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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.

vi



Table of Contents

DEdICALION «.ccereeeireciniiiieeistensnecsntssstensecssseessnsssasssseesssesssnssssesssassssessssssssssssassssessassssassssassnne iv
ACKNOWICAZGIMENLS ..cceeevuriersrrcisrncssnncssnnicsssnessssnesssssesssssesssssssssssosssssosssssssssssssssssssssssssssssses v
ADSEract Of PIaxis cocccveenseeisenssnensensincnsenssnecsenssensssessssecssessssssssesssssssssssssssssassssessasssssssss vi
LSt Of FIUIES..ucicueiiiiniiinniininiinsnicnsnicsssncssasncssssssssssssssssssssssssssssssssssosssssossssssssssssssssssss xii
LISt Of TADIES..ccouiiiiiiiiiitinniintinstintinsnicnensnscssessssnsssesssssssesssassssessssssssssssassssessssssssasns XV
LiSt 0f EQUATIONS c..ccicueiiiiiiiiisniinssnninssnninssnicssssnessssncssssssssssssssssesssssesssssssssssssssssssssssssssses Xvi
LiSt 0f ADDIeVIAtIONS....coueiiiiinieisniniieisnensiecstensnenssenseesssessssesssnssssesssnsssssssssssssssssasasss xvii
GloSSATY Of TEIMS ..cuuuerinueiiscnnicssnnncssnricssnnessssnesssnsssssnsssssssssssssssssesssssesssssssssssssssssssnssss xviii
Chapter 1—INtrodUCLION ........eeiuiieiieiie ettt ettt et e eaeeteessbeenseessseensaas 1
1.1 Back@round...........coouieiiiiiiiie e e 1
1.2 Research MOtiVation ........cc.ceeuieiiieiiieiiecie ettt et ens 4
1.3 Problem Statement.........cocvevieriiiiirieiiieeeeee e 4
1.4 Thesis Statement .......cceevuiriiriieieniiereeereee et 5
1.5  Research ODJECHIVES.....ccuieruiiiiieiieiiieiieeie ettt ettt ettt ens 5
1.6 Research Questions and Hypotheses ...........cccceceeviiniiiniiniiieniecieeieeee 6
1.7 Scope of ReSearchi.........ccoeviiiiiiiiiiiece e 6
1.8  Research Limitations ........c.cceevueeriieiiieniienieeieeeee ettt sae e eene e 7
1.9 Organization Of PraXis ......cccoecueerieiiiieriiesie ettt eeee s e 8
Chapter 2—Literature REVIEW .........cocvieiiiiiiieiieiie ettt 9

vil



2.1 TEEOAUCTION ..ot e e e e e e e e e e e e e aeeeaes 9

2.2 Employee AtIItION . ....cccuvieiiiieeiieeciee ettt ettt e e sreeesaee e 9
2.3 Employee MoOtiVatioNS .......c.ceeriiieriieeeiieeciee et ereeeeveeeeenee s 10
2.4 JOb SatiSTACtION ..coueeiiiiiiiiiiiieee e 10
2.5 Job EMbeddedness .........cooeiiiieiiiiiieieee e 11
2.6 Employee Factors.......cccoiiiiiiiieiiieciie ettt 12
2.0.1  GNALT ... 12
2.0.2 A et ettt 13
2.6.3  Race and EthniCity .....cccococviieiiiiiiiieeiieeeeeeeee e 14
2,604 TEIUIE ..eoiiiiiiiieeee ettt 15
2.6.5 Education Level ..o 15
2.6.6  Marital STatUS .......cooiuiiiiiiiiieieeee e 15
2.7 Organizational FaCtOTS .........ccoviiiiiiieiiiiecie ettt 16
2.7 1 Y et 16
2.7.2  Career OPPOTTUNITIES .....cceuveeerrieerrieerieeeriteeerireeeereeeseeesseeesneeessseeas 17
2.7.3  CUUTC ... 17
2.8 External Factors ........cooouiiiiiiiiie e 18
2.9 STEM WOTKIOTCE ..ot 18
2.9.1  Women in STEM ..o 19
2,10 HR ANALYHICS .ooutiieciiieeiie ettt et e e et eeaee e s 19
2.11  Federal Employee VIieWpoint SUIVEY .......cccceevveeerieeeiiieeieeeieeeeiee e 20
2.12  Predicting Workforce Attrition..........ccccveeeriieerieeeiiieeiee e 21
2.13  Machine Learning: Supervised Learning Methodologies......................... 21

viil



2131 ML CLaSSIIIETS 1 ettt e e e e e e e e e e 22

2.14  Data BalanCing.......cccccecvieiiiieeeiieeeiie ettt 25
2.15  Feature SeleCtion.........coiiiiiiiiniieiiieiie ettt 26
2.15.1 Types of Feature Selection Methods..........ccccveevviieniiieecieecieeee, 27
2.15.2 Recursive Feature Elimination.........c.cccoecueeiiiniiiiieniieiiieniceeeee 28
2.15.3  SelectKBest. .....coiuiiiiiiieiieee e 28
2.15.4 Principal Component ANalysiS........cccccueeerveeerieeeiieeeiieeeieeeeveeeenen 28
2.16  Ethical Considerations ..........c.ccecueeriiiiieenieeiiienie et 29
2.17  Summary and ConcClUSION ..........ccevviieriieeiiie ettt svee e 29
Chapter 3—MethOdOIOZY ....cccvviiiiiiecieece et et s aee e enree e 30
3.1 INErOAUCTION ... 30
3.2 Dataset OVETVIEW ......coiuiiiiiiiiieiie ettt ettt e 31
3.2.1  Data Preparation........c.ccccveeeeieesiieeeniieesiieesieeesveeesnveeesnveesseeesneeens 35
3.2.2  Data Splitting and Balancing ...........cccceecveeeviieenciieeiieeeiee e 37

33 Feature Selection..........cooiiiiiiiiiiiee e 38
3.4 ML Prediction MOdels ........cocueiiiiiiiiiiiiiieieeeeee e 38
3.5 Model Evaluation...........cooeeiiiiiiiiiiiiiiieeeee e 40
CRhapter 4——ReESULLS ......veiiiieeiie e e e e e et e et e e eraeessaeeeensaeenes 42
4.1 INErOAUCTION ... 42
4.2 Exploratory Data Analysis Results ..........cccceeviiieiiiieiiieiiiecieeeeeeen 42
4.3 Data Preparation..........ccueeccuieeriiieeeiee e esiee ettt eree e sreeenaree s 54
4.3.1  Data SPING c.oeeeeiieeeiieeeiee ettt e aee e s 54
4.3.2  Data BalancCing.........ccceeeiiieiiieeciieeeiie et 54



