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Abstract of Praxis 
 
 

A Machine Learning Approach to Predicting Federal STEM Workforce Attrition 

The federal government of the United States continuously needs employees with 

science, technology, engineering, and mathematics (STEM) skills to fill critical positions. 

Many federal agencies are failing to recruit and hire employees in sufficient numbers to 

accomplish their mission objectives. The compounding effect of inaccurate turnover 

forecasts has exacerbated the STEM workforce shortage in the federal government. The 

inability of human resources professionals to accurately predict STEM attrition has 

hampered agencies’ abilities to secure proper budgetary resources and successfully 

incorporate staffing predictions into annual hiring plans. 

This praxis tests the leading supervised machine learning classification models’ 

capacities to predict STEM workforce attrition. The data for this project were acquired 

from the U.S. Department of State and encompass 22 attributes of 5,442 employees who 

served in a STEM position between May 2011 and April 2021. This praxis also used the 

Department of State’s employee engagement and global satisfaction indices from the 

Federal Employee Viewpoint Survey, which is administered annually. 

The findings indicate that machine learning models can accurately predict 

attrition. The extra trees model was the most accurate (95.13%) in correctly predicting the 

majority class (employees who stayed) and the minority class (those who left) using the 

training and testing datasets.  
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Glossary of Terms 
 
 

Adjudication An official determination or decision.   

Attrition A metric that measures the number of employees who depart an 
organization through voluntary resignation, involuntary termination, 
retirement, or death. 

  

Bureau A subcomponent of a federal agency.   

Career Employee A federal employee serving under a career appointment in the 
competitive service who has completed the three-year probationary 
period.    

Career-
Conditional 
Employee 

A federal employee serving under a career appointment in the 
competitive service who has not yet completed the three-year 
probationary period.    

Destination 
Employer 

An employer viewed by potential and current employees as a 
desirable place to work for career development, compensation, or 
other perceived benefits. 

  

Employee 
Migration 

The event of an employee leaving one job for another within the 
same organization.    

Employee 
Resignation 

A voluntary action in which an employee leaves their employer.  

  

Employee 
Termination 

An action taken by an employer to end an employee’s employment 
with the organization.    

Ethnicity The federal government recognizes one ethnic group, 
Hispanic/Latino, which is a person of Cuban, Mexican, Puerto 
Rican, South or Central American, or other Spanish culture or 
origin, regardless of race.   

FedScope The U.S. Office of Personnel Management (OPM) entity that 
manages federal workforce data.   
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Fiscal Year A one-year period that companies, organizations, and governments 
use for financial reporting and budgeting. The federal government’s 
fiscal year runs from October 1 to September 30.  

  

Gender Often used interchangeably with “sex.” Gender refers to a social 
construct in which a person’s characteristics can be masculine or 
feminine or a combination of both. Gender is not predetermined 
based on sex.     

Generation X Refers to people born between the years of 1961 and 1980.   

Generation Y Refers to people born between the years of 1981 and 1995. This 
population is often referred to “millennials.”   

Occupational 
(Job) Series 

The OPM assigns a four-digit code to each occupation within the 
federal government.    

Partnership for 
Public Service 

A nonprofit, nonpartisan organization whose mission is to inspire a 
new generation of federal civil service employees and transform the 
way the federal government works. Publishes the annual Best 
Places to Work in the Federal Government list. 

  

Race A classification of humans based on shared ancestry or geographical 
origin. OPM recognizes five, self-identified racial categories: 
American Indian or Alaska Native, Asian, Black or African 
American, Native Hawaiian or Other Pacific Islander, or White.   

Racial/Ethnic 
Minority 

Refers to employees who are non-White or Hispanic.  

  

Remote Work Work performed from any location with no expectation that an 
employee must report to a physical work location.    

Retirement 
Eligibility Date 

The date when a federal civil service employee has accrued 
sufficient service time and met the age requirements to become 
eligible for a retirement annuity.  

  

Rotational 
Assignment 

Temporary assignments that enable employees to gain experience or 
strengthen their skillsets and then return to their original position 
within an organization. 



xx 
 

  

Sex The OPM recognizes two sexes, male and female, for the purposes 
of human resource statistical reporting.   

Staffing Gap The period between when an employee vacates a position and when 
the replacement employee is onboard.   

Telework Work performed from an alternate work location with the 
expectation that the employee will report to the office location as 
necessary.   

Turnover The process of employee attrition and action to fill the vacancy.   

Vacancy The status of a position when an employee leaves an organization.    

Veteran A person who served in the active military services and who was 
discharged or released under conditions other than dishonorable.   

Work-Life 
Balance 

A state of equilibrium in which the demands of work life and 
personal life are equal.  
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Chapter 1—Introduction 

1.1 Background 

Federal agencies in the U.S. have consistently struggled to sustain an adequate 

inflow of talent to compensate for the workforce turnover rate, generating significant 

staffing gaps and imposing the risk of agencies’ respective missions not being 

accomplished (GAO-22-105932). This issue is particularly dire in relation to science, 

technology, engineering, and mathematics (STEM) occupational specialties within the 

federal workforce. The educational and experiential requirements for STEM positions can 

sometimes be extensive; in some areas, critical skills, such as those in cybersecurity, are 

still emerging. Moreover, the federal government has consistently competed with the 

private and nonprofit sectors for this talent pool (GAO-18-533).  

The relatively high percentage of federal employees eligible to retire will 

exacerbate the issue of STEM vacancies, as the government has struggled to compete 

with the higher pay of the private sector (GAO-16-696T). Experts predict a deficit of one 

million STEM workers in the upcoming decades; this shortage of talent will limit the 

recruiting pool for the federal workforce (Iammartino et al., 2016). Classifying positions 

within the STEM domain can be difficult, both in the federal and private sectors, since 

job titles and responsibilities can vary between organizations (Skrentny & Lewis, 2021). 

The federal government has not been able to reduce the staffing gaps within its 

information technology (IT) and cybersecurity workforce, which has exposed critical 

infrastructure to information security and cybersecurity attacks (GAO-18-175). The 

Department of Health and Human Services has struggled to hire scientists, engineers, and 

other employees within related fields to satisfy demand and mission requirements (GAO-



2 
 

20-531R). While not exclusive to any one government agency, the National Science 

Foundation relies heavily on the Intergovernmental Personnel Act and the Visiting 

Scientist, Engineer, and Educator program—both of which can be used to fill vacant 

positions using resources from across the government (GAO-18-533). While the 

Department of State (DOS) has improved starting pay and offered incentives for job-

specific certifications for its IT workforce, there continue to be significant staffing gaps, 

dating back to at least 2017 (GAO-22-105932).  

To adequately recruit and retain workers, federal agencies must rely on effective 

workforce practices (GAO-22-105932). Hiring managers and human resources (HR) 

professionals frequently encounter various challenges to remaining competitive with 

other employers across the private sector, academia, nonprofits, and even other federal 

agencies. First, the antiquated and bureaucratic hiring process, which has not evolved 

alongside the latest hiring trends, prevents hiring managers from meeting their hiring 

goals to fill vacancies. Second, once employees are onboard, agencies must take the 

necessary steps to invest in their employees by providing meaningful work, enabling 

professional development opportunities, offering financial incentives, establishing viable 

career paths, and creating an environment that fosters high employee and job satisfaction. 

While federal agencies can implement employee retention initiatives, HR professionals 

are unable to accurately predict when employees will opt to leave for another employer; 

this blind spot, coupled with the inability to rapidly fill positions, further compounds the 

vacancy issue. 

A federal civil service employee who resigns or retires typically departs within 

one or two pay periods of notifying the agency, but the replacement can take from months 



3 
 

to over a year to arrive. Regardless of the occupation, the Office of Personnel 

Management (OPM) has a time-to-hire goal of 80 days, and the government-wide 

average was 106 days in 2017; these timelines are measurably longer than private sector 

metrics (GAO-19-181). Positions that require special skills and experience, such as those 

in STEM fields, have longer hiring lead times (Zhu et al., 2017). For positions that 

involve a security clearance, that timeline is considerably longer, with some agencies 

stating that it is not uncommon for candidates to be in the clearance process for over two 

years (GAO-19-181; GAO-105932). A Government Accountability Office (GAO) study 

found that candidates frequently seek other employment rather than waiting on security 

clearance adjudication (GAO-22-105932). In these cases, HR restarts the recruitment and 

hiring process, but considerable time has already been squandered filling these vacancies. 

There are two types of attrition in the federal government: retirement and non-

retirement. Non-retirements consist of voluntary resignations and involuntary 

terminations. Retirements refer to employees fulfilling a combination of years of 

government service and age-related criteria such that they are eligible to collect a defined 

retirement benefit. While HR professionals cannot foresee the timing and occurrence of 

non-retirements, there is a metric for retirements: years until being eligible to retire. 

However, predicting when someone will opt to retire is quite challenging.  

Some employees work past their retirement eligibility date to increase their 

annuity, boost their social security earnings, or align their retirement date with key social 

security milestones at age 67 or 70. Under the Federal Employee Retirement System, a 

retirement annuity is calculated by multiplying the average of an employee’s three 

highest salaries and 1% for each year of service. Employees who work until at least 62 



4 
 

years of age are rewarded with a 1.1% multiplier for each year of service. Bamburger and 

Bacharach (2014) found that retirement decisions are primarily influenced by household 

income, post-retirement health coverage, and the proportion of colleagues who have 

recently retired. Due to the abundance of relevant factors, a more advanced method is 

necessary to accurately predict when an employee is likely to separate or retire from the 

federal workforce. 

1.2 Research Motivation 

Federal agencies must provide accurate attrition forecasts to enable proper federal 

budget resourcing. Workforce planners have typically relied on legacy forecasting 

methods, which do not provide consistent and accurate predictions. As Najafi-Zangeneh 

et al. (2021) have noted, no analytical relationships between employees and their 

decisions to leave organizations have been defined; therefore, machine learning (ML) and 

its computational methods offer a promising technique to accurately predict how many 

employees will leave an organization. While ML algorithms can provide predictions, 

however, it is also important for organizations to understand the root causes of workforce 

turnover (Speer et al., 2019). 

1.3 Problem Statement 

Federal agencies are unable to accurately predict STEM workforce attrition; this 

has resulted in lengthy staffing gaps and improper federal budget resourcing. 

For an agency to receive proper resourcing for salaries and benefits, it must 

accurately forecast attrition in the upcoming years. At any given time, agencies are 

operating on the approved budget for the current fiscal year (FY), have submitted their 

budgets for the next FY, and are in the early stages of development for the budget two 
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FYs ahead. Workforce planners generally use historical attrition rates and linear 

forecasting to generate their estimates, but this approach seldom provides accurate 

forecasts due to changes in the workforce and the job market.  

1.4 Thesis Statement 

An ML model is necessary to accurately predict the attrition of STEM employees 

in the federal government.   

The dearth of research regarding the behaviors and factors that contribute to 

STEM worker attrition prevents organizations from accurately forecasting STEM 

workforce shortages (Iammartino et al., 2016). The GAO identified poor marketing, 

lower salaries, a lack of incentives, limited promotion opportunities, and a lengthy hiring 

process as reasons that the U.S. DOS has struggled with hiring and retaining its IT 

workforce (GAO-22-105932). Research has also highlighted other factors, such as 

demographics, job satisfaction, career development opportunities, and organizational 

leadership, that contribute to employees’ decisions to stay or leave (Wynen & Op de 

Beeck, 2014). 

1.5 Research Objectives 

In this praxis, HR professionals are provided with a predictive model to forecast 

STEM workforce attrition. The following three primary research objectives are 

undertaken:  

1. The first aim is to determine the factors that influence employees to leave an 

organization, either through retirement or non-retirement. These factors will be 

used as the features of an ML model.  



6 
 

2. The second goal is to create the best-performing ML model for predicting 

STEM workforce attrition. The research will explore the predominant 

supervised ML approaches and select the one with optimal performance.  

3. The final objective is to demonstrate that the ML approach consistently 

outperforms the legacy method of using historical results and linear 

forecasting.  

