN was not included in this study. If available, future research using the 
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2018 NSSRN, including validation of this study, requires follow-up with properly weighted race 

and ethnic variables. 
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Researcher Reflections 

 During this research study's initial writing and development, I had been employed part-

time as an NP with the same organization for over eight years. The Covid-19 pandemic began, 

and clinic closures and a reduction in my work hours soon followed. These abrupt changes 

resulted in an unusual period where I could not pick up hours as an experienced NP. I had to 

quickly adapt by acquiring new skills to find another part-time position of employment as the 

effects of the pandemic prolonged. These experiences provided me with an appreciation for the 

socioeconomic perspectives on turnover related to unemployment, staffing, and the labor force's 

composition during some of the most impressionable stages of this work (Hulin et al., 1985; 

Shaw et al., 1998). These experiences also helped me understand that we cannot adequately 

project the nursing workforce's supply and demand or anticipate professional needs without 

understanding our patients first.  

Conclusions 

This study explored the characteristics of NP voluntary turnover groups identified as 

dynamic leavers, static leavers, dynamic stayers, static stayers, and distinguished subgroups of 

dynamic leavers reporting similar NP differences, reasons for leaving, working conditions, and 

training topic needs. An inductive approach using unsupervised data mining allowed for more 

than one conceptual model since there may have been more than one relevant theory or 

phenomenon. Two conceptual models of NP voluntary turnover were developed and validated to 

inform future research using various predictors of NP voluntary turnover. This study found 

subgroups of dynamic leavers who found burnout, a stressful work environment, lack of good 

management or leadership, and job satisfaction to be the predictors of most importance.  
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Nurse practitioners from the dynamic leaver group were more satisfied (64.8%) than 

dissatisfied (35.2%) with their previous jobs but were much more dissatisfied than the dynamic 

and static stayer groups. Burnout and stressful work environments emerged as important and 

underexplored predictors of turnover in the NP population. This emerging evidence suggests job 

satisfaction may no longer be considered the exclusive psychological determinant of NP 

voluntary turnover. Further research is needed to confirm these study findings and stimulate the 

workforce and policy initiatives needed to reduce costs, improve efficiency, and increase access 

to care by reducing NP voluntary turnover within the U.S. healthcare system.  
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Link to SPSS Syntax Files for Research Questions 1-3: 

https://drive.google.com/drive/folders/1LKJ8oovR2aq8nZit3GKL0gL94I1blnWL?usp=sharing 

 

 

  

https://drive.google.com/drive/folders/1LKJ8oovR2aq8nZit3GKL0gL94I1blnWL?usp=sharing
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APPENDIX D 

 

PREFERRED REPORTING ITEMS FOR SYSTEMATIC REVIEWS AND META-

ANALYSES CHECKLIST (PRISMA, 2009) 
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PRISMA CHECKLIST 
Section/topic  

# Checklist item  
Reported 
on page #  

TITLE   

Title  1 Identify the report as a systematic review, meta-analysis, or both.  40 

ABSTRACT   

Structured summary  2 Provide a structured summary including, as applicable: background; objectives; data sources; study eligibility criteria, 
participants, and interventions; study appraisal and synthesis methods; results; limitations; conclusions and 
implications of key findings; systematic review registration number.  

40-88 

INTRODUCTION   

Rationale  3 Describe the rationale for the review in the context of what is already known.  40 

Objectives  4 Provide an explicit statement of questions being addressed with reference to participants, interventions, comparisons, 
outcomes, and study design (PICOS).  

40 

METHODS   

Protocol and registration  5 Indicate if a review protocol exists, if and where it can be accessed (e.g., Web address), and, if available, provide 
registration information including registration number.  

40 

Eligibility criteria  6 Specify study characteristics (e.g., PICOS, length of follow-up) and report characteristics (e.g., years considered, 
language, publication status) used as criteria for eligibility, giving rationale.  

41 

Information sources  7 Describe all information sources (e.g., databases with dates of coverage, contact with study authors to identify 
additional studies) in the search and date last searched.  

41 

Search  8 Present full electronic search strategy for at least one database, including any limits used, such that it could be 
repeated.  

41 

Study selection  9 State the process for selecting studies (i.e., screening, eligibility, included in systematic review, and, if applicable, 
included in the meta-analysis).  

41-42 

Data collection process  10 Describe method of data extraction from reports (e.g., piloted forms, independently, in duplicate) and any processes 
for obtaining and confirming data from investigators.  