4.4 Feature Selection RESUILS ....coovvueeneeee e e e 55

4.5 MoOdel RESULLS ... 55
4.5.1  AdaBOOSE... i 56
4.5.2  Bagging ClasSTiier......cccceccuiieriieeeiie ettt saee e 56
4.53  DeECISION TTEC ...eetiiiiiiiiieiieeie ettt ettt 57
4.5.4  EXIIa TIEES .eeeeuiiiiiiiieiiieeee ettt 58
4.5.5  Gaussian ProCess........cooeiiiiiiiiiiiiiiiiiieeeee e 58
4.5.6  Gradient BOOSHNG ......c.cceeviiieiiiieeciieeiee et 59
4.5.7  Histogram-Based Gradient BoOStINg..........ccccvvevviieeciiencieeeiieeeeenn 60
4.5.8  K-Nearest Neighbor.......cccoveiiiieiiiieiie et 60
4.5.9  Linear Discriminant Analysis ........cccocceeerveeerieeeiieeeiieeeieeeiee e 61
4.5.10  LogiStiC ReEIeSSION......ccccuiieiiieeiiieeiiie et 61
4.5.11  Multilayer Perceptron ........ccccueeevieeriieeiiieeiee e 62
4.5.12  NAIVE BAYES ..eveiiieiiiiieeeee ettt e e e e 63
4.5.13  Passive Aggressive Classifier .......ccoocveeviieeiiieeiieeecieecie e 64
4.5.14  PEICEPLION ceeeeuiiiiieeeeiieee ettt ettt e et e e e e ibae e e e ennaaeeeenes 64
4.5.15 Quadratic Discriminant Analysis.........ccccceeerveeerieeriieesiieeeciee e 65
4.5.16  Random FOrest.........ccoooiiiiiiiiiieiiieiecee e 66
4.5.17  Ridge Classifier.......ccccvieiiiieiiieeeiieeeiie e 66
4.5.18  Stochastic Gradient DeSCent ...........coceeveeriiiiniiiiienieeienieeiee e 67
4.5.19  Support Vector Machine ..........ccccceeeviiieriieeiiieeiee e 67

4.6 Model COMPATISON.....ccuuiieiiieeeiieeeiieerteeerteeerteeeaeeeteeeeaeeeeseeesseeessseeas 68

4.7 Model Validation..........c.coiieiiiiniiiiieieeee e 73



Chapter 5—Discussion and ConclUSIONS...........cccuviieiieeriiieeriie et 74

5.1 DISCUSSION ...ttt ettt ettt e e st e bt e e s 74

5.1.1  Discussion of Hypothesis ©........cccceciieriiieiriieeniieeiee e 74

5.1.2  Discussion of Hypothesis 2........cccceeciieviiieniieeiiieeiee e 74

5.1.3  Discussion of Hypothesis 3........ccccceoiieiiiieriiieiieeieeeee e 75

5.2 CONCIUSIONS ...ttt ettt st et e st et e s ens 75

5.2.1  Lessons Learned..........ccoocueeiiiiiiiiiiiiiiieeeeeee e 76

53 Contributions to the Body of Knowledge ..........cocveeeiiiiiiiiniiiieieeeie, 76

54  Recommendations for Future Research.............ccoccooiiiiiiiniininnn. 77
RETRIEIICES ...ttt ettt ettt ettt et ens 78
Appendix A—U.S. Office of Personnel Management STEM Occupations...................... 89
Appendix B—Python Code and Jupyter Notebook Output..........cceevevieeciienciieniieennen. 92

x1



Figure 1:
Figure 2:
Figure 3:
Figure 4:
Figure 5:
Figure 6:
Figure 7:
Figure 8:
Figure 9:
Figure 10:
Figure 11:
Figure 12:
Figure 13:
Figure 14:
Figure 15:
Figure 16:
Figure 17:
Figure 18:
Figure 19:
Figure 20:
Figure 21:

Figure 22:

List of Figures

CoNTUSION MALTIX ...eouiiiieiiiiieiiieieete ettt sttt 40
Age Distribution of STEM Workforce ..........coecveviieciienieniiieieeieeeeeieeee 43
Disability Status of STEM WOrkforce .........c.ccooevvierieniniienieneneneeeeienene 43
Education Level of STEM Workforce..........cocueverieniiiiniinieneicnccccienne 44
Marital Status of STEM WOTK{OTCE ......cc.cevueriiririinieiicienieieeesceeee e 44
Racial/Ethnic Minority Status of STEM Workforce ..........coccoovevveviinieniennne. 45
Pay Grade Distribution of STEM Workforce..........ccceveeviiniininieninnenienenn, 46
Pay Step Distribution of STEM Workforce.........coccoveeviiiiiniinininiiiiciene 46
Sex of STEM WOTKIOICE ......coviiiiiiiiiiiieieeeeeeeee e 47
Supervisory Status of STEM Workforce..........ccoooveeevieniiinieniieiieeieeieeene 47
Years in Assignment Distribution of STEM Workforce ...........cccceeviereinennens 48
Years in Pay Grade Distribution of STEM Workforce........cccccocvevienieeienncene 48
Distribution of Years of Government Service of STEM Workforce .............. 49
Years to Retirement Eligibility Distribution of STEM Workforce................. 50
Retirement-Eligible Status of STEM Workforce ..........ccoceeviniininienienennne. 50
Years with Agency of STEM Workforce..........ccoveeviienieeiienieniieieeieeeee, 51
Military Veteran Status of STEM Workforce..........ccccovveviiiiiniencnienienennne. 52
FEVS Employee Engagement (Leaders Lead) Score Distribution ................ 52
FEVS Employee Engagement (Supervisors) Score Distribution................... 53
FEVS Employee Engagement (Intrinsic Work Experience) Score................. 53
FEVS Global Satisfaction Index Distribution.........c.ccceceeveeveenienensieneenennne. 54
Recommended Number of Features based on RFECV ..........ccccoeviiniinenne. 55

Xii



Figure 23:
Figure 24:
Figure 25:
Figure 26:
Figure 27:
Figure 28:
Figure 29:
Figure 30:
Figure 31:
Figure 32:
Figure 33:
Figure 34:
Figure 35:
Figure 36:
Figure 37:
Figure 38:
Figure 39:
Figure 40:
Figure 41:
Figure 42:
Figure 43:
Figure 44:

Figure 45:

AdaBoost Model Performance ............ccooeerieiiieniiiiiineeieeeeeeeee e 56
Bagging Classifier Model Performance ...........ccccoeeieeeeiieenieeecieeeiee e 57
Decision Tree Model Performance............ccooeeiiiiiieniiinieniciienieeceeeeen 57
Extra Trees Model Performance............ccocoeveiiiiiiiiniiiininiiiieieeeeeeee, 58
Gaussian Process Model Performance .............ccoooeeiiiiiiiiieniiienieiiceeeee 59
Gradient Boosting Model Performance...........cccccoevveeviieecciieeiieeeieeeieeeen 59
Histogram-Based Gradient Boosting Model Performance................cc.......... 60
K-Nearest Neighbor Model Performance............cccccveevvieenieeeiieecieecieeee 61
Linear Discriminant Analysis Model Performance............cccceeeveevcveennennee. 61
Logistic Regression Model Performance ............ccccceeeviieenieeecieeccieeciee e, 62
Multilayer Perceptron Model Performance..........ccccoeeevieeiiieeiieencieecieeeee, 63
Naive Bayes (Gaussian) Model Performance .............ccoccveeveiieiiieeniieenneeens 63
Passive Aggressive Classifier Model Performance............ccceeeveeecieenneenee. 64
Perceptron Model Performance............cccveeevieeiiieeiiieeiie e 65
Quadratic Discriminant Analysis.........ccceeeeveeeiieeeiiieeniieeriee e 65
Random Forest Model Performance............ccccoocueeiiiniiiiinniiiiieieeeeeeee, 66
Ridge Classifier Model Performance ............ccoccveeeeiieeriieeiieeeciee e 67
Stochastic Gradient Descent Model Performance...........cccccevcueeiiiniennienien. 67
Support Vector Machine Model Performance............ccceeeveeecieencieenciieenneen. 68
Comparison 0of Model ACCUTACY........cccvieeiiiieeiieeeieeecieeeeree e e ere e ee e 69
Comparison of Model Precision.........cccuveecvvieeciieeeiie e 70
Comparison of Model Recall ...........coooiieeiiiiiiiiecieee e 71
Comparison of Model F1 SCOTE ........ccccvieviiiiiiiieciieecee e 72

xiil



Figure 46:
Figure 47:
Figure 48:
Figure 49:
Figure 50:
Figure 51:
Figure 52:
Figure 53:
Figure 54:
Figure 55:
Figure 56:
Figure 57:
Figure 58:
Figure 59:
Figure 60:
Figure 61:
Figure 62:
Figure 63:
Figure 64:
Figure 65:

Figure 66:

StratifiedShuffleSplit Code and Output ..........cceevvvieviieeciieeieeeeece e, 92

Recursive Feature Elimination Code and Output............cccccveeevveeeciveenneeennee. 93
AdaBoost Code and OUtPUL.........cccvieiiiiieiiieceiee et 95
Bagging Classifier Code and Output...........ccceeevieeriieeiiieerieeeeee e 96
Decision Tree Code and OULPUL ........oeevviieciiieiiieeiee e 97
Extra Trees Code and OUtput ..........cceeeeeiiieiiiieeiiieecieeeiee e 98
Gaussian Process Code and Output...........cceeeevveeriieeriieeiiieeiee e 99
Gradient Boosting Code and Output ..........ccoecveeeiiieiiieeeiie e 100
Histogram-Based Gradient Boosting Code and Output...........cccceeevveeeeneennn. 101
K-Nearest Neighbor Code and Output ...........ccceveeeeiieeiiieecieeeiee e 102
Linear Discriminant Analysis Code and Output...........ccceeevveeeiveeecieencneeens 103
Logistic Regression Code and Output.........c.ceeecveeeriieeiiieeiieeeeiee e 104
Multi-layer Perceptron Code and Output..........ccceeevveeeiieeiieeecieeeieeeiieens 105
Naive Bayes (Gaussian) Code and Output..........c.cceeveeeeiieecieencieencieeeeenenn 106
Passive Aggressive Classifier Code and Output.........cccceeevveeecveeecieenineeens 107
Perceptron Code and OUtPUL .........cccuvieeiiieeiiieeciie e 108
Quadratic Discriminant Analysis Code and Output ..........ccccevvveeeveernnenee. 109
Random Forest Code and Output ..........ccceecvveeriiieciieeiieeceeeeee e 110
Ridge Classifier Code and Output.........ccceeeveeeriiieiiieeiieecieeeee e 111
Stochastic Gradient Descent Code and Output ..........cccccecvvveeciieeriieeenveeennnen. 112
Support Vector Machine Code and Output.........cccceeevevieeeciieenciieeneeeeiee e, 113

X1v



List of Tables

Table 1: U.S. DOS STEM Employee Count...........ccccoueriieriieniieniienieeiieeieeiee e

Table 2: HR Data Fields and Pre-Processing..........cccecveriieniieiiiiniieniieieeieeee e

XV



Equation 1:
Equation 2:
Equation 3:
Equation 4:

Equation 5:

List of Equations

Formula for Calculating Attrition Rate ..........cccevoieviiiiniineninicnccienen 30
MOAEL ACCUTACY ....eeevvieiieeiiieiie ettt ettt ettt et e e e et e s e seaeesee e 40
Precision EQUAatioN.........c.ooiieiiiiiieie et 41
Recall EQUAtION ..c..cievieiiieiieie ettt 41
F1T EQUAtION ..eiiitiiiiiciieie ettt ettt et 41

xvi



List of Abbreviations

Ccv Cross-Validation

DOS U.S. Department of State

EEI Employee Engagement Index

FEVS Federal Employee Viewpoint Survey

FY Fiscal Year

GAO U.S. Government Accountability Office

GSI Global Satisfaction Index

HR Human Resources

IBM International Business Machines

IT Information Technology

K-NN K-Nearest Neighbor

ML Machine Learning

OPM U.S. Office of Personnel Management

PCA Principal Component Analysis

RF Random Forest

RFE Recursive Feature Elimination

SMOTE Synthetic Minority Oversampling Technique
STEM Science, Technology, Engineering, and Mathematics
SVM Support Vector Machine

USIA U.S. Information Agency

Xvil



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- A federal employee serving under a career appointment in the

Conditional competitive service who has not yet completed the three-year

Employee probationary period.

Destination An employer viewed by potential and current employees as a

Employer desirable place to work for career development, compensation, or
other perceived benefits.

Employee The event of an employee leaving one job for another within the

Migration same organization.

Employee A voluntary action in which an employee leaves their employer.

Resignation

Employee An action taken by an employer to end an employee’s employment

Termination 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 Refers to employees who are non-White or Hispanic.

Minority

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

Retirement The date when a federal civil service employee has accrued

Eligibility Date sufficient service time and met the age requirements to become
eligible for a retirement annuity.

Rotational Temporary assignments that enable employees to gain experience or

Assignment strengthen their skillsets and then return to their original position

within an organization.
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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 A state of equilibrium in which the demands of work life and
Balance personal life are equal.

XX



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 (Ilammartino 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-



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



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



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



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.
14 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 (lammartino 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.



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.



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.



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.



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.



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).
23 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).

24 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).
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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

Ilammartino 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 (lammartino 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

20



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 (Yiicel, 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 Naive Bayes

Naive Bayes algorithms, based on Bayes’ theorem, are simple and efficient
probabilistic classifiers (Ekawati, 2019). Ekawati (2019) was successful in utilizing the
naive Bayes model to accurately predict churn (turnover) and non-churn (no turnover)
using employee records. Naive Bayes works more effectively under the assumption that
the model features are independent of each other (Pratt et al., 2021). Moreover, a naive
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 naive 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:

__ Number of employees who left during a time period

Attrition Rate x 100

Number of employees at beginning of time period

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 Jo.b Occupational Title Number of
Category Series 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
General Natural Resources
Science 0401  Management and Biological 3
Sciences
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
Information Technology

Technology 2210 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.