1.6 Research Questions and Hypotheses 

The following three research questions address the research objectives of the 

praxis:  

RQ1: Which features are most important in predicting employee attrition?  

RQ2: Which ML model can accurately predict employee attrition in the federal 

government? 

RQ3: Do ML methods outperform linear forecasting in predicting attrition? 

Additionally, this research evaluates the following three hypotheses: 

H1: Attrition factors are closely linked with employee age, career level, and 

employee engagement. 

H2: An RF classifier is the optimal ML algorithm to predict STEM employee 

attrition in the federal government.  

H3: An ML model can correctly predict STEM employee attrition with 90% to 

95% accuracy. 

1.7 Scope of Research 

This praxis explores ML algorithms to predict employee attrition using an Oracle 

HR dataset and Federal Employee Viewpoint Survey (FEVS) data from the U.S. DOS. 
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The HR dataset encompasses career civil service employees serving in a STEM 

occupation between May 1, 2011, and April 30, 2021. The annual FEVS datasets used 

also cover the period from 2011 through 2020. 

The praxis includes a comprehensive literature review to better illuminate 

employee turnover intentions, the impact of employee demographics on attrition, the 

federal STEM workforce, and the latest ML techniques, approaches, and algorithms that 

have been used to predict employee attrition in the public, private, and nonprofit sectors.  

Finally, the praxis identifies the critical features that influence attrition and that 

are useful in predicting STEM workforce attrition. The recommended ML model can be a 

tool for HR professionals in the federal government to assist in workforce planning and 

resourcing. The model may also be applicable to state and local governments with similar 

retirement systems (defined pension) and access to FEVS-like survey data for its 

employees.  

1.8 Research Limitations 

This praxis utilized FEVS index data as data features in the ML models. The 

percentage of positive scores for employee engagement and global satisfaction are for the 

bureau in which the employee served and not the specific employee responses to the 

survey items that comprise those indices. Additionally, the attrition modeling only 

utilized internal factors from the U.S. Department of State. There is the potential for 

external factors, which were not considered, to affect the accuracy of the machine 

learning models.  
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1.9 Organization of Praxis 

Chapter 1 elucidates the research motivation, problem statement, thesis, research 

objectives, research questions and hypotheses, scope of research, and research limitations 

of this praxis. Chapter 2 provides a robust literature review encompassing HR data 

analytics, employee turnover, human factors, STEM workforce attributes, and ML 

techniques and approaches. Chapter 3 delineates the methodology of the praxis, including 

data preprocessing, feature selection, and selection of ML models. Chapter 4 presents the 

detailed results of the research in the areas of feature selection and ML algorithms and 

their respective performance levels. Chapter 5 states the conclusion of this praxis. It also 

highlights contributions to the collective body of knowledge regarding ML and predicting 

workforce attrition; finally, it offers recommendations for future research.  

  



9 
 

Chapter 2—Literature Review 

2.1 Introduction 

This literature review addresses human resource analytics, employee turnover, 

employee motivations, and the ML models and techniques that have been successfully 

tested in predicting employee workforce attrition. The literature regarding employee 

turnover is rather extensive; Lee et al. (2017) estimated that over 2,000 articles have been 

written about the topic during the past 100 years. Since it is not possible to discuss every 

theory, this review focuses on more recent developments that have built upon prior 

research over the past couple of decades.  

It should be noted that the goal of this research is not to prevent all attrition. In 

fact, a certain level of attrition is necessary to enable an upward flow of career 

progression. De Winne et al. (2019) found that companies benefit from low levels of 

attrition due to lower labor costs and the possibility of gaining new ideas and approaches 

with newer employees. Minbaeva and Collings (2013) contended that organizations 

should focus on the occupations in which employees are difficult to replace and on 

destination employers.  

2.2 Employee Attrition 

The impact of employee attrition on an organization can involve increased costs 

of hiring and training new employees, an immediate loss of productivity, communication 

challenges, and declining trust among the remaining workforce (Kim & Min Park, 2014). 

Turnover intention is the strongest indicator that an employee will leave, followed by 

poor job satisfaction (Lee et al., 2021; Kang et al., 2021). Kim and Min Park (2014) 

classified turnover intention into two distinct categories: conflictual and developmental. 
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Conflictual turnover intent results from disagreements with management or 

dissatisfaction with company policies, whereas developmental turnover intent stems from 

an employee’s readiness to pursue further career goals, such as a promotion (Kim & Min 

Park, 2014). Yahia et al. (2021, p. 60449) argue that modelling is the only effective means 

to predict attrition, given that turnover is a “nonavoidable phenomenon.”   

Attrition specifically refers to employee leaving an organization. Migration is the 

movement or transfer of employees within an organization, potentially to new roles or 

functional areas. Research in this area is sparse, and there is typically less concern with 

employees who moved internally but are still within the organization (Speer et al., 2019).  

2.3 Employee Motivations 

Wang et al. (2012) demonstrated that the turnover intentions of public sector 

employees are typically lower than those of private sector employees. Public employees 

in Taiwan exhibited lower extrinsic job satisfaction but had higher intrinsic job 

satisfaction (Wang et al., 2012). Kim and Min Park (2014) identified job satisfaction, 

organizational commitment, and employee involvement as factors contributing to the 

decision to leave. As a best practice, the Government Accountability Office (GAO) noted 

that employees who were offered rotational assignments or mobility opportunities were 

more inclined to stay with their employers; however, managers are frequently hesitant to 

allow lateral opportunities, as this can cause them to lose an employee for an extended 

period (GAO-16-696T). 

2.4 Job Satisfaction 

Research has found that job satisfaction is one of the most significant influences 

on the decision to leave an organization; as job satisfaction increases, federal employees 
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become less likely to transfer to another government agency or leave the government for 

the private sector (Pitts et al., 2011). Griffeth et al. (2000) note that job satisfaction is the 

most reliable factor in predicting attrition. Organizations that provide enjoyable work 

environments experience reduced workforce attrition (Afifi, 2021). Positive 

organizational support and limited external opportunities exert minimal effects in terms 

of retaining engineers with low job satisfaction (Hofaidhllaoui & Chinzer, 2014). 

Employees with high job satisfaction are less likely to consider leaving their current 

employers (Skelton, 2020).  

2.5 Job Embeddedness 

Job embeddedness refers to the “totality” or “web” of factors that cause an 

employee to stay with their employer (Singh, 2019). Mitchell et al. (2001) were among 

the first to explore the theory of job embeddedness and its impact on turnover intention. 

They delineate three dimensions that drive employee attrition, namely links, fit, and 

sacrifice, and contend that these dimensions are influenced by work and non-work 

factors. This results in a three-by-two matrix with six dimensions total, including links, 

fit, and sacrifice both at work and at home (Mitchell et al., 2001). Links refer to 

connections with other people and activities. Fit refers to the relationship between work 

and non-work. Sacrifice refers to the extent to which someone would be willing to leave 

their current situation, both at work and in their non-work life. 

Singh (2019) acknowledges that job embeddedness is a strong predictor of 

employees remaining with their current employers but notes that it remains unclear what 

causes employees to be “embedded.” His study suggested that conscientiousness, 

emotional stability, extraversion, and social networking all strongly contribute to 
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embeddedness. The outcomes of the study confirmed that while age, gender, tenure, 

status, and job level were correlated with turnover, they were not correlated with 

embeddedness (Singh, 2019). Younger adults tend to experience more difficulties with 

social relationships compared to older adults; therefore, younger workers are less likely 

to be embedded in an organization (Ng & Feldman, 2009). 

2.6 Employee Factors 

Wynen and Op de Beeck (2014) distinguish between two categories of factors: 

individual factors, such as gender, age, and length of government service, and 

organizational factors, such as pay, promotions, work-life balance, training and 

professional development, and support from leadership.  

2.6.1 Gender 

Considerable research has explored how gender influences the decision to leave 

an organization. Wynen and Op de Beeck (2014) demonstrated that, overall, women, 

older employees, and those with a lengthy tenure in their current position are less likely 

to leave the federal government. Older women, in particular, tend to have a lower attrition 

rate (Griffeth et al., 2000). Mauer and Qureshi (2021) suggest that while women tend to 

leave at a higher rate compared to their male colleagues, overall attrition has decreased in 

organizations that have focused on improving their female-to-male ratio to make it more 

equitable.   

The data suggest that women tend to leave their current employers for career 

opportunities, whereas men are more likely to pursue promotions within their current 

organizations (Valcour & Tolbert, 2003). This trend may be limited to younger workers, 

however, since Ng and Feldman (2009) discovered that older female employees tend to 
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stay due to a fear of discrimination in the hiring process. Older research has suggested 

that women tend to leave their jobs more frequently; however, recent research has 

suggested the opposite, with men leaving at a higher rate (Grissom et al., 2016). Griffeth 

et al. (2000) discovered that there is a minimal difference between rates for women and 

men, and for highly educated women, the rates are about equal to those of highly 

educated men. Research has also revealed that policies intended to benefit women, such 

as increased family leave policies, exert a positive impact on retention for both genders 

(Yamamoto, 2011). 

2.6.2 Age 

Age is one of five “influential predictors” of an intent to leave an organization 

(Yuan et al., 2021). Age is also one of the strongest predictors in comparison to education 

level, marital status, and employment status (Eberhardt et al.,1995). However, age alone 

does not explain differences across studies; adding features such as race, tenure, and 

education level improved explanations of turnover intent (Ng and Feldman, 2009). Pitts 

et al. (2011) argued that turnover intentions increase up to a certain age and then decline. 

Ng and Feldman (2009) found a negative relationship between age and turnover 

intention; specifically, a lower age results in higher turnover intentions, and vice versa.  

The GAO has acknowledged that employees, regardless of age, tend to seek jobs 

with shorter durations, but they posited that this was due to a lack of professional 

development opportunities as opposed to generational differences (GAO-19-181). Ng and 

Feldman (2009) also espouse this theory, noting that the current job market is vastly 

different than it was decades ago; younger adults have entered a job market in which jobs 

at organizations are shorter in duration and career mobility is required. Pitts et al. (2011) 
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found that middle-aged workers are more likely than younger workers to transition within 

the federal government but less likely to leave the government for the private sector.  

Across all generations, job satisfaction, pay satisfaction, creativity, professional 

development opportunities, merit-based promotions, and work-life balance are closely 

correlated with attrition (Ertas, 2015). One reason for this is that younger employees are 

in the early stages of their careers and pursue career-enhancing opportunities, whereas 

older employees are more established in their careers (Eberhardt et al., 1995; Afifi, 2021).  

Younger workers (Generations X and Y) do not appear to value stability and 

benefits—the perceived perks of a federal job—as much as older generations do; 

therefore, they tend to leave organizations at a higher rate (Pitts et al., 2011). Millennials 

are more vocal about their intent to leave one job for another, and work factors do not 

hold as much value for them as they do for other generations (Ertas, 2015). Employees 

with positive emotional experiences, social relationships, and self-concepts are more 

likely to remain with an organization; Ng and Feldman (2009) found that older workers 

are more likely to have these positive experiences, which may explain why younger 

workers leave at a higher rate.  

2.6.3 Race and Ethnicity  

Recent studies concerning the link between nationality and turnover intentions 

have found no correlation between them (Griffeth et al., 2000; Grissom et al., 2016). Pitts 

et al. (2011) noted that research in this area has been inconsistent. Older research 

revealed no relationship between race and turnover intent, whereas more recent research 

has indicated that non-White employees tend to leave their jobs at a higher rate, with non-

White employees leaving their current agencies but remaining within the federal 
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government (Pitts et al., 2011). Ng and Feldman (2009) found that older workers who are 

racial or ethnic minorities tend to stay with their current employers due to fears of 

discrimination in the hiring process. Many studies have endeavored to explore perceived 

barriers for females, African Americans, and Hispanics in STEM fields in which White 

and Asian males are overrepresented (Skrentny & Lewis, 2021). Some research has 

suggested that African Americans in STEM positions have a higher attrition rate 

compared to other demographic groups (Skrentny & Lewis, 2021). 