41 

Data items  11 List and define all variables for which data were sought (e.g., PICOS, funding sources) and any assumptions and 
simplifications made.  

41 

Risk of bias in individual 
studies  

12 Describe methods used for assessing risk of bias of individual studies (including specification of whether this was 
done at the study or outcome level), and how this information is to be used in any data synthesis.  

83 

Summary measures  13 State the principal summary measures (e.g., risk ratio, difference in means).  N/A 

Synthesis of results  14 Describe the methods of handling data and combining results of studies, if done, including measures of consistency 
(e.g., I2) for each meta-analysis.  

83 
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Section/topic  # Checklist item  
Reported 
on page #  

Risk of bias across studies  15 Specify any assessment of risk of bias that may affect the cumulative evidence (e.g., publication bias, selective 
reporting within studies).  

83 

Additional analyses  16 Describe methods of additional analyses (e.g., sensitivity or subgroup analyses, meta-regression), if done, indicating 
which were pre-specified.  

79-81 

RESULTS   

Study selection  17 Give numbers of studies screened, assessed for eligibility, and included in the review, with reasons for exclusions at 
each stage, ideally with a flow diagram.  

43 

Study characteristics  18 For each study, present characteristics for which data were extracted (e.g., study size, PICOS, follow-up period) and 
provide the citations.  

71-72 

Risk of bias within studies  19 Present data on risk of bias of each study and, if available, any outcome level assessment (see item 12).  N/A 

Results of individual studies  20 For all outcomes considered (benefits or harms), present, for each study: (a) simple summary data for each 
intervention group (b) effect estimates and confidence intervals, ideally with a forest plot.  

N/A 

Synthesis of results  21 Present results of each meta-analysis done, including confidence intervals and measures of consistency.  70 

Risk of bias across studies  22 Present results of any assessment of risk of bias across studies (see Item 15).  83-88 

Additional analysis  23 Give results of additional analyses, if done (e.g., sensitivity or subgroup analyses, meta-regression [see Item 16]).  N/A 

DISCUSSION   

Summary of evidence  24 Summarize the main findings including the strength of evidence for each main outcome; consider their relevance to 
key groups (e.g., healthcare providers, users, and policy makers).  

83-88 

Limitations  25 Discuss limitations at study and outcome level (e.g., risk of bias), and at review-level (e.g., incomplete retrieval of 
identified research, reporting bias).  

73;83 

Conclusions  26 Provide a general interpretation of the results in the context of other evidence, and implications for future research.  87-88 

FUNDING   

Funding  27 Describe sources of funding for the systematic review and other support (e.g., supply of data); role of funders for the 
systematic review.  

N/A 

 
From:  Moher D, Liberati A, Tetzlaff J, Altman DG, The PRISMA Group (2009). Preferred Reporting Items for Systematic Reviews and Meta-Analyses: The PRISMA 
Statement. PLoS Med 6(7): e1000097. doi:10.1371/journal.pmed1000097  
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JOURNAL ARTICLE REPORTING STANDARDS (JARS): REPORTING STANDARDS FOR STUDIES 

USING BAYESIAN TECHNIQUES 
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JARS: Reporting Standards for Studies Using Bayesian Techniques 

Section/topic # Checklist Item Reported 

on page # 

Model  Completely specify both the systematic and the stochastic parts of the analyzed model and 

give the rationale for choices of functional forms and distributions. 

189-214 

Distributions  Describe the prior distribution(s) for model parameters of interest. If the priors are 

informative, state the rationale for that choice, and conduct a sensitivity analysis to check 

the dependence of the results on the prior distribution. 

189-214 

  Describe the posterior distribution(s) for substantive model parameters and important 

functions of the parameters. If feasible, report the highest posterior density (HPD) interval 

for each parameter or function. 

N/A 

  Plot or describe the joint distribution if substantive parameters are correlated. N/A 

  If predictions are made for observable quantities, make available either the actual predictive 

distribution and parameter estimates, report summary statistics that describe the 

distribution, or a graphical summary. 

199; 208; 

211 

Likelihood  Describe the unnormalized or normalized likelihood if the prior distribution is informative. N/A 

Plots  Include the prior distribution, likelihood, and posterior distribution in a single plot (i.e., a 

triplot) if the prior distribution is informative and plots are to be presented. 

N/A 

Decisions  Report the utilities, or costs and benefits, and explain how they were derived if the data are 

used for decision making about possible actions. Also provide a sensitivity analysis for 

various prior distributions or assumptions about utilities for the decision. 