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

e 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.

e 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
.. . Captured any attrition actions Stayed = 0,
TG M etz and converted to binary Attritted = 1
. Affixed bureau FEVS scores
Bureau Categorical and removed this data field N/A
Converted categorical labels of e
Disability Status Categorical “disabled” and “no disability N.O dlggb111_ty =0,
) o 19 ) Disability = 1
identified” to binary
No college degree =0,
Consolidated education codes ii?:rcﬁiéeugaet: dle, ree =
Education Level Numeric to capture attainment of an 5 £ &
academic degree oraduate degree = 3,
doctoral degree = 4
BB IEiaes Numeric None Continuous value
Engagement: Leaders
FEVS - Employee
Engagement: Numeric None Continuous value
Supervisors
FEVS - Employee
Engag;ment: Numeric None Continuous value
Intrinsic Work
Experience
FEVS - Global Numeric  None Continuous value
Satisfaction Index
Binary encoded the job series to
Job Series Numeric Its respective SILEI B Binary value
(science, technology,
engineering, or mathematics)
. . Converted categorical labels of . _ C
Marital Status Categorical “M>” and “S” to binary Single = 0, Married = 1
Converted categorical labels of Non-minority = 0
Minority Status Categorical “minority” and “non-minority” y=5

to binary
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Pay Grade

Pay Step

Sex

Supervisory Status

Veteran Status

Years in Assignment
Years in Pay Grade
Years of Government
Service

Years Until
Retirement Eligible
Years with Agency

Numeric

Numeric

Categorical

Numeric

Categorical

Numeric
Numeric

Numeric

Numeric

Numeric

Utilized agency’s civil service
equivalent class codes

None
Converted categorical labels of
“F” and “M” to binary

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

Converted categorical labels of
“veteran” and ‘“non-veteran” to
binary

None

None

None

None

None

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

0-10
Male = 0, Female =1

Non-supervisors = 0,
Supervisors =1

Non-veteran = 0,
Veteran =1

Continuous value
Continuous value

Continuous value

Continuous value

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.
33 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.
34 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:
e AdaBoost using the scikit-learn AdaBoostClassifier code.
e Bagging classifier using the scikit-learn BaggingClassifier code.
e Decision tree using the scikit-learn DecisionTreeClassifier code.
e Extra trees using the scikit-learn ExtraTreesClassifier code.
e Gaussian process using the scikit-learn GaussianProcessClassifier code.
e (Gradient boosting using the scikit-learn GradientBoostingClassifier code.
e Histogram-based gradient boosting using the scikit-learn
HistGradientBoostingClassifier code.
e K-nearest neighbor using the scikit-learn KNeighborsClassifier code.
e Discriminant analysis using the using the scikit-learn
LinearDiscriminantAnalysis and QuadraticDiscriminantAnalysis codes.
e Logistic regression using the scikit-learn LogisticRegression code.
e Multilayer perceptron using the scikit-learn MLPClassifier code.
e Naive Bayes (Gaussian) using the scikit-learn GaussianNB code.
e Passive aggressive classifier using the scikit-learn
PassiveAggressiveClassifier code.
e Perceptron using the scikit-learn Perceptron code.
e RF using the scikit-learn RandomForestClassifier code.
¢ Ridge using the scikit-learn RidgeClassifier code.

e Stochastic gradient descent using the scikit-learn SGDClassifier code.
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e 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.

TP FP

Stay

Actual

FN TN

Leave

Stay Leave
Predicted

Figure 1: Confusion Matrix

In addition to the confusion matrix, the following performance metrics were also
utilized:
e Accuracy (Training). Equation 2 provides the formula for calculating the

accuracy of the trained model.

TP+TN
TP + FP + TN + FN

Accuracy =

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.

TP

Precision = ——
TP + FP

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.

TP
TP + FN

Recall =
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.

2 x Precision x Recall

F1 Score =

Precision + Recall

Equation 5: FI 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.

e 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.
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Figure 3: Disability Status of STEM Workforce

e 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%.
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Figure 4: Education Level of STEM Workforce

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

workforce, where 62.6% of the employees were married.

Attrition Status
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Marital Status

Figure 5: Marital Status of STEM Workforce
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e 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.
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Figure 6: Racial/Ethnic Minority Status of STEM Workforce

e 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

e Pay Step. Figure 8 displays a normal distribution of pay steps.
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Figure 8: Pay Step Distribution of STEM Workforce

e 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.
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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.
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Figure 11: Years in Assignment Distribution of STEM Workforce

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

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

had a positively skewed distribution.
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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 Retivement Eligibility Distribution of STEM Workforce
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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.
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Figure 16: Years with Agency of STEM Workforce
e Military Veteran Status. Within the total population, 21.4% and 78.6% of

individuals were military veterans and non-veterans, respectively (Figure 17).
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Figure 17: Military Veteran Status of STEM Workforce
e FEVS: Employee Engagement (Leaders Lead). Figure 18 shows a normal

distribution of FEVS scores for the leaders lead category.
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Figure 18: FEVS Employee Engagement (Leaders Lead) Score Distribution
e 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
e FEVS: Employee Engagement (Intrinsic Work Experience). Figure 20
illustrates the distribution of employee engagement (intrinsic work

experience).

700 A
Attrition Status

E Left
@ Stayed

B00 4

500 1

400 4

Count
|

300 1

200 1

100 +

0 T T T | _qj_
050 055 080 065 070 075 080 085 090
FEWS Employes Engagement (Intrinsic Work Experience) Scare

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

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.

Recursive Feature Elimination
with correlated features

01950 1
01945 1
01940 1

0.935 - ™~

01930

Mean test accuracy

01925 1

0920 4

T T T T
g 10 12 14 16 13 20 22
Mumber of features selected

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%).
AdaBoost
500 Stay Leave
- Precision  0.8853 0.9505
_ﬁ 400 Recall 09629  0.8508
©
§ -300 Fl Score  0.9225 0.8979
0 - 200 Accuracy - Trammg  0.9157
3 4 Accuracy - Testmg 09118
- -100

Stay Leave
Predicted

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.

56



Bagging Classifier

Stay Leave
500 —
g Precision  0.9128 0.9843
B 400 Recall 09882  0.8871
)
§ - 300 F1 Score  0.9490 0.9332
0 200 Accuracy - Trammg  0.9963
o Accuracy - Testin 0.9421
S -100 Y &

Stay Leave
Predicted

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.

Decision Tree
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Stay Leave
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-100

Leave
Predicted

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.
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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.
Gradient Boosting
Stay Leave
500 —

g 584 9 Precision  0.9139 0.9800
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- -100
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Predicted

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.

Histogram-Based Gradient Boosting

00 Stav Lezave
%‘ 5 Precizion 09102 (9887
_ ot Recall 09916 08331
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& 438 . Tt i
g 100 Accuracy - Testing 00421

Stay Leave
Pradicted

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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K-Nearest Neighbor

400 Stay Leave
g 427 166 250 Precision  0.6345 0.6019
_ Recall  0.7201 0.5060
©
§ - 300 F1Score 0.6751 0.5498
0 - 950 Accuracy - Traming  0.7020
S 245 251 Accuracy - Testing  0.6226
- - 200
Stay Leave
Predicted

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.