2.6.4 Tenure 

Younger employees with fewer years of service tend to leave their jobs at a 

substantially higher rate (Gao et al., 2019). Pitts et al. (2011) demonstrated that federal 

employees with longer tenures at one agency tend to not leave that agency for another or 

consider a shift to the private sector. Employees consider potential job alternatives and 

the labor market when considering whether to leave or stay; this is more evident in highly 

competitive occupations, such as STEM careers (Hofaidhllaoui & Chhinzer, 2014).  

2.6.5 Education Level 

Employees with advanced academic degrees are more committed to professions 

rather than organizations (Wang & Armstrong, 2004). During times of economic 

uncertainty, workers tend to quit at higher rates to further their education (Meyer et al., 

2018). Older workers without college degrees are likely to remain with their current 

employers, as job opportunities may be limited (Ng & Feldman, 2009). 

2.6.6 Marital Status 

Krau (1981) posited that marital status may indicate turnover intent since it 

contributes to the desire for job stability. However, Eberhardt et al. (1995) found that 
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marital status is not strongly correlated with turnover intention. Griffeth et al. (2000) 

uncovered a link between family responsibility and gender in predicting turnover 

intention. One study determined that women in dual-income families tend to leave their 

employers at a higher rate than men (Valcour & Tolbert, 2003). Studies have 

demonstrated that marital status and childbirth contribute to turnover intention, meaning 

that married women who give birth are more likely to leave their current employers 

(Grissom et al., 2016).  

2.7 Organizational Factors 

Organizational factors are the factors that an employer can change, and they are 

often linked to the state of the job market.  

2.7.1 Pay 

Mitchell et al. (2001) argued that emphasizing pay as a primary factor that spurs 

employees to leave organizations is short-sighted. Pay satisfaction is merely one of five 

“influential predictors” of an intent to leave an organization (Yuan et al., 2021). Lum et 

al. (1998) found that pay satisfaction consists of two elements: total compensation and 

the expected growth of compensation over time. Pitts et al. (2011) noted that pay 

satisfaction is distinct from job satisfaction. Griffeth et al. (2000) disputed the notion that 

pay satisfaction is a key driver of the decision to leave an organization. Pitts et al. (2011) 

found that pay satisfaction is negatively correlated with attrition but noted that the impact 

was minimal. Gao et al. (2019) demonstrated that employees with lower salaries tend to 

leave more frequently compared to well-compensated employees. However, higher pay 

may be a result of overtime compensation; in these cases, employees who work overtime 

are more likely to leave (Gao et al., 2019). 
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2.7.2 Career Opportunities 

Career opportunities are one of five “influential predictors” of an intent to leave 

an organization (Yuan et al., 2021). Within the federal government, satisfaction with 

promotion opportunities is pertinent, since the criteria and requirements are more 

transparent than in the private sector (Pitts et al., 2011). Similarly, professional 

development opportunities help foster trust between employees and management, 

rendering employees less likely to leave (Pitts et al., 2011). Studying engineers over the 

age of 40, Kennedy (2009) found that most jobs last for less than five years and there is 

typically no natural progression from engineering to management positions; additionally, 

those who leave their positions do so because of a lack of job satisfaction and recognition 

for their performance. Employees who receive internal promotions often consider leaving 

for new opportunities since their perceived external employability is high (Nelissen et al., 

2017).  

2.7.3 Culture 

Organizations must be mindful of organizational culture, as it exerts a direct 

impact on attrition (Wright, 2021). Organizational culture is distinct from organizational 

climate; culture refers to a set of shared norms and beliefs, whereas climate refers to the 

nature of interpersonal relationships (Wright, 2021). Research has proven that employee 

working conditions are a critical factor behind turnover intent (Grissom et al., 2016). 

Organizations that promote family-friendly policies experience increases in employee 

retention (Yamamoto, 2011). 



18 
 

2.8 External Factors 

External events, such as economic crises, exert negative impacts on employees’ 

decisions to leave their employers, meaning that people may opt to stay with their current 

employers if there is financial instability in the market (Wynen & Op de Beeck, 2014). 

Similarly, Stovel and Bontis (2002) revealed that market conditions exert a direct 

influence on workforce attrition.  

2.9 STEM Workforce 

Iammartino et al. (2016) classified large federal agencies (those with 1,000 or 

more employees) with at least 13% of their workers in STEM fields as high-density 

STEM organizations. The National Aeronautics and Space Administration has the highest 

density of STEM workers. Research has identified a negative relationship between STEM 

density and employee turnover in agencies classified as high density (Iammartino et al., 

2016). Incongruencies may arise for employees who received a STEM education if they 

are hired for a job that may be on the fringes of the STEM domain, such as manager of 

STEM employees (Skrentny & Lewis, 2021). Research suggests that job duties and 

responsibilities, as opposed to job titles, are more useful in classifying STEM careers 

(Skrentny & Lewis, 2021).  

Employees who are STEM-educated are often discouraged by non-STEM 

activities, which could have an impact on their intent to leave an organization (Skrentny 

& Lewis, 2021). Dixon et al. (2013) found that employees in technical occupations are 

less committed to organizations compared to those in non-technical occupations. 

Humphrey (2001) revealed that software engineers often remain in unbearable conditions 

rather than leaving for new and uncertain opportunities.   
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2.9.1 Women in STEM 

Research has demonstrated that women are underrepresented in the STEM 

workforce in the U.S. (Bird & Rhoton, 2021). Maurer et al. (2021) found that female 

engineers are underrepresented in the construction industry and management roles. 

Females in supervisory positions tend to leave their positions more frequently than their 

male colleagues, particularly in the private sector (Maurer et al., 2021). In a study of 

female Canadian STEM employees, Ruel (2018) revealed that many are restricted to 

administrative positions despite their intent to transition to leadership roles. Higher 

attrition for women in STEM careers may not be limited to those in supervisory roles 

(Singh et al., 2018). Skrentny and Lewis (2021) noted that women in STEM, regardless 

of supervisory status, tend to have higher attrition rates than their male colleagues. The 

supporting evidence regarding high female attrition points to possible work-life balance 

and family priorities; this is particularly evident with single females working in STEM 

that have children (Bird & Rhoton, 2021). 

2.10 HR Analytics 

Data analytics has permeated every facet of the business world, and the HR 

functional area is no exception. More than ever, HR professionals are using and relying 

on data for better performance and to inform policy decisions (Marler & Boudreau, 

2017). Simply stated, analytics uses historical data to predict future performance (Nocker 

& Sena, 2019). Marler and Boudreau (2017) differentiate between HR metrics, which are 

outcomes, and HR analytics, which are statistical techniques and approaches used in HR 

activities. The algorithms used for HR management are very similar to those used in other 

fields, such as math and science, meaning they are either deterministic or probabilistic 
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(Cheng & Hackett, 2021). Researchers have developed causal hypotheses from theory, 

but a substantial proportion of HR modeling to date has been either descriptive or 

predictive rather than prescriptive (Cheng & Hackett, 2021). Levenson and Fink (2017) 

caution that organizations invest excessively in the mining of HR data and fail to focus 

on the underlying issues and process improvements required to correct deficiencies.   

2.11  Federal Employee Viewpoint Survey  

Rombaut and Guerry (2018) argue that it is difficult to measure job satisfaction 

and organizational commitment solely based on HR data. The results of the Federal 

Employee Viewpoint Survey (FEVS) comprise a useful theoretical framework that 

enables agencies to measure the job satisfaction of their employees (Wang & Brower, 

2019). Using an organization-sponsored survey, such as the FEVS, provides insights into 

employees’ perceptions without the need to seek out this information via alternative 

methods, such as social media groups (Speer et al., 2019). 

The FEVS includes a question that is appropriate for gauging turnover intentions 

(Lee et al., 2021): Are you considering leaving your organization within the next year, 

and if so, why? The FEVS also provides an item whose response data can correlate with 

job satisfaction (Lee et al., 2021): Considering everything, how satisfied are you with 

your job? 

The annual FEVS is a primary source that agencies can use to gauge the 

sentiments of their employees, and the results are used by the Partnership for Public 

Service to determine its annual Best Places to Work in the Federal Government report 

(Thompson & Siciliano, 2021). The partnership uses a proprietary algorithm based on 

only three FEVS questions to determine the rankings for small, mid-sized, and large 
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federal agencies. Researchers have relied on FEVS data to inform senior agency leaders 

on topics ranging from employee performance, agency leadership, and employee 

engagement to job satisfaction (Resh et al., 2021). There is evidence to suggest that top-

performing federal agencies use FEVS data to design policies and programmatic changes 

within their organizations (Resh et al., 2021). Employees can become disillusioned when 

an organization does not take any action in response to employee surveys (Levenson & 

Fink, 2017). Transformational leaders who encourage employee performance produce 

higher workforce retention rates (Yücel, 2021). 

2.12 Predicting Workforce Attrition  

ML is the only viable solution for HR professionals to accurately predict 

employee attrition since it is impossible to describe the challenge and solve it with a 

scientific or mathematical formula (Najafi-Zangeneh et. al, 2021). Predictive modeling 

allows the user to easily compare various theoretical approaches (Cheng & Hackett, 

2021). Yuan et al. (2021, p. 3) suggest that attrition models are “theory free” and that 

theoretically rooted hypotheses are unnecessary before starting any data analyses; the 

outcomes of the model, however, can help organizational leaders make data-driven 

decisions regarding workforce policies. A ML approach to predictive attrition modeling 

can yield more accurate estimates and help to explain why employees opt to leave 

substantially more effectively than traditional methods, such as benchmarking (Speer et 

al., 2019).  

2.13 Machine Learning: Supervised Learning Methodologies  

ML enables a user to test their causal hypotheses by working through constructs 

and features to uncover any patterns; some will be readily observable, while others will 
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not (Cheng & Hackett, 2021). With supervised learning, labeled data are used to train a 

model to predict the output. The model learns about each dataset, and once the training 

and preprocessing are complete, the model is tested by applying a test dataset to 

determine whether the model correctly predicts the output. Simply stated, the model maps 

the input data onto the output data. Supervised learning is classified into two categories: 

classification and regression.   

2.13.1 ML Classifiers 

Classification algorithms are used to predict a class, whereas regression 

algorithms predict a continuous value. Given this association, much of the research on 

workforce attrition has adopted a classification approach (Ekawati, 2019; Fallucchi et al., 

2020; Pratt et al., 2021; Yahia et al., 2021). In most cases, classifiers are more effective at 

predicting the majority class, which makes it difficult to accurately predict the minority 

(Najafi-Zangeneh et al., 2021). 

2.13.1.1     Logistic Regression 

Logistic regression relies on statistical techniques and the logistic function to 

predict categorical dependent variables (Yahia et al., 2021). Furthermore, the algorithm 

determines the classification output as a function of the weighted sum (Najafi-Zangeneh 

et al., 2021). When applied to workforce turnover, logistic regression models were found 

to be stable and properly generalize classifications; however, there was a tendency to 

focus on the majority population, namely those who stayed; thus, these models’ 

performance can be overstated (Najafi-Zangeneh et al., 2021). 
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2.13.1.2     Support Vector Machine  

A support vector machine (SVM) is an ML technique in which data are plotted on 

a hyperplane and classifications are made based on the distances of the data from the 

separator. SVM models can be used for both classification and regression and have been 

utilized for a broad range of ML applications (Pratt et al., 2021). SVM can also be used 

for linear and non-linear classification (Ekawati, 2019).   

2.13.1.3     Naïve Bayes 

Naïve Bayes algorithms, based on Bayes’ theorem, are simple and efficient 

probabilistic classifiers (Ekawati, 2019). Ekawati (2019) was successful in utilizing the 

naïve Bayes model to accurately predict churn (turnover) and non-churn (no turnover) 

using employee records. Naïve Bayes works more effectively under the assumption that 

the model features are independent of each other (Pratt et al., 2021). Moreover, a naïve 

Bayes approach does not require a large dataset to properly train a model (Pratt et al., 

2021). Fallucchi et al. (2020, p. 1) used a Gaussian naïve Bayes model in their predictive 

study and found it to have the best recall rate (0.54); this was because it “measures the 

ability of a classifier to find all the positive instances and achieves an overall false 

negative rate equal to 4.5% of the total observations.”  