189-191 

Special Cases  Explain the rationale for assuming exchangeability (or conditional exchangeability if there 

are covariates) for 

multilevel analyses. If relevant to the research context, present plots or tables of shrinkage-

adjusted estimates and their confidence intervals. 

N/A 

  Report forest plots or caterpillar plots that include original and shrinkage-corrected 

estimates of effect sizes for each study with confidence intervals for meta-analytic 

summaries. If feasible for the analytic method, provide a parameter trace plot where 

shrinkage-adjusted estimates are shown against the standard deviation of the residual 

effects, combined with the posterior distribution of the residual variance. 

N/A 

  Describe the details of all decision rules, if these rules were decided (before or during the 

study), and the 

consequences (results) of each decision in adaptive designs. 

142-143 
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Computations  Describe in detail, including the number of chains, the number of burn-in iterations for each 

chain, and thinning if Markov chain Monte Carlo (MCMC) or another sampling procedure 

is used. Specify the methods used to check for convergence and their results. 

Appendix 

C 

Model fit  Describe the procedures used to check the fit of the model, and the results of those checks. 128; 192-

193; 202-

203 

Bayes factors  Specify the models being compared if Bayes Factors are calculated. 

• Report the Bayes Factors and how they were interpreted. 

• Test the sensitivity of the Bayes Factors to assumptions about prior distributions. 

128-129 

195; 205 

Bayesian model 

averaging 

 State the parameter or function of parameters being estimated in Bayesian model averaging. 

Either plot the distribution or list the mean and standard deviation if it is near normal; 

otherwise, list a number of percentiles for the distribution if it is not near normal. 

128-129 

195; 205 

  Describe how the models were generated and if a reduced set was used for averaging, how 

the selection was made and which models were used in the averaging. 

198; 207 

Note. The JARS reporting guidelines were adapted into table format (Appelbaum et al., 2019, p. 20). Although the cluster analysis falls under unsupervised 

machine learning, the reporting standards were followed where applicable. 
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GUIDELINES FOR DEVELOPING AND REPORTING MACHINE LEARNING PREDICTIVE MODELS 

IN BIOMEDICAL RESEARCH 
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 Guidelines for Developing and Reporting Machine Learning Predictive Models in Biomedical Research  

Item # Section/Topic Checklist Item Reported on page # 

1 Title/Nature of 

Study 

Identify the report as introducing a predictive model N/A 

2 Abstract/Structured 

Summary 

Background 

Objectives 

Data sources 

Performance metrics of the predictive model or models, in both point estimates and 

confidence intervals. 

Conclusion including the practical value of the developed predictive model or models. 

xvii 

3 Rationale Identify the clinical goal 

Review the current practice and prediction accuracy of any existing models 

89 

4 Objectives State the nature of study being predictive modeling, defining the target of prediction. 

Identify how the prediction problem may benefit the clinical goal. 

N/A 

5 Describe Setting Identify the clinical setting for the target predictive model. 

Identify the modeling context in terms of facility type, size, volume, and duration of available 

data 

90 

99 

6 Define the prediction 

problem 

Define a measurement for the prediction goal (per patient or per hospitalization or per type of 

outcome). 

Determine that the study is retrospective or prospective. 

Identify the problem to be prognostic or diagnostic. 

Determine the form of the prediction model: (1) classification if the target variable is 

categorical, (2) regression if the target variable is continuous, (3) survival prediction if the 

target variable is the time to an event. 

Translate survival prediction into a regression problem, with the target measured over a 

temporal window following the time of prediction. 

Explain practical costs of prediction errors (eg, implications of underdiagnosis or 

overdiagnosis). 

Defining quality metrics for prediction models. 

Define the success criteria for prediction (eg, based on metrics in internal validation or 

external validation in the context of the clinical problem). 

N/A 

 

xvii 

112 

 

 

 

N/A 

 

129 

 

128 

129 

7 Prepare data for 

model building 

Identify relevant data sources and quote the ethics approval number for data access. 

State the inclusion and exclusion criteria for data. 

Describe the time span of data and the sample or cohort size. 

Define the observational units on which the response variable and predictor variables are 

defined. 

Define the predictor variables. Extra caution is needed to prevent information leakage from 

the response variable to predictor variables. 

 

131 

101 

95 

114-120 

 

130 

 

  Describe the data preprocessing performed, including data cleaning and transformation. 

Remove outliers with impossible or extreme responses; state any criteria used for outlier 

removal. 