Linear Discriminant Analysis
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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%).
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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

setto 0.1.
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Multi-Layer Perceptron
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Figure 33: Multilayer Perceptron Model Performance

4.5.12 Naive Bayes

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

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

performance metrics of the Gaussian model.
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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).
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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.

Perceptron
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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).
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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.

Random Forest
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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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Ridge Classifier
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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.
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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.
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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.
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Model Accuracy

Extra Trees I 95.13%
Histogram-Gradient Boosting I 94.21%
Bagging Classifier I 94.21%
Gradient Boosting I 94.12%
AdaBoost I 91.18%
Decision Tree I 89.62%
Random Forest I 88.52%
Quadratic Discriminant Analysis I 83.01%
Support Vector Machine (Linear) NS 81.08%
Multi-layer Perceptron I 79.34%
Logistic Regression I 79.34%
Ridge N 78.33%
Linear Discriminant Analysis . 77.69%
Naive Bayes (Gaussian) N 74.56%
Stochastic Gradient Descent I 69.61%
K-Nearest Neighbor I 62.26%
Gaussian Process I 60.88%
Perceptron I 59.60%
Passive Aggressive NI 56.66%

0% 20% 40% 60% 80% 100%

Figure 42: Comparison of Model Accuracy
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Model Precision
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Figure 43: Comparison of Model Precision



Model Recall
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Figure 44: Comparison of Model Recall



Model F1 Score
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Figure 45: Comparison of Model F1 Score



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.
53 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.

77



References

Afifi, S. S. (1991). Factors affecting professional employee retention. Journal of
Management in Engineering, 7(2), 187-202. 10.1061/(ASCE)9742-
597X(1991)7:2(187)

Al-Darraji, S., Honi, D. G., Fallucchi, F., Abdulsada, A. 1., Giuliano, R., & Abdulmalik,
H. A. (2021). Employee attrition prediction using deep neural
networks. Computers (Basel), 10(11), 141. 10.3390/computers10110141

Ali, A. B. W. (2021). Prediction of employee turn over using random forest classifier with
intensive optimized PCA algorithm. Wireless Personal Communications, 119(4),
3365-3382. 10.1007/s11277-021-08408-0

Alsshehhi, K., Zawbaa, S. B., Abonamah, A. A., & Tariq, M. U. (2021). Machine learning
pipeline for reusing pretrained models. Academy of Entrepreneurship
Journal, 27(S2). Print.

Bird, S. R., & Rhoton, L. A. (2021). Seeing isn’t always believing: Gender, academic
STEM, and women scientists’ perceptions of career opportunities. Gender &
Society, 35(3), 422-448. 10.1177/08912432211008814

Bamberger, P. A., & Bacharach, S. B. (2014). Predicting retirement upon eligibility: An
embeddedness perspective. Human Resource Management, 53(1), 1-22.
10.1002/hrm.21548

Cheng, M. M., & Hackett, R. D. (2021). A critical review of algorithms in HRM:
Definition, theory, and practice. Human Resource Management Review, 31(1),

100698. 10.1016/3.hrmr.2019.100698

78



De Winne, S., Marescaux, E., Sels, L., Van Beveren, 1., & Vanormelingen, S. (2019). The
impact of employee turnover and turnover volatility on labor productivity: a
flexible non-linear approach. International Journal of Human Resource
Management, 30(21), 3049-3079. 10.1080/09585192.2018.1449129

Dixon, G., Mercado, A., & Knowles, B. (2013). Followers and generations in the
workplace. Engineering Management Journal, 25(4), 62-72.
10.1080/10429247.2013.11431996

Eberhardt, B. J., Pooyan, A., & Moser, S. B. (1995). Moderators of the relationship
between job satisfaction and nurses’ intention to quit. International Journal of
Organizational Analysis, 3(4), 394-406. 10.1108/eb028838

Ekawati, A. D. (2019). Predictive analytics in employee churn: A systematic literature
review. Academy of Information and Management Sciences, 22(4), 387-

397. http://proxyew.wrlc.org/login?url=https://www.proquest.com/scholarly-

journals/predictive-analytics-employee-churn-

systematic/docview/2424960649/se-2?accountid=11243

El-Rayes, N., Fang, M., Smith, M., & Taylor, S. M. (2020). Predicting employee attrition
using tree-based models. International Journal of Organizational Analysis, 28(6),
1273-1291. 10.1108/1JOA-10-2019-1903

Ertas, N. (2015). Turnover intentions and work motivations of millennial employees in
federal service. Public Personnel Management, 44(3), 401-423.

10.1177/0091026015588193

79


http://proxygw.wrlc.org/login?url=https://www.proquest.com/scholarly-journals/predictive-analytics-employee-churn-systematic/docview/2424960649/se-2?accountid=11243
http://proxygw.wrlc.org/login?url=https://www.proquest.com/scholarly-journals/predictive-analytics-employee-churn-systematic/docview/2424960649/se-2?accountid=11243
http://proxygw.wrlc.org/login?url=https://www.proquest.com/scholarly-journals/predictive-analytics-employee-churn-systematic/docview/2424960649/se-2?accountid=11243

Fallucchi, F., Coladangelo, M., Giuliano, R., & De Luca, E. W. (2020). Predicting
employee attrition using machine learning techniques. Computers (Basel), 9(86).
10.3390/computers9040086

Fletcher, L., Alfes, K., & Robinson, D. (2018). The relationship between perceived
training and development and employee retention: The mediating role of work
attitudes. International Journal of Human Resource Management, 29(18), 2701-
2728.10.1080/09585192.2016.1262888

Gao, X., Wen, J., & Zhang, C. (2019). An improved random forest algorithm for
predicting employee turnover. Mathematical Problems in Engineering, 2019, 1-
12.10.1155/2019/4140707

GAO-18-175. (2018). Urgent need for DHS to take actions to identify its position and
critical skill requirements. U.S. Government Accountability Office.

https://www.gao.gov/assets/gao-18-175.pdf

GAO-18-533. (2018). A workforce strategy and evaluation of results could improve use
of rotating scientists, engineers, and educators. U.S. Government Accountability

Office. https://www.gao.gov/assets/gao-18-533.pdf

GAO-19-181. (2019). Talent management strategies for agencies to better meet their
missions. U.S. Government Accountability Office.

https://www.gao.gov/assets/gao-19-181.pdf

GAO-19-696T. (2019). Improving federal recruiting and hiring efforts. U.S. Government

Accountability Office. https://www.gao.gov/assets/gao-19-696t.pdf

80


https://www.gao.gov/assets/gao-18-175.pdf
https://www.gao.gov/assets/gao-18-533.pdf
https://www.gao.gov/assets/gao-19-181.pdf
https://www.gao.gov/assets/gao-19-696t.pdf

GAO-20-531R. (2020). Biomedical research HHS has not yet used new authorities to
improve recruitment and retention of scientists. U.S. Government Accountability

Office. https://www.gao.gov/assets/gao-20-53 1r.pdf

GAO-22-105932. (2022). Additional actions needed to address IT workforce challenges.