2.13.1.4     K-Nearest Neighbors 

The k-nearest neighbor (K-NN) algorithm classifies data points based on their 

proximity to other data points in the vicinity. The classifier uses a plurality of votes, with 

the data point being assigned based on the k-number of its neighbors, with a k of 3 or 5 

being most commonly used (Zhang, 2016). After the model has been trained, it relies on 

the k-training data and classifies the test data points appropriately (Pratt et al., 2021). 
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2.13.1.5     Decision Tree  

One of the simplest ML algorithms, the decision tree predicts the classification of 

a variable by training the model on the input of variables (Wang & Zhi, 2021). The 

decision tree is comprised of internal nodes representing a test of a feature, branches 

representing the outcome of each test, and a leaf that represents a particular class (Yahia 

et al., 2021). Ekawati (2019) found that subtle changes in the training data may result in 

large variations in the model’s performance. To reduce the occurrence of overfitting with 

decision trees, the random forest (RF) technique—an ensemble of decision trees—was 

developed (Brieman, 2001).  

2.13.1.6     Ensemble Methods  

The RF algorithm relies on a collection of decision trees and helps identify the 

features that influence the model output. The benefits of this ensemble approach are a 

model with high accuracy and a tolerance for noise (Gao et al., 2019). One of the flaws of 

the RF algorithm is that it typically uses the same weights for voting in the classification 

process; this flaw is exacerbated when working with an imbalanced dataset (Gao et al., 

2019). The RF algorithm involves three basic steps: selecting the training set, building 

the RF model, and creating the simple vote (Gao et al., 2019). RF has the additional 

benefit of not requiring feature normalization or scaling while addressing the relative 

significance of the input variables (Alsshehhi et al., 2021).  

The gradient boosting classifier combines multiple weak learning models to create 

a high-performing classifier (Wang & Zhi, 2021). The AdaBoost classifier uses the output 

of other learners to obtain a weighted sum to create the output of the boosting ensemble 

(Wang & Zhi, 2021). A stacking classifier uses an ensemble of classifiers with a final 
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classifier that predicts the class; this approach relies on the strength of individual 

classifiers to inform the final output (Yahia et al., 2021). A voting classifier trains the 

model using an ensemble of classifiers and then predicts the class using either hard or 

soft voting techniques (Yahia et al., 2021). Hard voting yields the output class based on 

the greatest probability from each classifier; soft voting uses an average of the different 

predicted outputs from each classifier.  

2.14 Data Balancing 

One of the more popular open-source datasets used in many studies is the 

International Business Machines (IBM) HR dataset, which contains the records of 1,470 

employees; 1,233 of the employees remained with the organization, while 237 employees 

left, indicating an attrition rate of 16.1%. In instances where one class overwhelms 

another, this imbalance creates problems for ML algorithms wherein the models will 

focus on the majority class (Najafi-Zangeneh et al., 2021).  

There are three ways to balance a dataset: undersampling, oversampling, and a 

combination of over- and undersampling. With undersampling, the size of majority class 

is reduced to equal the size of minority class. Studies have demonstrated that 

undersampling is not as effective as oversampling; this is most likely due to valid data 

points in the majority being discarded to equal the minority (Al-Darraji et al., 2021). 

Oversampling the data creates duplicates of the minority class until the number of 

observations equals that of the majority class. The advantage of oversampling is that no 

data are lost; however, the disadvantage is that it can negatively affect model 

performance, likely due to identical data entries.  
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Mansor et al.’s (2021) research used the synthetic minority oversampling 

technique (SMOTE) to rectify the identical entry disadvantage. SMOTE does not simply 

create duplicate minority entries; rather, it creates synthetic data points by sampling the 

minority class and using a K-nearest neighbor to create a new data point. The 

SMOTETomek balancing technique oversamples the minority using the SMOTE 

algorithm, which is then followed by undersampling, wherein it removes the Tomek links 

(Wang et al., 2019). The undersampling portion of this process seeks samples of data 

from the majority class that have the lowest Euclidean distance from the minority class 

data and then removes them.  

Any resampling of the dataset must occur after the division between the training 

and test datasets; if the resampling occurs prior to the separation, the performance may 

appear to be adequate, but it would be overestimating the generalization capability of the 

model (Najafi-Zangeneh et al., 2021). Many previous attrition studies were flawed 

because they did not account for the use of imbalanced datasets—employees who depart 

are typically in the minority (Gao et al., 2019).  

2.15 Feature Selection 

The appropriate features to use in the modeling are selected in the pre-processing 

stage. Using excessive features in the model will lead to overfitting or undesired noise 

(Pratt et al., 2021; Gao et al., 2019). The first part of the feature selection process should 

involve removing any constant or quasi-constant features from the dataset, as they will 

negatively affect the model’s performance (Venkatesh & Anuradha, 2019). Most feature 

selection methods use static data (Venkatesh & Anuradha, 2019). The outcome of feature 
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selection should be discovering the importance of the available features but only using a 

subset of them to reduce complexity and boost model performance (Wang & Zhi, 2021). 

2.15.1 Types of Feature Selection Methods 

The filter method is used to identify any correlations between features. Filter-

based approaches are computationally faster but less accurate than other methods 

(Venkatesh & Anuradha, 2019). The wrapper method focuses on the classifier’s 

performance with each of the available features (Najafi-Zangeneh et al., 2021). With the 

wrapper method, accuracy is improved relative to the filter method, but it is 

computationally costlier (Venkatesh & Anuradha, 2019). The embedded method embeds 

the FS process into the model-learning algorithm; the result is higher accuracy, but it is 

classifier-specific (Najafi-Zangeneh et al., 2021). 

The hybrid technique simply uses a combination of filter, wrapper, and embedded 

approaches. By combining techniques, it can significantly improve the classification 

ability and performance of the model. The one disadvantage of this approach is that the 

technique is classifier-specific (Venkatesh & Anuradha, 2019). 

Najafi-Zangeneh et al. (2021) discovered that correlation-based FS techniques 

seldom result in the identification of the ideal features to use. Omitted features are not 

necessarily the least important features; they are sometimes removed because they are 

correlated with other features (Najafi-Zangeneh et al., 2021). When categorical features 

that have been converted to binary features are omitted, it simply means they would not 

exert any impact, positive or negative, on predicting an outcome (Najafi-Zangeneh et al., 

2021). Gao et al. (2019) found that features must be ranked to create accurate model 

predictions.  
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2.15.2 Recursive Feature Elimination  

Recursive feature elimination (RFE) is an FS technique that uses an external 

estimator to assign weights to features and then remove the weakest ones (Yahia et al., 

2021). It is a ranking system that uses a model’s coefficients and then recursively 

eliminates individual features one at a time to remove dependencies and collinearity in 

the model (Yahia et al., 2021). 

2.15.3 SelectKBest 

The SelectKBest method scores the features using a scoring function and then 

removes all but the k-highest-scored features (Yahia et al., 2021). Yahia et al. (2021) used 

a combination of RFE and SelectKBest and selected the following features in their 

attrition model: age, marital status, tenure, grade, rewards, job involvement, training, 

business travel, job satisfaction, job performance, and environment satisfaction. 

2.15.4 Principal Component Analysis 

The principal component analysis (PCA) technique examines the linear 

relationship between features; it does not consider any relationships between the features 

and the output of the model (Najafi-Zangeneh et al., 2021). Ali (2021) used an intensive 

optimized PCA for feature selection on the IBM HR dataset; when paired with a RF ML 

model, it achieved 91% accuracy in predicting attrition. Alsshehhi et al. (2021) argued 

that it is one of the best methods for large datasets. One of the criticisms of the PCA 

algorithm is that it is ineffective with datasets in which a large proportion of the variables 

are binary (Najafi-Zangeneh et al., 2021). 
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2.16 Ethical Considerations 

The ability of ML algorithms to accurately predict which employees will stay and 

which will leave prompts an ethical question regarding how organizations will use the 

information. Attrition models or policy decisions could potentially impact the 

employment of historically underrepresented demographic groups and expose an 

organization to discrimination litigation (Speer, 2021). Attrition models should focus on 

the factors surrounding employment turnover trends and should not be used in any hiring 

decisions (Speer, 2021). It is illegal to use protected demographic categories, such as 

race, ethnicity, sex, or age, in hiring decisions; an acceptable use of these variables would 

be to determine whether a particular group is departing at a higher rate than other groups 

and then identify the reasons behind the trend (Speer, 2021). This praxis will ensure that 

individual employees and groups are aggregated appropriately to ensure employee 

privacy.   

2.17 Summary and Conclusion  

This literature review has discussed the problematic issue of employee attrition 

and how it can negatively impact organizations. The early portion of the chapter 

addressed employee motivations, job satisfaction, and organizational and external factors 

that can influence decisions to stay or leave. The literature review also covered the STEM 

domain and the challenges employers are facing with their STEM workforces. Finally, 

the review delineated the latest developments and research using ML models to 

accurately predict employee turnover. Minimal research has examined how organizations 

have used attrition predictions to manage their workforces. 
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Chapter 3—Methodology 

3.1 Introduction 

The purpose of this praxis is to uncover ML models that can accurately predict 

federal employee attrition in the STEM domain. This chapter elucidates the methodology 

used to explore the three research questions and test the associated hypotheses. 

Federal agencies require an accurate forecast of attrition for two primary reasons: 

resourcing and staffing. Annually, agencies work with the Office of Management and 

Budget to establish funding for salaries and benefits for the next two FYs. The attrition 

forecast is necessary to determine what the end-strength numbers will be in the upcoming 

years. Hiring plans are then developed to recruit new employees based on the attrition 

rate and account for any personnel increases due to new programs or shifts in agency 

priorities. 

Attrition is defined as any employee voluntarily or involuntarily leaving an 

organization. The reasons for the departure can include resignation, termination, 

retirement, transfer to another federal agency, or death. Equation 1 is the formula for 

calculating an attrition rate: 

 

 

Equation 1:  Formula for Calculating Attrition Rate 

 

Section 3.2 identifies the data and pre-processing actions taken to ensure that the 

data were in a format suitable for ML. Section 3.3 presents the various methodologies 

used for feature selection. Section 3.4 describes the ML algorithms applied. Section 3.5 

delineates how the ML models were evaluated.  
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3.2 Dataset Overview 

The data for this praxis were sourced from the U.S. Department of State. The 

dataset contains HR information on 5,442 employees who worked in OPM-designated 

STEM career fields between May 1, 2011 and April 30, 2021. During this period, 2,477 

left the agency and 2,965 remained on the payroll.  

All employees within the dataset were career or career-conditional, full-time, 

permanent civil service employees. This criterion excludes all political appointees and 

temporary, part-time, or seasonal employees—groups that would skew the data since 

these types of appointments are term limited. Appendix A lists the 96 OPM-defined 

STEM occupations in the federal government; the dataset used in this praxis included 34 

of these fields. Table 1 indicates the relevant STEM category, OPM job series, 

occupational title, and number of employees serving in the field.  

 

STEM 
Category 

Job 
Series Occupational Title Number of 

Employees 
Science 0028 Environmental Protection 3 
Science 0101 Social Science 21 
Science 0110 Economist 25 
Science 0130 Foreign Affairs 3,134 
Science 0132 Intelligence 302 
Science 0150 Geography 12 
Science 0180 Psychology 11 

Science 0401 
General Natural Resources 
Management and Biological 
Sciences 

3 
 

Science 0408 Ecology 1  

Science 0437 Horticulture 1  

Science 1301 General Physical Science 37  

Science 1370 Cartography 6  

Science 1397 Document Analysis 1  

Technology 0391 Telecommunications 76  
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Technology 0690 Industrial Hygiene 31  

Technology 0856 Electronics Technical 4  

Technology 2210 Information Technology 
Management 1,377 

 

 
Engineering 0801 General Engineering 142  

Engineering 0802 Engineering Technical 11  

Engineering 0804 Fire Protection Engineering 19  

Engineering 0807 Landscape Architect 1  

Engineering 0808 Architecture 94  

Engineering 0810 Civil Engineering 28  

Engineering 0819 Environmental Engineering 1  

Engineering 0828 Construction Analyst 3  

Engineering 0830 Mechanical Engineering 39  

Engineering 0840 Nuclear Engineering 2  

Engineering 0850 Electrical Engineering 30  

Engineering 0855 Electronics Engineering 9  

Engineering 0861 Aerospace Engineering 2  

Engineering 0896 Industrial Engineering 1  

Mathematics 1515 Operations Research 1  

Mathematics 1530 Statistics 8  

Mathematics 1550 Computer Science 6  

 
Table 1:  U.S. DOS STEM Employee Count 

 

Based on the literature review, the following key data were extracted from the 

agency’s HR Oracle tables and converted into a .csv file.  