121; 124 

124 

 



 

364 

 

State how missing values were handled. 

Describe the basic statistics of the dataset, particularly of the response variable. These include 

the ratio of positive to negative classes for a classification problem and the distribution of the 

response variable for regression problem. 

Define the model validation strategies. Internal validation is the minimum requirement; 

external validation should also be performed whenever possible. 

Specify the internal validation strategy. Common methods include random split, time-based 

split, and patient-based split. 

Define the validation metrics. For regression problems, the normalized root-mean-square 

error should be used. For classification problems, the metrics should include sensitivity, 

specificity, positive predictive value, negative predictive value, area under the ROC curve, 

and calibration plot. 

For retrospective studies, split the data into a derivation set and a validation set. For 

prospective studies, define the starting time for validation data collection. 

96 

106 

 

 

130 

 

 

 

200; 209 

 

 

 

125 

8 Build the predictive 

model 

Identify independent variables that predominantly take a single value (eg, being zero 99% of 

the time). 

Identify and remove redundant independent variables. 

Identify the independent variables that may suffer from the perfect separation problem. 

Report the number of independent variables, the number of positive examples, and the 

number of negative examples. 

Assess whether sufficient data are available for a good fit of the model. In particular,for 

classification, there should be a sufficient number of observations in both positive and 

negative classes. 

Determine a set of candidate modeling techniques (eg, logistic regression, random forest, or 

deep learning). If only one type of model was used, justify the decision for using that model. 

Define the performance metrics to select the best model. 

Specify the model selection strategy. Common methods include K-fold validation or 

bootstrap to estimate the lost function on a grid of candidate parameter values. For K-fold 

validation, proper stratification by the response variable is needed. 

For model selection, include discussion on (1) balance between model accuracy and model 

simplicity or interpretability, and (2) the familiarity with the modeling techniques of the end 

user. 

 

 

123 

 

 

 

124 

 

 

143 

 

 

127 

 

 

143 

 

 

9 Report the final 

model and 

performance 

Report the predictive performance of the final model in terms of the validation metrics 

specified in the methods section. 

If possible, report the parameter estimates in the model and their confidence intervals. When 

the direct calculation of confidence intervals is not possible, report nonparametric estimates 

from bootstrap samples. 

Comparison with other models in the literature should be based on confidence intervals. 

Interpretation of the final model. If possible, report what variables were shown to be 

predictive of the response variable.  

State which subpopulation has the best prediction and which subpopulation is most difficult 

to predict. 

129 

 

142 
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10 Clinical implications Report the clinical implications derived from the obtained predictive performance. For 

example, report the dollar amount that could be saved with better prediction. How many 

patients could benefit from a care model leveraging the model prediction? And to what 

extent? 

279 

11 Limitations of the 

model 

Discuss the following potential limitations: 

• Assumed input and output data format 

• Potential pitfalls in interpreting the model 

• Potential bias of the data used in modeling 

• Generalizability of the data 

131 

12 Unexpected results 

during the 

experiments 

Report unexpected signs of coefficients, indicating collinearity or complex interaction 

between predictor variables. 

208 

13 Data leakage  Leakage refers to the unintended use of known information as unknown. There are two kinds 

of leakage: outcome leakage and validation leakage. In 

outcome leakage, independent variables incorporate elements that can be used to easily infer 

outcomes. For example, a risk factor that spans into the 

future may be used to predict the future itself. In the validation leakage, ground truth from the 

training set may propagate to the validation set. For 

example, when the same patient is used in both training and validation, the future outcome in 

the training may overlap with the future outcome in the 

validation. In both leakage cases, the performance obtained is overoptimistic. 

121 

14 Perfect separation 

problem. 

When a categorical predictor variable can take an uncommon value, there may be only a 

small number of observations having that value. In a 

classification problem, these few observations by chance may have the same response value. 

Such “perfect” predictors may cause overfitting, especially 

when tree-based models are used. Therefore, special treatment is required. 

One conservative approach is to remove all dummy variables corresponding to rare 

categories. We recommend a cutoff of 10 observations. 

For modeling methods with feature selection built in, an alternative approach is to first fit a 

model with all independent variables. If the resulting 

model is only marginally influenced by the rare categories, then the model can be kept. 

Otherwise, the rare categories showing high “importance” 

score are removed and the model refitted. 

137 

Note. The machine learning reporting guidelines were adapted into table format (Luo et al., 2016). Although the cluster analysis falls under unsupervised machine learning, the reporting 

standards were followed when applicable.