U.S. Government Accountability Office. https://www.gao.gov/assets/gao-22-

105932.pdf

Griffeth, R. W., Hom, P. W., & Gaertner, S. (2000). A meta-analysis of antecedents and
correlates of employee turnover: Update, moderator tests, and research
implications for the next millennium. Journal of Management, 26(3), 463-488.
10.1177/014920630002600305

Grissom, J. A., Viano, S. L., & Selin, J. L. (2016). Understanding employee turnover in
the public sector: Insights from research on teacher mobility. Public
Administration Review, 76(2), 241-251. 10.1111/puar.12435

Groeneveld, S. (2011). Diversity and employee turnover in the Dutch public sector. The
International Journal of Public Sector Management, 24(6), 594-612.
10.1108/09513551111163675

Hofaidhllaoui, M., & Chhinzer, N. (2014). The relationship between satisfaction and
turnover intentions for knowledge workers. Engineering Management
Journal, 26(2), 3-9. 10.1080/10429247.2014.11432006

Humphrey, W. S. (2001). Engineers will tolerate a lot of abuse. IEEE Software, 18(5), 13-
15. DOI:10.1109/52.951487

lammartino, R., Bischoff, J., Willy, C., & Shapiro, P. (2016). Emergence in the U.S.

science, technology, engineering, and mathematics (STEM) workforce: An agent-

81


https://www.gao.gov/assets/gao-20-531r.pdf
https://www.gao.gov/assets/gao-22-105932.pdf
https://www.gao.gov/assets/gao-22-105932.pdf

based model of worker attrition and group size in high-density STEM
organizations. Complex and Intelligent Systems, 2(1), 23-34. 10.1007/s40747-016-
0015-7

Kang, I. G., Croft, B., & Bichelmeyer, B. A. (2021). Predictors of turnover intention in
U.S. federal government workforce: Machine learning evidence that perceived
comprehensive HR practices predict turnover intention. Public Personnel
Management, 50(4), 538-558. 10.1177/0091026020977562

Kennedy, D. A. (2009). Best before forty: The shelf life of an engineer. Engineering
Management Journal, 21(1), 19-26. 10.1080/10429247.2009.11431794

Kim, S., & Min Park, S. (2014). Determinants of job satisfaction and turnover intentions
of public employees: Evidence from US federal agencies. International Review of
Public Administration, 19(1), 63-90. 10.1080/12294659.2014.887354

Krau, E. (1981). Turnover analysis and prediction from a career developmental point of
view. Personnel Psychology, 34(4), 771-790. 10.1111/;.1744-
6570.1981.tb01429.x

Lee, G. R., Fernandez, S., & Lee, S. (2021). An overlooked cost of contracting out:
Evidence from employee turnover intention in U.S. federal agencies. Public
Personnel Management, 50(3), 381-407. 10.1177/0091026020944558

Lee, T. W., Hom, P. W., Eberly, M. B., & Mitchell, T. R. (2017). On the next decade of
research in voluntary employee turnover. Academy of Management
Perspectives, 31(3), 201-221. 10.5465/amp.2016.0123

Levenson, A., & Fink, A. (2017). Human capital analytics: too much data and analysis,

not enough models and business insights. Journal of Organizational

82



Effectiveness: People and Performance, 4(2), 145-156. 10.1108/JOEPP-03-2017-
0029

Lum, L., Kervin, J., Clark, K., Reid, F., & Sirola, W. (1998). Explaining nursing turnover
intent: job satisfaction, pay satisfaction, or organizational commitment? Journal
of Organizational Behavior, 19(3), 305-320. 10.1002/(SICI)1099-
1379(199805)19:3

Mansor, N., Sani, N. S., & Aliff, M. (2021). Machine learning for predicting employee
attrition. International Journal of Advanced Computer Science and
Applications, 12(11), 435-445. 10.14569/1JACSA.2021.0121149

Marler, J. H., & Boudreau, J. W. (2017). An evidence-based review of HR
analytics. International Journal of Human Resource Management, 28(1), 3-26.
10.1080/09585192.2016.1244699

Maurer, C. C., & Qureshi, I. (2021). Not just good for her: A temporal analysis of the
dynamic relationship between representation of women and collective employee
turnover. Organization Studies, 42(1), 85-107. 10.1177/0170840619875480

Maurer, J. A., Choi, D., & Hur, H. (2021). Building a diverse engineering and
construction industry: Public and private sector retention of women in the civil
engineering workforce. Journal of Management in Engineering, 37(4), 04021028.
10.1061/(ASCE)ME.1943-5479.0000913

Meyer, J. P., Morin, A. J., & Wasti, S. A. (2018). Employee commitment before and after
an economic crisis: A stringent test of profile similarity. Human Relations (New

York), 71(9), 1204-1233. 10.1177/0018726717739097

83



Minbaeva, D., & Collings, D. G. (2013). Seven myths of global talent
management. International Journal of Human Resource Management, 24(9),
1762-1776. 10.1080/09585192.2013.777539

Mitchell, T. R., Holtom, B. C., Lee, T. W., Sablynski, C. J., & Erez, M. (2001). Why
people stay: Using job embeddedness to predict voluntary turnover. Academy of
Management Journal, 44(6), 1102-1121. 10.5465/3069391

Najafi-Zangeneh, S., Shams-Gharneh, N., Arjomandi-Nezhad, A., & Hashemkhani
Zolfani, S. (2021). An improved machine learning-based employees attrition
prediction framework with emphasis on feature selection. Mathematics
(Basel), 9(11), 1226. 10.3390/math9111226

Nelissen, J., Forrier, A., & Verbruggen, M. (2017). Employee development and voluntary
turnover: Testing the employability paradox. Human Resource Management
Journal, 27(1), 152-168. 10.1111/1748-8583.12136

Ng, T. W. H., & Feldman, D. C. (2009). Re-examining the relationship between age and
voluntary turnover. Journal of Vocational Behavior, 74(3), 283-294.
10.1016/j.jvb.2009.01.004

Nocker, M., & Sena, V. (2019). Big data and human resources management: The rise of
talent analytics. Social Sciences, §(10), 273. 10.3390/socsci8100273

Pitts, D., Marvel, J., & Fernandez. (2011). So hard to say goodbye? Turnover intention
among U.S. federal employees. Public Administration Review, 71(5), 751-760.