• Age. This data field is derived from the dates of birth.  

• Attrition Status. This data field is derived from any attrition-related 

information regarding personnel actions. There is no detailed information 

concerning the method of attrition.  

• Bureau. The subcomponent level of the agency is the bureau. This data field 

captures the most current bureau in the employee record.  
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• Disability Status. This field identifies whether an employee has self-

identified as having a disability. The agency captures disability information in 

accordance with Standard Form 256 (Self-Identification of Disability).  

• Job Series. This field consists of the OPM-designated four-digit job series 

code assigned to every job in the federal government. The job series code 

describes the work entailed by a particular job or position. 

• Marital Status. This fields identifies whether an employee is married or 

single.  

• Minority Status. Employees who have self-identified as ethnic or racial 

minorities are classified as minorities. Non-minorities are White (race) and 

non-Hispanic (ethnicity). The agency determines race and ethnicity in 

accordance with Standard Form 181 (Ethnicity and Race Identification).  

• Pay Grade. Pay grades under the General Schedule range from GS-1 to GS-

15. There is a separate pay plan for those serving in the Senior Executive 

Service. 

• Pay Step. There are 10 pay steps at each grade level within the General 

Schedule pay plan. Steps are earned based on service time within each grade. 

Steps 2 through 4 are granted after the successful completion of one year of 

service time. Steps 5 through 7 are earned after two years of service time. 

Finally, steps 8 through 10 require three years of service time.  

• Sex. This data field identifies an employee’s sex as male or female. There are 

currently no data fields to capture gender identity.   
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• Supervisory Status. This data field identifies employees serving in 

supervisory positions. A supervisor is responsible for the performance 

management of one or more assigned employees; it does not include those 

serving as team leads.  

• Years in Assignment. This data field is derived from the start date of the most 

recent hiring action. 

• Years in Pay Grade. This data field is derived from the date of the most 

recent pay grade change. 

• Years of Education. This data field indicates the number of years of 

education. There are specific milestones associated with the attainment of 

undergraduate, graduate, and doctoral degrees.  

• Years of Government Service. This data field is derived from the service 

computation date in the employee’s personnel record.  

• Years Until Retirement Eligible. Employees who satisfy creditable federal 

service time and minimum age requirements are eligible for a monthly 

annuity. This data field is derived based on an employee’s age and total years 

of government service. A negative number indicates the number of years to 

meet the threshold requirement, whereas a positive number indicates the years 

worked past the retirement eligibility date.  

• Years with Agency. This data field is derived based on the entrance on duty 

date to the agency.  

• Veteran Status. This field indicates whether an employee has served in the 

military.  
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This research relies on employee satisfaction data derived from the FEVS. FEVS 

data are maintained by the OPM and available to the public. For this research, the FEVS 

results from each iteration between 2011 and 2022 were consulted. If an employee was 

on board for the duration of the timeframe, the latest bureau iteration scores were used for 

that employee. If an employee departed the agency, the bureau iteration scores for that 

respective year (within six months) were affixed to that employee. Two FEVS indices can 

facilitate the measurement of employee satisfaction: the Employee Engagement Index 

(EEI) and Global Satisfaction Index (GSI).  

The overall ratings are derived from the positive percentage scores of the survey 

items within the respective index. According to the OPM, the EEI assesses the critical 

conditions conducive to employee engagement. The EEI is comprised of three subfactors: 

leaders lead, supervisors, and intrinsic work experience. Due to considerable variance in 

the subfactor ratings, the subfactor scores are used here rather than the standalone EEI 

score. The EEI subfactor ratings were determined by averaging the survey items with 

positive percentage within each subindex. The GSI scores indicate employee satisfaction 

with their job, pay, and organization and their willingness to recommend the agency as an 

ideal place to work (Afifi, 1991).  

3.2.1 Data Preparation 

Upon receipt of the data, the first step was to ensure that they were complete. 

There were no missing or erroneous data. The data were a combination of numeric and 

categorical data; therefore, the categorical data were converted into numeric format as 

binary, decimal, or integer numbers. The bureau field was removed from the dataset after 

attaching the respective FEVS EEI subfactor and GSI score to an employee. Table 2 
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summarizes the data types and pre-processing actions executed to ensure that the data 

were in the proper format for the ML models.  

 

Data Field Name Data Type Pre-Processing Actions Legend 
Age Numeric None Continuous value 

Attrition Status Categorical Captured any attrition actions 
and converted to binary 

Stayed = 0,  
Attritted = 1 

Bureau Categorical Affixed bureau FEVS scores 
and removed this data field N/A 

Disability Status Categorical 
Converted categorical labels of 
“disabled” and “no disability 
identified” to binary 

No disability = 0,  
Disability = 1 

Education Level Numeric 
Consolidated education codes 
to capture attainment of an 
academic degree 

No college degree = 0, 
some college = 1, 
undergraduate degree = 
2,  
graduate degree = 3, 
doctoral degree = 4 

FEVS - Employee 
Engagement: Leaders Numeric None Continuous value 

FEVS - Employee 
Engagement: 
Supervisors 

Numeric None Continuous value 

FEVS - Employee 
Engagement: 
Intrinsic Work 
Experience 

Numeric None Continuous value 

FEVS - Global 
Satisfaction Index Numeric None Continuous value 

Job Series Numeric 

Binary encoded the job series to 
its respective STEM field 
(science, technology, 
engineering, or mathematics) 

Binary value 

Marital Status Categorical Converted categorical labels of 
“M” and “S” to binary Single = 0, Married = 1 

Minority Status Categorical 
Converted categorical labels of 
“minority” and “non-minority” 
to binary 

Non-minority = 0,  
Minority =1 
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Pay Grade Numeric Utilized agency’s civil service 
equivalent class codes 

AD = 2, SES = 3, GS15 
= 4, GS14 = 5, GS13 = 
6, GS12 = 7, GS11 = 8, 
GS09 = 10, GS07 = 12, 
GS05 = 14  

Pay Step Numeric None 0–10 

Sex Categorical Converted categorical labels of 
“F” and “M” to binary Male = 0, Female =1 

Supervisory Status Numeric 
Converted supervisory codes 
(2, 4) and non-supervisory 
codes (5, 6, 7, 8) to binary 

Non-supervisors = 0, 
Supervisors =1 

Veteran Status Categorical 
Converted categorical labels of 
“veteran” and “non-veteran” to 
binary 

Non-veteran = 0,  
Veteran =1 

Years in Assignment Numeric None Continuous value 
Years in Pay Grade Numeric None Continuous value 
Years of Government 
Service Numeric None Continuous value 

Years Until 
Retirement Eligible Numeric None Continuous value 

Years with Agency Numeric None Continuous value 
 

Table 2:  HR Data Fields and Pre-Processing 
 

3.2.2 Data Splitting and Balancing 

This praxis used the scikit-learn StratifiedShuffleSplit technique to split the 

dataset, using 80% of the data for training while reserving 20% for testing. This method 

merges the StratifiedKFold and ShuffleSplit code to produce evenly randomized data 

splits.  

Since the dataset is slightly imbalanced—2,965 in the majority class (those who 

stayed) and 2,477 in the minority class (those who left)—this praxis will explore the use 

of data-balancing techniques, such as undersampling of the majority using imbalanced-

learn’s RandomUnderSampler, oversampling of the minority class using imbalanced-
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learn’s synthetic minority oversampling technique (SMOTE), and a combination of 

under- and oversampling.  

3.3  Feature Selection 

In ML, it is imperative to use the minimum number of features in the model, as 

excessive use can lead to overfitting and poor performance. This research employed RFE 

with cross-validation (RFECV). RFECV, a wrapper-type algorithm, begins searching for 

the ideal number of features by initially using every available feature and scaling them 

back individually until the algorithm determines the optimal number of features. This 

praxis utilized the scikit-learn RFECV and StratifiedKFold codes. The default parameter 

was a five-fold cross-validation.   

3.4 ML Prediction Models 

In this research, the various supervised classification ML algorithms were 

explored to accurately predict federal STEM workforce attrition. A supervised model was 

appropriate since the intent of the model was to predict an output based on one or more 

input variables. The dataset contained labeled explanatory variables (X1, X2, …) and a 

response variable (Y); the output indicated the relationship between the X and Y 

variables. An unsupervised model would not be appropriate since the intent was not to 

discover any underlying structures or patterns in the data. The final model would predict 

the total number in the majority class (those who stay) and minority class (those who 

leave).  

In this research, classification algorithms were used to identify the category of 

new observations with a binary categorical output of “stay” or “leave.” A regression 

algorithm would not be appropriate since the output variable is not continuous. The 
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supervised classifiers were either linear or non-linear and included ensemble methods 

that have been successfully used to solve similar problems. The following methods were 

tested: 

• AdaBoost using the scikit-learn AdaBoostClassifier code.  

• Bagging classifier using the scikit-learn BaggingClassifier code. 

• Decision tree using the scikit-learn DecisionTreeClassifier code. 

• Extra trees using the scikit-learn ExtraTreesClassifier code. 

• Gaussian process using the scikit-learn GaussianProcessClassifier code. 

• Gradient boosting using the scikit-learn GradientBoostingClassifier code. 

• Histogram-based gradient boosting using the scikit-learn 

HistGradientBoostingClassifier code. 

• K-nearest neighbor using the scikit-learn KNeighborsClassifier code. 

• Discriminant analysis using the using the scikit-learn 

LinearDiscriminantAnalysis and QuadraticDiscriminantAnalysis codes.  

• Logistic regression using the scikit-learn LogisticRegression code. 

• Multilayer perceptron using the scikit-learn MLPClassifier code. 

• Naïve Bayes (Gaussian) using the scikit-learn GaussianNB code. 

• Passive aggressive classifier using the scikit-learn 

PassiveAggressiveClassifier code. 

• Perceptron using the scikit-learn Perceptron code. 

• RF using the scikit-learn RandomForestClassifier code.  

• Ridge using the scikit-learn RidgeClassifier code. 

• Stochastic gradient descent using the scikit-learn SGDClassifier code. 
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• SVM using the scikit-learn support vector classifier code. 

3.5 Model Evaluation 

In binary classification problems, one of the simplest and most effective methods 

for evaluating model performance involves the use of a confusion matrix. Figure 1 

displays the matrix and how it captures the summary of predictions based on the number 

of true positives (TPs), false positives (FPs), true negatives (TNs), and false negatives 

(FNs). A perfect model would correctly identify all true positives and true negatives.   

 

Figure 1:  Confusion Matrix 

In addition to the confusion matrix, the following performance metrics were also 

utilized:  

• Accuracy (Training). Equation 2 provides the formula for calculating the 

accuracy of the trained model.  

 

Equation 2:  Model Accuracy 
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• Accuracy (Testing). Using Equation 2, this research captured the accuracy of 

the model to predict the number of true positives and true negatives with the 

testing dataset.  

• Precision. This measure indicated the accuracy of the positive predictions by 

using the number of true positives predicted from both true and false 

positives. Equation 3 contains the formula for determining the ability of the 

model to accurately predict only the positive cases, meaning the number of 

employees who stayed with the agency during the FY.  

 

Equation 3:  Precision Equation 

• Recall. This measure was used to calculate the true positive rate by including 

the number of true positives and false negatives. Equation 4 shows how this 

rate determined the ability of the model to accurately all positive cases in the 

data.  