10.1111/5.1540-6210.2011.02414.x

84



Pratt, M., Boudhane, M., & Cakula, S. (2021). Employee attrition estimation using
random forest algorithm. Baltic Journal of Modern Computing, 9(1), 49-66.
10.22364/bjmc.2021.9.1.04

Raman, R., Bhattacharya, S., & Pramod, D. (2019). Predict employee attrition by using
predictive analytics. Benchmarking: An International Journal, 26(1), 2-18.
10.1108/B1J-03-2018-0083

Resh, W., Moldogaziev, T., Fernandez, S., & Leslie, C. A. (2021). Reversing the lens:
Assessing the use of federal employee viewpoint survey in public administration
research. Review of Public Personnel Administration, 41(1), 132-162.
10.1177/0734371X19865012

Rombaut, E., & Guerry, M. (2018). Predicting voluntary turnover through human
resources database analysis. Management Research Review, 41(1), 96-112.
10.1108/MRR-04-2017-0098

Ruel, S. (2018). The “silent killers” of a STEM-professional woman’s career. Equality,
Diversity and Inclusion: An International Journal, 37(7), 728-748. 10.1108/EDI-
08-2017-0168

Singh, R. (2019). Developing organisational embeddedness: Employee personality and
social networking. International Journal of Human Resource
Management, 30(16), 2445-2464. 10.1080/09585192.2017.1326396

Singh, R., Zhang, Y., Wan, M., & Fouad, N. A. (2018). Why do women engineers leave
the engineering profession? The roles of work—family conflict, occupational
commitment, and perceived organizational support. Human Resource

Management, 57(4), 901-914. 10.1002/hrm.21900

85



Skelton, A. R. (2020). Predicting manufacturing employee turnover intentions. Journal of
Economics, Finance and Administrative Science, 25(49), 101-117.
10.1108/JEFAS-07-2018-0069

Skrentny, J. D., & Lewis, K. (2021). Beyond the “STEM pipeline”: Expertise, careers,
and lifelong learning. Minerva (London), 60(1), 1-28. 10.1007/s11024-021-
09445-6

Speer, A. B., Dutta, S., Chen, M., & Trussell, G. (2019). Here to stay or go? Connecting
turnover research to applied attrition modeling. Industrial and Organizational
Psychology, 12(3),277-301. 10.1017/i0p.2019.22

Speer, A. B. (2021). Empirical attrition modelling and discrimination: Balancing validity
and group diftferences. Human Resource Management Journal, 1-19.
10.1111/1748-8583.12355

Stovel, M., & Bontis, N. (2002). Voluntary turnover: Knowledge management - Friend or
foe? Journal of Intellectual Capital, 3(3), 303-322. 10.1108/14691930210435633

Thompson, J. R., & Siciliano, M. D. (2021). The “levels” problem in assessing
organizational climate: Evidence from the Federal Employee Viewpoint Survey.
Public Personnel Management, 50(1), 133-156. 10.1177/0091026020917710

Valcour, P. M., & Tolbert, P. (2003). Gender, family and career in the era of
boundarylessness: Determinants and effects of intra- and inter-organizational
mobility. International Journal of Human Resource Management, 14(5), 768-787.

10.1080/0958519032000080794

86



Venkatesh, B., & Anuradha, J. (2019). A review of feature selection and its
methods. Cybernetics and Information Technologies: CIT, 19(1), 3-26.
10.2478/cait-2019-0001

Wang, T. K., & Brower, R. (2019). Job satisfaction among federal employees: The role of
employee interaction with work environment. Public Personnel
Management, 48(1), 3-26. 10.1177/0091026018782999

Wang, X., & Armstrong, A. (2004). An empirical study of PM professionals’ commitment
to their profession and employing organizations. International Journal of Project
Management, 22, 377-386. 10.1016/j.ijproman.2003.09.004

Wang, X., & Zhi, J. (2021). A machine learning-based analytical framework for employee
turnover prediction. Journal of Management Analytics, 8(3), 351-370.
10.1080/23270012.2021.1961318

Wang, Y., Hu, N., Zuo, J., & Rameezdeen, R. (2012). Project management personnel
turnover in public sector construction organizations in China. Journal of
Management in Engineering, 36(2). 10.1061/(asce)me.1943-5479.0000735

Wang, Z., Wu, C., Zheng, K., Niu, X., & Wang, X. (2019). SMOTETomek-based
resampling for personality recognition. IEEE Access, 7, 129678-129689.
10.1109/ACCESS.2019.2940061

Wright, E. S. (2021). The effects of organizational culture on employee
turnover. Performance Improvement Quarterly, 34(3), 303-319.

10.1002/piq.21372

87



Wynen, J., & Op de Beeck, S. (2014). The impact of the financial and economic crisis on
turnover intention in the U.S. federal government. Public Personnel
Management, 43(4), 565-585. 10.1177/0091026014537043

Yahia, N. B., Hlel, J., & Colomo-Palacios, R. (2021). From big data to deep data to
support people analytics for employee attrition prediction. /[EEE Access, 9, 60447-
60458. 10.1109/ACCESS.2021.3074559

Yamamoto, H. (2011). The relationship between employee benefit management and
employee retention. International Journal of Human Resource
Management, 22(17), 3550-3564. 10.1080/09585192.2011.560871

Yuan, S., Kroon, B., & Kramer, A. (2021). Building prediction models with grouped data:
A case study on the prediction of turnover intention. Human Resource
Management Journal. 10.1111/1748-8583.12396

Yiicel, I. (2021). Transformational leadership and turnover intentions. Administrative
Sciences, 11(81). 10.3390/admscil11030081

Zhu, X., Seaver, W., Sawhney, R., Ji, S., Holt, B., Sanil, G. B., & Upreti, G. (2017).
Employee turnover forecasting for human resource management based on time
series analysis. Journal of Applied Statistics, 44(8), 1421-1440.

10.1080/02664763.2016.1214242

88



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
g;(;eilrllggiene;ng and Biomedical 0358 e
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
G N oo Mmeement | ot s
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

In [7]: dimport pandas as pd
import numpy as np
df = pd.read_csv{"PRAXIS _STEM 34.csv™)
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model_selection import Stratifiedshufflesplit
X = df.drop(["ATT"'], axis="columns')
y = df['ATT"]
splitter=5tratifiedShuffleSplit(n_splits=1,random_state=42, test_size=0.28)
for train,test in splitter.split(X,y):
X _train = X.iloc[train]
y_train = y.iloc[train]
¥_test = X.iloc[test]
y_test = y.iloc[test]

In [8]: print{y_train.value_counts())

a 2372
1 1381
Mame: ATT, dtype: intss

In [9]: print(y_test.value_counts())

a 593
1 494
Mame: ATT, dtype: intss

In [12]: round(1981/4353,4)

Out[l@]: @.4551

In [11]: round(496/1889,4)

Out[11]: @.4555
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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

In [1]: from sklearn.feature_selection import RFECV
from sklearn.model selection import StratifiedKFold
from sklearn.ensemble import RandomForestClassifier
import matplotlib.pyplot as plt
rf_clf = RandomForestClassifier()
cv = StratifiedKFold(s)
rfecv = RFECV(
estimator=rf_clf,
step=1,
CV=CV,
scoring="accuracy",
min_features_to_select=7,
n_jobs=2)
import pandas as pd
import numpy as np
df = pd.read_csv("PRAXIS STEM_3@8.csv")
from sklearn.model selection import StratifiedShufflesplit
X = df .drep(['ATT"], axis='columns')
y = df["ATT"]
splitter=StratifiedShufflesplit(n_splits=1,random_state=42, test size=0.20)
for train,test in splitter.split(x,y):
X _train = X.iloc[train]
y_train = y.iloc[train]
X_test = X.iloc[test]
y_test = y.iloc[test]
rfecv.fit(¥_train, y_train)
print(f"Optimal number of features: {rfecv.n_features_}")