 

Equation 4:  Recall Equation 

• F1 Score. Equation 5 combines the average rates of precision and recall into a 

single metric, commonly referred to as the harmonic mean of precision and 

recall. 

 
Equation 5:  F1 Equation 
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Chapter 4—Results 

4.1 Introduction 

This chapter presents the analysis of the dataset and the results from the ML 

classification models described in Chapter 3. Section 4.2 presents the full primary 

dataset, categorized by class, to illustrate the relationships across the data features. 

Section 4.3 documents the results of preparing the dataset to include data splitting and 

data balancing. Section 4.4 presents the results from the feature selection approach. 

Sections 4.5 through 4.7 present the results of the individual models, a comparison of all 

models, and a validation of the best-performing ML model. Appendix B contains all 

Python coding and Jupyter Notebook output. 

4.2 Exploratory Data Analysis Results 

The dataset contained HR information (22 features) on 5,442 employees working 

in OPM-designated STEM career fields between May 1, 2011, and April 30, 2021. 

During this period, 2,477 left the agency and 2,965 remained on the payroll.  

• Age. Figure 2 reveals a clear peak for non-retirement attrition in the mid-30s 

and a similar pattern for retirement attrition in the mid-60s. Overall, the 

average age of the STEM workforce was 46.6. The youngest career STEM 

employee was 23.3; the oldest active employee was 89.6 and eligible to retire 

27.6 years prior. This exemplifies the difference between “eligible to retire” 

versus “likely to retire” and why HR professionals have difficulties predicting 

attrition. Of those that left the agency prior to retirement, the 30- to 35-year-

old age group comprised the largest percentage, at 18%. For those that retired, 

the 60- to 65-year-old age group comprised the largest percentage, at 10.5%.   
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Figure 2:  Age Distribution of STEM Workforce 

• Disability Status. Figure 3 shows that 412 of 5,442 employees self-identified 

as having a disability, equating to 7.6% of the dataset.  

 

Figure 3:  Disability Status of STEM Workforce 

• Education Level. Figure 4 displays the education levels of the STEM 

workforce, with 81.7% having earned a formal college degree. The largest 
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population was those with a graduate degree, at 45.5%, followed by those 

with an undergraduate degree, at 28.7%.  

 

Figure 4:  Education Level of STEM Workforce 

• Marital Status. Figure 5 illustrates the marital status of the STEM 

workforce, where 62.6% of the employees were married.  

 

Figure 5:  Marital Status of STEM Workforce 
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• Minority Status. Figure 6 displays the minority composition of the STEM 

workforce, where 29.6% of the employees self-identified as belonging to an 

ethnic or racial minority group.   

 

Figure 6:  Racial/Ethnic Minority Status of STEM Workforce 

 

• Pay Grade. Figure 7 illustrates the grade distribution, where grades 13 

through 15 comprise 83.6% of the STEM workforce.    
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Figure 7:  Pay Grade Distribution of STEM Workforce 

 

• Pay Step. Figure 8 displays a normal distribution of pay steps.  

 

Figure 8:  Pay Step Distribution of STEM Workforce 

 

• Sex. Figure 9 shows that males comprised 55.7% and females comprised 

44.3% of the STEM workforce.  
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Figure 9:  Sex of STEM Workforce 

 

• Supervisory Status. Figure 10 displays the supervisory status of the STEM 

workforce. Non-supervisory positions accounted for 79.8% of all stem 

positions; the remaining 20.2% were allocated to supervisors.  

 

Figure 10:  Supervisory Status of STEM Workforce 
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• Years in Assignment. Figure 11 reveals a positively skewed distribution for 

years in assignment.  

 

Figure 11:  Years in Assignment Distribution of STEM Workforce 

 

• Years in Pay Grade. Figure 12 shows a positively skewed distribution 

with years in pay grade.  

 

Figure 12:  Years in Pay Grade Distribution of STEM Workforce 
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• Years of Government Service. Figure 13 illustrates years of service, which 

had a positively skewed distribution. 

 

Figure 13:  Distribution of Years of Government Service of STEM Workforce 

 

• Years Until Retirement Eligible. Figure 14 reveals a normal distribution for 

years until retirement eligible. Figure 15 indicates the percentage of non-

retirement eligible employees, at 80.0%, versus retirement eligible, at 20.0%.  
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Figure 14:  Years to Retirement Eligibility Distribution of STEM Workforce 

 

 

Figure 15:  Retirement-Eligible Status of STEM Workforce 

 

• Years with Agency. Figure 16 illustrates the distribution of years with the 

agency. The spike in employees with 22 years of service, which can appear as 

an outlier, resulted from the consolidation of the U.S. Information Agency 
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(USIA) into the Department of State. In October 1999, the agency absorbed 

1,946 USIA employees, 234 of which were classified as STEM employees. As 

of May 1, 2021, 95 former USIA STEM employees were still employed with 

the Department of State.  

 

Figure 16:  Years with Agency of STEM Workforce 

• Military Veteran Status. Within the total population, 21.4% and 78.6% of 

individuals were military veterans and non-veterans, respectively (Figure 17). 



52 
 

 

Figure 17:  Military Veteran Status of STEM Workforce 

• FEVS: Employee Engagement (Leaders Lead). Figure 18 shows a normal 

distribution of FEVS scores for the leaders lead category.  

 

Figure 18:  FEVS Employee Engagement (Leaders Lead) Score Distribution 

• FEVS: Employee Engagement (Supervisors). Figure 19 shows a tighter 

range for employee engagement (supervisors) compared to employee 

engagement (leaders lead).  
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Figure 19:  FEVS Employee Engagement (Supervisors) Score Distribution 

• FEVS: Employee Engagement (Intrinsic Work Experience). Figure 20 

illustrates the distribution of employee engagement (intrinsic work 

experience).  

 

Figure 20:  FEVS Employee Engagement (Intrinsic Work Experience) Score 

• FEVS: Global Satisfaction Index. Figure 21 shows the distribution for 

global satisfaction scores.  
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Figure 21:  FEVS Global Satisfaction Index Distribution 

4.3 Data Preparation 

4.3.1 Data Splitting 

This study used the StratifiedShuffleSplit data splitting method, with 80% of the 

data reserved for training and 20% for testing. This technique preserved the class 

proportions by ensuring that an equal percentage (45.5%) of the attrition data were 

distributed to both the training and testing datasets.  

4.3.2 Data Balancing 

With a dataset that was slightly imbalanced between employees who left and 

those who stayed, this praxis explored several data-balancing techniques, including 

undersampling, oversampling, and a combination of under- and oversampling. The 

models tended to be slightly less accurate when any of the data balancing techniques 

were used; therefore, the original, unbalanced dataset was used for all ML models. 
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4.4 Feature Selection Results   

After the dataset was split (80/20), this praxis utilized the RFECV feature 

selection method. Using this technique, the model recommended nine total features: years 

in assignment, years with agency, years of government service, years until retirement 

eligible, age, employee engagement (leaders lead), employee engagement (supervisors), 

employee engagement (intrinsic work experience), and GSI.   

Figure 22 illustrates that model performance declined when using more than the 

nine selected features.  

 

Figure 22:  Recommended Number of Features based on RFECV 

 

4.5 Model Results 

This research explored 13 base and 6 ensemble models. Emphasis was placed on a 

model’s ability to accurately predict both the majority and minority classes. All models 

were trained using an 80/20 split and the StratifiedShuffleSplit technique. Each model 
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was tuned using scikit learn’s GridSearchCV, which determines the best parameter values 

to use to achieve the best performance.  

4.5.1 AdaBoost  

AdaBoost, an ensemble method, was one of five models that achieved an 

accuracy of greater than 90%. GridSearchCV suggested a learning rate of 1.5 and number 

of estimators at 75. Figure 23 suggests that the model performed slightly better at 

accurately predicting the majority class (96.3%) than at predicting the minority class 

(85.1%).  

 

Figure 23:  AdaBoost Model Performance 

 

4.5.2 Bagging Classifier  

The bagging classifier, an ensemble approach, was able to successfully classify 

98.8% of the majority and 88.7% of the minority classes (Figure 24). GridSearchCV 

determined that bootstrap features should be set to true and number of estimators should 

be 20. There was a considerable drop in accuracy (-5.4%) between the training and 

testing classifications.  
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Figure 24:  Bagging Classifier Model Performance 

 

4.5.3 Decision Tree 

Figure 25 illustrates the performance of the DT model. For the best performance, 

GridSearchCV recommended setting class weight to balanced, criterion set to entropy, 

and splitter set to random. The model was able to correctly classify 89.5% of the majority 

and 89.7% of the minority class. The difference between the accuracy of the training and 

testing performance was 10.4%, which indicates issues with overfitting.   

 

Figure 25:  Decision Tree Model Performance 
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4.5.4 Extra Trees  

As shown in Figure 26, the extra trees classifier was the top performing model in 

terms of overall accuracy (95.1%) and ability to correctly classify the majority class 

(99.8%). Additionally, there was only a slight decrease in performance between the 

accuracy of the training and testing classifications, indicating a model with a good fit. To 

attain this performance, bootstrap was set to true, criterion was set to entropy, max 

features was set to none, minimum samples per leaf was set to 2, and number of 

estimators was set to 250.    

 

Figure 26:  Extra Trees Model Performance 

 

4.5.5 Gaussian Process  

The base Gaussian process classifier performed very poorly with the dataset. 

Figure 27 shows that the model was only able to correctly classify 67.4% of the majority 

class and 53.0% of the minority class. Additionally, there was a roughly 31% difference 

in accuracy between the training and testing runs.   
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Figure 27:  Gaussian Process Model Performance 

4.5.6 Gradient Boosting  

As shown in Figure 28, the gradient boosting (GB) model was one of two models 

that achieved 100% accuracy on the training data. Its performance with the testing data, 

however, was roughly 6% lower. GridSearchCV suggested numerous parameter settings 

to garner the best performance: criterion was set to squared error; max depth set to none; 

max features set to log2; minimum samples per leaf set to 2; and validation fraction set to 

0.5.   

 

Figure 28:  Gradient Boosting Model Performance 
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4.5.7 Histogram-Based Gradient Boosting  

Like other ensemble methods, the histogram-based GB model performed well and 

achieved 94.2% accuracy (Figure 29). The model performed better with the majority 

classifications (99.2%) compared to the minority group (88.3%). The only change to the 

base model was setting the minimum samples per leaf to 10.        

 

Figure 29:  Histogram-Based Gradient Boosting Model Performance 

 

4.5.8 K-Nearest Neighbor  

The K-NN model did not perform well with the dataset. Attempts to tune the 

model using different settings resulted in slightly better performance, but the results were 

well below those of many other models. GridSearchCV recommended setting the nearest 

neighbor parameter to nine with a leaf size of 5. Figure 30 shows that the model achieved 

62.3% accuracy and could only classify slightly more than half of the minority class 

(50.6%). 
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Figure 30:  K-Nearest Neighbor Model Performance 

 

4.5.9 Linear Discriminant Analysis  

The base linear discriminant analysis model was an average performer. Figure 31 

displays a 77.7% accuracy rate. The model was only able to accurately predict 81.3% of 

the majority class and 73.4% of the minority class.   

 

Figure 31:  Linear Discriminant Analysis Model Performance 

 

 4.5.10     Logistic Regression  

The results for training and testing accuracy and associated performance measures 
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for both the majority and minority classes are indicated in Figure 32. The difference 

between the two accuracy measures is negligible, pointing to a well-trained model that 

does not under- or overfit the model. The base LR model was able to accurately predict 

513 individuals in the majority class (86.5%) and 351 in the minority class (70.8%). 

 

Figure 32:  Logistic Regression Model Performance 

 

4.5.11     Multilayer Perceptron  

The multilayer perceptron model was only able to achieve a 79.3% accuracy rate, 

which was considerably lower than many other models (Figure 33). It achieved 87.5% 

accuracy in predicting the majority class and 69.6% with the minority class. 

GridSearchCV determined the following parameters provided the best performance: 

activation set to tanh; hidden layer size at 150; learning rate as adaptive; and momentum 

set to 0.1.  
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Figure 33:  Multilayer Perceptron Model Performance 

 

4.5.12     Naïve Bayes   

This research tested two different naïve Bayes models, with the base Gaussian 

model outperforming the Bernoulli method. Figure 34 reveals the accuracy and other 

performance metrics of the Gaussian model.  

 

Figure 34:  Naive Bayes (Gaussian) Model Performance 
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4.5.13     Passive Aggressive Classifier  

The passive aggressive classifier model was the worst-performing model. 

Attempts to tune the model, based on recommendations from GridSearchCV, did little to 

improve model performance. Figure 35 reveals an overall accuracy rate of 56.7%, and 

while the model was able to correctly identify all but three individuals in the majority 

class (99.5% accuracy), it underperformed significantly in predicting the minority class 

(5.4% accuracy).  

 

Figure 35:  Passive Aggressive Classifier Model Performance 

 

4.5.14     Perceptron  

The results for training and testing accuracy and associated performance measures 

for both the majority and minority classes are indicated in Figure 36. The only parameter 

that was changed to the base model was setting the penalty to L1. The perceptron model 

was among the worst performers in terms of overall accuracy (59.6%) and ability to 
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classify the majority and minority classes. 

 

Figure 36:  Perceptron Model Performance 

 

4.5.15     Quadratic Discriminant Analysis  

The base quadratic discriminant analysis model achieved 83.0% accuracy while 

correctly classifying 90.2% of the majority class but only 74.4% of the minority class 

(Figure 37).  

 

Figure 37:  Quadratic Discriminant Analysis 
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4.5.16     Random Forest  

Figure 38 indicates that the RF model achieved 88.5% accuracy and was one of 

only two models that exhibited equal performance in distinguishing between the two 

classes, with 97.0% accuracy. GridSearchCV determined the following parameters would 

achieve the best performance: criterion set to entropy; a max depth of 3; class weight set 

to balanced subsample; max features set to log2; number of jobs set to 1; and out-of-bag 

samples set to true.    

 

Figure 38:  Random Forest Model Performance 

 

4.5.17     Ridge Classifier  

The base ridge classifier was a below-average performer in terms of overall 

accuracy and correct prediction of the majority and minority classes. 
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Figure 39:  Ridge Classifier Model Performance 

 

4.5.18     Stochastic Gradient Descent  

Figure 40 displays a poor accuracy rate (69.6%) as well as an inability to correctly 

classify the majority class (58.9%). GridSearchCV recommended setting maximum 

iterations to 2,000 and selecting a penalty of L1 for the best performance.  

 

Figure 40:  Stochastic Gradient Descent Model Performance 

 

4.5.19     Support Vector Machine  

For the SVM model, this research utilized three different kernels: linear, poly, and 
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radial basis function. Of the three, the linear SVM model with C set to 100 exhibited the 

best performance, as indicated in Figure 41, but the overall performance was average. 

The difference between training and testing accuracy was only 0.01%, indicating a well-

fitting model.  

 

Figure 41:  Support Vector Machine Model Performance 

 

4.6 Model Comparison  

Figure 42 displays the ranked performance of the various ML models. In terms of 

overall accuracy on the testing data, the extra trees model outperformed all other models. 

As shown in Figure 43, the extra trees demonstrated the best precision for both the 

majority and minority classes. Figure 44 reveals the extra trees model had the best recall 

with the majority class and above-average performance with the minority group. As 

indicated in Figure 45, the extra trees model attained the best F1 Score for both classes.  



69 
 

 

Figure 42:  Comparison of Model Accuracy 
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Figure 43:  Comparison of Model Precision 
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Figure 44:  Comparison of Model Recall 
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Figure 45:  Comparison of Model F1 Score 
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4.7 Model Validation 

The intended use of the ML models was to predict attrition to inform the federal 

budget/resourcing process and assist with hiring strategies. As part of the model 

validation, I had the top five models make predictions using a validation dataset to 

determine whether they could accurately predict the total number of attrition events. 

Between May 1, 2021, and November 30, 2022, the agency had 481 STEM employees 

leave, either through retirement or non-retirement. The extra trees model predicted that 

434 employees would attrite—a bit below its accuracy on the training and testing 

datasets. The gradient boosting model predicted 470; however, its performance on the 

training and testing data was below that of the extra trees model. On the extreme end, the 

AdaBoost model predicted 1,209 employees would attrite.  
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Chapter 5—Discussion and Conclusions 

5.1 Discussion 

The purpose of this praxis was to provide federal agencies with a method for 

accurately predicting STEM workforce attrition. In Sections 5.1.1 through 5.1.3, the 

results associated with the hypotheses are discussed. In Section 5.2, conclusions are 

provided for this praxis that could be useful in future research in this domain. In Section 

5.3, contributions to the body of knowledge are elucidated, and Section 5.4 concludes this 

chapter with recommendations for future research.   

5.1.1 Discussion of Hypothesis 1 

H1: Attrition factors are closely linked with employee age, career level, and 

employee engagement. 

Hypothesis 1 focused on identifying the features that help to predict employee 

attrition, and specifically the assertion that age, career level, and employee engagement 

were critical factors. Years in assignment, years with the agency, years of government 

service, years until retirement eligible, age, employee engagement (leaders lead), 

employee engagement (supervisors), employee engagement (intrinsic work experience), 

and GSI were all critical features identified during the feature selection process. Using 

these features in the extra trees model resulted in high accuracy with minimal overfitting.   

Result: Hypothesis confirmed. 

5.1.2 Discussion of Hypothesis 2 

H2: An RF classifier is the optimal ML algorithm to predict STEM employee 

attrition in the federal government.    
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Hypothesis 2 tested the predominant supervised ML classification models, and the 

best performance was shown by the extra trees model. The extra trees model is similar to 

RF in that both are tree-based ensembles, but there are subtle differences in how the extra 

trees model deals with randomness. The praxis results reinforce the conclusion of El-

Rayes et al. (2020) that tree-based models outperform other ML models in terms of 

binary classification, but there was no evidence to support the assertion that the RF model 

is the best technique.      

Result: Hypothesis not confirmed. 

5.1.3 Discussion of Hypothesis 3 

H3: An ML model can correctly predict STEM employee attrition with 90% to 

95% accuracy. 

In Hypothesis 3, the ability of a trained ML classifier to correctly predict attrition 

was predicted to be 90% to 95% accurate. The extra trees model achieved a 95.1% 

overall accuracy rate and showed the best performance in distinguishing between the 

majority class (99.8%) and minority class (89.5%).   

Result: Hypothesis confirmed. 

5.2 Conclusions 

This praxis identified three research questions to help address the proposed 

problem statement.  

RQ1: Which features are most important in predicting employee attrition? 

RQ1 Response: The features that were selected included years in 

assignment, years with the agency, years of government service, years until 

retirement eligible, age, and the FEVS employee engagement subindices and GSI. 
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Binary data features with small population sizes did little to help the models 

predict attrition. For example, the variables for sex, marital status, racial/ethnic 

minority status, veteran status, and disability status were not selected during the 

feature selection process.  

RQ2: Which ML model can correctly predict employee attrition in the federal 

government? 

 RQ2 Response: The extra trees model, a tree-based ensemble classifier, 

was the optimal model in terms of accurately predicting attrition and distinguishing 

between the classes.  

RQ3: Do ML methods outperform linear forecasting in predicting attrition? 

 RQ3 Response: ML models exhibit an advantage in predicting attrition 

counts and, to a certain extent, precisely which employees will stay or leave.  

5.2.1 Lessons Learned 

A highly imbalanced dataset can make it challenging to predict the minority class 

using ML models. The balancing techniques of oversampling, undersampling, or a 

combination of the two can be effective in improving model performance, but the results 

vary depending on the model used, the features selected, and the data types. The dataset 

used in this praxis was only slightly imbalanced, with 2,965 individuals in the majority 

and 2,477 in the minority. This praxis tested various balancing techniques, all of which 

negatively impacted the performance of the model.  

5.3 Contributions to the Body of Knowledge 

This research contributes to the extant body of knowledge by identifying the 

factors that most heavily influence attrition in the federal STEM workforce. The FEVS 
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data were the critical features in the model and confirmed the hypothesis that employee 

engagement is a factor in whether employees choose to leave or stay. Of the employee 

engagement subindices, the one focusing on supervisors had the most influence.  

5.4 Recommendations for Future Research 

To further advance the current body of knowledge, future research should explore 

the use of external features, such as current labor market conditions, economic factors, 

technological advances, and political factors. Furthermore, a future study could attempt to 

scale attrition predictions government-wide using the OPM’s FedScope raw datasets. 

Finally, more research should investigate other career domains, such as medicine, 

acquisition, or law enforcement. There is a likelihood that the factors that influence 

decisions to leave or retire from other career fields could be different from those within 

the STEM workforce. 
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Appendix A—U.S. Office of Personnel Management STEM Occupations  

 
Occupations Job Series STEM Category 

Actuarial Science 1510 Mathematics 
Aerospace Engineering 0861 Engineering 
Agricultural Engineering 0890 Engineering 
Agronomy 0471 Science 
Animal Science 0487 Science 
Archeology 0193 Science 
Architecture 0808 Engineering 
Astronomy and Space Science 1330 Science 
Bioengineering and Biomedical 
Engineering 0858 Engineering 

Botany 0430 Science 
Cartography 1370 Science 
Chemical Engineering 0893 Engineering 
Chemistry 1320 Science 
Civil Engineering 0810 Engineering 
Civil Rights Analysis 0160 Science 
Community Planning 0020 Science 
Computer Engineering 0854 Engineering 
Computer Science 1550 Mathematics 
Construction Analyst 0828 Engineering 
Cryptanalysis 1541 Mathematics 
Document Analysis 1397 Science 
Ecology 0408 Science 
Economist 0110 Science 
Education Research 1730 Science 
Electrical Engineering 0850 Engineering 
Electronic Digital Computer Mechanic 2608 Engineering 
Electronics Engineering 0855 Engineering 
Electronics Technical 0856 Technology 
Engineering Technical 0802 Engineering 
Entomology 0414 Science 
Environmental Engineering 0819 Engineering 
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Occupations Job Series STEM Category 
Environmental Protection 0028 Science 
Fingerprint Identification 0072  Science 
Fire Protection Engineering 0804 Engineering 
Fish and Wildlife Administration 0480 Science 
Fish Biology 0482 Science 
Food Technology 1382 Science 
Foreign Affairs 0130 Science 
Forest Products Technology 1380 Science 
Forestry 0460 Science 
Gas and Radiation Detecting 5205 Science 
General Anthropology 0190 Science 
General Engineering 0801 Engineering 
General Mathematics and Statistics 1501 Mathematics 

General Natural Resources Management 
and Biological Sciences 0401 Science 

General Physical Science 1301 Science 
Genetics 0440 Science 
Geodesy 1372 Science 
Geography 0150 Science 
Geology 1350 Science 
Geophysics 1313 Science 
Health Physics 1306 Science 
Horticulture 0437 Science 
Hydrology 1315 Science 
Industrial Engineering 0896 Engineering 
Industrial Hygiene 0690 Technology 
Information Technology Management 2210 Technology 
Intelligence 0132 Science 
International Cooperation 0136 Science 
International Relations 0131 Science 
Land Surveying 1373 Science 
Landscape Architecture 0807 Engineering 
Materials Engineering 0806 Engineering 
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Occupations Job Series STEM Category 
Mathematical Statistics 1529 Mathematics 
Mathematics 1520 Mathematics 
Mechanical Engineering 0830 Engineering 
Metallurgy 1321 Science 
Meteorology 1340 Science 
Microbiology 0403 Science 
Mining Engineering 0880 Engineering 
Model Making 4714 Engineering 
Naval Architecture 0871 Engineering 
Navigational Information 1361 Science 
Nuclear Engineering 0840 Engineering 
Oceanography 1360 Science 
Operations Research 1515 Mathematics 
Petroleum Engineering 0881 Engineering 
Pharmacology 0405 Science 
Physics 1310 Science 
Physiology 0413 Science 
Plant Pathology 0434 Science 
Plant Physiology 0435 Science 
Psychology 0180 Science 
Rangeland Management 0454 Science 
Safety Engineering 0803 Engineering 
Social Science 0101 Science 
Sociology 0184 Science 
Soil Conservation 0457 Science 
Soil Science 0470 Science 
Statistics 1530 Mathematics 
Telecommunications 0391 Technology 
Textile Technology 1384 Science 
Toxicology 0415 Science 
Wildlife Biology 0486 Science 
Wildlife Refuge Management 0485 Science 
Workforce Research and Analysis 0140 Science 
Zoology 0410 Science 
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Appendix B—Python Code and Jupyter Notebook Output 

Appendix B contains all Python coding and Jupyter Notebook output. The datasets are 

available upon request: albert.pasquarella@gmail.com  

Data Splitting. This section contains the coding and output for the data-splitting 

algorithms. 

StratifiedShuffleSplit: https://scikit-
learn.org/stable/modules/generated/sklearn.model_selection.StratifiedShuffleSplit.html#s
klearn.model_selection.StratifiedShuffleSplit  
 
Figure 46:  StratifiedShuffleSplit Code and Output 

  

mailto:albert.pasquarella@gmail.com
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.StratifiedShuffleSplit.html#sklearn.model_selection.StratifiedShuffleSplit
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.StratifiedShuffleSplit.html#sklearn.model_selection.StratifiedShuffleSplit
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.StratifiedShuffleSplit.html#sklearn.model_selection.StratifiedShuffleSplit
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Feature Selection. This section contains the coding and output for the feature selection 

algorithms. 

Recursive feature elimination with cross-validation (RFECV): https://scikit-
learn.org/stable/auto_examples/feature_selection/plot_rfe_with_cross_validation.html#sp
hx-glr-auto-examples-feature-selection-plot-rfe-with-cross-validation-py   
 
Figure 47:  Recursive Feature Elimination Code and Output 

 

https://scikit-learn.org/stable/auto_examples/feature_selection/plot_rfe_with_cross_validation.html#sphx-glr-auto-examples-feature-selection-plot-rfe-with-cross-validation-py
https://scikit-learn.org/stable/auto_examples/feature_selection/plot_rfe_with_cross_validation.html#sphx-glr-auto-examples-feature-selection-plot-rfe-with-cross-validation-py
https://scikit-learn.org/stable/auto_examples/feature_selection/plot_rfe_with_cross_validation.html#sphx-glr-auto-examples-feature-selection-plot-rfe-with-cross-validation-py
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Model Performance. This section contains the coding and output for the ML 

classification models. 

AdaBoost: https://scikit-
learn.org/stable/modules/generated/sklearn.ensemble.AdaBoostClassifier.html#sklearn.en
semble.AdaBoostClassifier  
 
Figure 48:  AdaBoost Code and Output 

 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.AdaBoostClassifier.html#sklearn.ensemble.AdaBoostClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.AdaBoostClassifier.html#sklearn.ensemble.AdaBoostClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.AdaBoostClassifier.html#sklearn.ensemble.AdaBoostClassifier
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Bagging classifier: https://scikit-
learn.org/stable/modules/generated/sklearn.ensemble.BaggingClassifier.html#sklearn.ens
emble.BaggingClassifier  
 
Figure 49:  Bagging Classifier Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.BaggingClassifier.html#sklearn.ensemble.BaggingClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.BaggingClassifier.html#sklearn.ensemble.BaggingClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.BaggingClassifier.html#sklearn.ensemble.BaggingClassifier
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Decision three: https://scikit-
learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html#sklearn.tree.
DecisionTreeClassifier  
 
Figure 50:  Decision Tree Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html#sklearn.tree.DecisionTreeClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html#sklearn.tree.DecisionTreeClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html#sklearn.tree.DecisionTreeClassifier
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Extra trees: https://scikit-
learn.org/stable/modules/generated/sklearn.ensemble.ExtraTreesClassifier.html#sklearn.e
nsemble.ExtraTreesClassifier  
 
Figure 51:  Extra Trees Code and Output 

 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.ExtraTreesClassifier.html#sklearn.ensemble.ExtraTreesClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.ExtraTreesClassifier.html#sklearn.ensemble.ExtraTreesClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.ExtraTreesClassifier.html#sklearn.ensemble.ExtraTreesClassifier
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Gaussian process: https://scikit-
learn.org/stable/modules/generated/sklearn.gaussian_process.GaussianProcessClassifier.h
tml#sklearn.gaussian_process.GaussianProcessClassifier  
 
Figure 52:  Gaussian Process Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.gaussian_process.GaussianProcessClassifier.html#sklearn.gaussian_process.GaussianProcessClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.gaussian_process.GaussianProcessClassifier.html#sklearn.gaussian_process.GaussianProcessClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.gaussian_process.GaussianProcessClassifier.html#sklearn.gaussian_process.GaussianProcessClassifier
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Gradient boosting: https://scikit-
learn.org/stable/modules/generated/sklearn.ensemble.GradientBoostingClassifier.html#sk
learn.ensemble.GradientBoostingClassifier  
 
Figure 53:  Gradient Boosting Code and Output 

 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.GradientBoostingClassifier.html#sklearn.ensemble.GradientBoostingClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.GradientBoostingClassifier.html#sklearn.ensemble.GradientBoostingClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.GradientBoostingClassifier.html#sklearn.ensemble.GradientBoostingClassifier
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Histogram-based gradient boosting: https://scikit-
learn.org/stable/modules/generated/sklearn.ensemble.HistGradientBoostingClassifier.htm
l#sklearn.ensemble.HistGradientBoostingClassifier  
 
Figure 54:  Histogram-Based Gradient Boosting Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.HistGradientBoostingClassifier.html#sklearn.ensemble.HistGradientBoostingClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.HistGradientBoostingClassifier.html#sklearn.ensemble.HistGradientBoostingClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.HistGradientBoostingClassifier.html#sklearn.ensemble.HistGradientBoostingClassifier
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K-nearest neighbor: https://scikit-
learn.org/stable/modules/generated/sklearn.neighbors.KNeighborsClassifier.html#sklearn
.neighbors.KNeighborsClassifier  
 
Figure 55:  K-Nearest Neighbor Code and Output 

 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.neighbors.KNeighborsClassifier.html#sklearn.neighbors.KNeighborsClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.neighbors.KNeighborsClassifier.html#sklearn.neighbors.KNeighborsClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.neighbors.KNeighborsClassifier.html#sklearn.neighbors.KNeighborsClassifier
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Linear discriminant analysis: https://scikit-
learn.org/stable/modules/generated/sklearn.discriminant_analysis.LinearDiscriminantAna
lysis.html#sklearn.discriminant_analysis.LinearDiscriminantAnalysis  
 
Figure 56:  Linear Discriminant Analysis Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.discriminant_analysis.LinearDiscriminantAnalysis.html#sklearn.discriminant_analysis.LinearDiscriminantAnalysis
https://scikit-learn.org/stable/modules/generated/sklearn.discriminant_analysis.LinearDiscriminantAnalysis.html#sklearn.discriminant_analysis.LinearDiscriminantAnalysis
https://scikit-learn.org/stable/modules/generated/sklearn.discriminant_analysis.LinearDiscriminantAnalysis.html#sklearn.discriminant_analysis.LinearDiscriminantAnalysis
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Logistic regression: https://scikit-
learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html#sklear
n.linear_model.LogisticRegression  
 
Figure 57:  Logistic Regression Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html#sklearn.linear_model.LogisticRegression
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html#sklearn.linear_model.LogisticRegression
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html#sklearn.linear_model.LogisticRegression
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Multi-layer perceptron: https://scikit-
learn.org/stable/modules/generated/sklearn.neural_network.MLPClassifier.html#sklearn.n
eural_network.MLPClassifier  
 
Figure 58:  Multi-layer Perceptron Code and Output 

 
 

https://scikit-learn.org/stable/modules/generated/sklearn.neural_network.MLPClassifier.html#sklearn.neural_network.MLPClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.neural_network.MLPClassifier.html#sklearn.neural_network.MLPClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.neural_network.MLPClassifier.html#sklearn.neural_network.MLPClassifier
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Naïve Bayes (Gaussian): https://scikit-
learn.org/stable/modules/naive_bayes.html#gaussian-naive-bayes  
 
Figure 59:  Naive Bayes (Gaussian) Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/naive_bayes.html#gaussian-naive-bayes
https://scikit-learn.org/stable/modules/naive_bayes.html#gaussian-naive-bayes
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Passive aggressive classifier: https://scikit-
learn.org/stable/modules/generated/sklearn.linear_model.PassiveAggressiveClassifier.ht
ml#sklearn.linear_model.PassiveAggressiveClassifier  
 
Figure 60:  Passive Aggressive Classifier Code and Output 

 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.PassiveAggressiveClassifier.html#sklearn.linear_model.PassiveAggressiveClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.PassiveAggressiveClassifier.html#sklearn.linear_model.PassiveAggressiveClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.PassiveAggressiveClassifier.html#sklearn.linear_model.PassiveAggressiveClassifier


108 
 

Perceptron: https://scikit-
learn.org/stable/modules/generated/sklearn.linear_model.Perceptron.html#sklearn.linear_
model.Perceptron  
 
Figure 61:  Perceptron Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.Perceptron.html#sklearn.linear_model.Perceptron
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.Perceptron.html#sklearn.linear_model.Perceptron
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.Perceptron.html#sklearn.linear_model.Perceptron
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Quadratic discriminant analysis: https://scikit-
learn.org/stable/modules/generated/sklearn.discriminant_analysis.QuadraticDiscriminant
Analysis.html#sklearn.discriminant_analysis.QuadraticDiscriminantAnalysis  
 
Figure 62:  Quadratic Discriminant Analysis Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.discriminant_analysis.QuadraticDiscriminantAnalysis.html#sklearn.discriminant_analysis.QuadraticDiscriminantAnalysis
https://scikit-learn.org/stable/modules/generated/sklearn.discriminant_analysis.QuadraticDiscriminantAnalysis.html#sklearn.discriminant_analysis.QuadraticDiscriminantAnalysis
https://scikit-learn.org/stable/modules/generated/sklearn.discriminant_analysis.QuadraticDiscriminantAnalysis.html#sklearn.discriminant_analysis.QuadraticDiscriminantAnalysis
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Random forest: https://scikit-
learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html#sklea
rn.ensemble.RandomForestClassifier  
 
Figure 63:  Random Forest Code and Output 

 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html#sklearn.ensemble.RandomForestClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html#sklearn.ensemble.RandomForestClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html#sklearn.ensemble.RandomForestClassifier
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Ridge classifier: https://scikit-
learn.org/stable/modules/generated/sklearn.linear_model.RidgeClassifier.html#sklearn.lin
ear_model.RidgeClassifier  
 
Figure 64:  Ridge Classifier Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.RidgeClassifier.html#sklearn.linear_model.RidgeClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.RidgeClassifier.html#sklearn.linear_model.RidgeClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.RidgeClassifier.html#sklearn.linear_model.RidgeClassifier
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Stochastic gradient descent: https://scikit-
learn.org/stable/modules/generated/sklearn.linear_model.SGDClassifier.html#sklearn.line
ar_model.SGDClassifier  
 
Figure 65:  Stochastic Gradient Descent Code and Output 

 
 
 
 
 
 
 
 
 
 
 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.SGDClassifier.html#sklearn.linear_model.SGDClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.SGDClassifier.html#sklearn.linear_model.SGDClassifier
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.SGDClassifier.html#sklearn.linear_model.SGDClassifier


113 
 

Support vector machine: https://scikit-
learn.org/stable/modules/generated/sklearn.svm.SVC.html#sklearn.svm.SVC  
 
Figure 66:  Support Vector Machine Code and Output 

 
 
 

https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html#sklearn.svm.SVC
https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html#sklearn.svm.SVC
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