Optimal number of features: 9

In [2]: |n_scores = len({rfecv.cv_results ["mean_test_score"])
plt.figure()
plt.xlabel{"Number of features selected™)
plt.ylabel{"Mean test accuracy™)
plt.errorbar(
range(7, n_scores + 7),
rfecv.cv_results ["mean_test_score™],
yerr=rfecv.cv_results ["std_test_score™])
plt.title("Recursive Feature Elimination ‘nwith correlated features™)
plt.show()
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In [2]: |n_scores = len(rfecv.cv_results ["mean_test score"])

plt.figure()

plt.xlabel("Number of features selected™)

plt.ylabel({"Mean test accuracy")

plt.errorbar(
range(7, n_scores + 7),
rfecv.cv_results_["mean_test_score™],
yerr=rfecv.cv_results [“std test score™])

plt.title("Recursive Feature Elimination ‘\nwith correlated features™)

plt.show()

Recursive Feature Elimination
with correlated features

0.950 4

0.945

:

0935 1

Mean test accuracy

0.930 1

0925 1

B 10 12 14 16 18 20 22
Number of features selected

In [23]: | rfecv.get_feature_names_out()

Out[3]: array(['YIG', 'VWA', 'YGS', 'YRE', 'AGE', 'EEL', 'EES', 'EEW', 'GSI'],
dtype=object)
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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

In [1]: import pandas as pd
import numpy as np
df = pd.read_csv({"PRAXIS STEM 34.csv"
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.ensemble import AdaBoostClassifier
X = df.drop(["ATT'], axis="columns')
y = df['aTT"]
splitter=5tratifiedShufflesplit(n_splits=1,random_state=42, test_size=0.28)
for train,test in splitter.split(X,y):
¥X_train = X.iloc[train]
y_train = y.iloc[train]
X _test = X.iloc[test]
y_test = y.iloc[test]
ab_clf = AdaBoostClassifier(learning_rate=1.5,
n_estimators=75,
random_state=42)
ab_clf.fit(X_train, y_train)
y_pred_ab = ab_clf.predict{X_test)
cf_matrix = confusion_matrix{y_test, y_pred_ab)
print(cf_matrix)
from sklearn.metrics import classification_report
print{classification_report(y_test, y_pred _ab, digits=4))

[[571 22]
[ 74 422]]
precision recall fl-score  support
e &.8353 8.9629 B.9225 593
1 @.9585 2.8503 @.8979 496
accuracy @.91138 legs
macro avg a.9179 a.988% @.91az2 1239
weighted avg a.9158 8.9115 8.9113 1legs
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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

In [1]: import pandas as pd
import numpy as np
df = pd.read_csv("PRAXIS STEM 34.csv"
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.ensemble import BaggingClassifier
X = df.drop(["ATT'], axis="columns')
y = df["aTT"]
splitter=5tratifiedShuffleSplit(n_splits=1,random_state=42, test_size=0.20)
for train,test in splitter.split(X,y):
X_train = X.iloc[train]
y_train = y.iloc[train]
X _test = X.iloc[test]
y_test = y.iloc[test]
bc_clf = BaggingClassifier(n_estimators=28,
bootstrap_features=True,
random_state=42)
bc_clf.fit(X_train, y_train)
y_pred_bc = bc_clf.predict(X_test)
cf matrix = confusion_matrix(y_test, y_pred_bc)
print{cf_matrix)
from sklearn.metrics import classification_report
print(classification_report(y_test, y_pred bc, digits=4))

[[5838 7]
[ 56 448]]

precision recall fl-score  support
@ @.9128 @.9882 @.9498 593
1 &.9843 8.8871 @.9332 496
accuracy 2.9421 less
macro avg @.2488 8.9376 2.9411 less
weighted avg @.59454 @.9421 2.94135 less
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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

In [2]: import pandas as pd
import numpy as np
df = pd.read_csv("PRAXIS_STEM 34.csv™
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model _selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.tree import DecisionTreeClassifier
X = df.drop(["ATT'], axis="columns')
y = df['ATT"]
splitter=5tratifiedShufflesplit(n_splits=1,random_state=42, test_size=0.28)
for train,test in splitter.split(X,y):
¥_train = X.iloc[train]
y_train = y.iloc[train]
X_test = X.iloc[test]
y_test = y.iloc[test]
dt_clf = DecisionTreeClassifier(class_weight="balanced', criterion="entropy’,
random_state=42, splitter='random®)
dt_clf.fit(X _train, y_train)
y_pred_dt = dt_clf.predict(X_test)
cf_matrix = confusion_matrix({y_test, y pred dt)
print(cf_matrix)
from sklearn.metrics import classification_report
print(classification_report(y_test, y _pred_dt, digits=4))

[[531 &2]
[ 51 445]]
precision recall fl-score  support
@ @.9124 @.8954 2.9838 5893
1 a.8777 @.8972 @.8873 496
accuracy @.89682 1lags
macro avg a.8958 8.8963 2.8956 1285
weighted avg @.8966 @.8982 @.8983 1legs
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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

In [1]: import pandas as pd
import numpy as np
df = pd.read_csv({"PRAXIS STEM_34.csv")
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model_selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.ensemble import ExtraTreesClassifier
¥ = df.drop([ 'ATT"], axis='columns")
y = df["ATT"]
splitter=Stratifiedshufflesplit(n_splits=1,random_state=42, test_size=8.28)
for train,test in splitter.split(X,y):
X_train = X.iloc[train]
y_train = y.iloc[train]
X _test = X.iloc[test]
y_test = y.iloc[test]
et_clf = ExtraTreesClassifier(bootstrap=True,
criterion="entropy"’,
max_features=None,
min_samples leaf=2,
n_estimators=25@,
random_state=42)
et_clf.fit(X train, y_train)
y_pred et = et_clf.predict(X_test)
cf_matrix = confusion_matrix(y_ test, y_pred_et)
print{cf_matrix)
from sklearn.metrics import classification_report
print{classification_report(y_test, y_pred_et, digits=4))

[[592 1]
[ 52 444]]
precision recall fl-score  support
5] 8.9193 @.9983 @.9572 593
1 B8.9978 @.8952 @.2437 4396
accuracy @.9513 lage
macro avg 2.9585 a.594587 a.2504 lags
weighted avg 8.9558 2.9513 @.9518 1889
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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

In [1]: dimport pandas as pd
import numpy as np
df = pd.read_csv{"PRAXIS STEM 34.csv")
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.gaussian_process import GaussianProcessClassifier
X = df.drop(['ATT"], axis="columns')
y = df["ATT"]
cplitter=StratifiedShuffleSplit{n_splits=1,random_state=42, test size=0.28)
for train,test in splitter.split(X,y):
X_train = X.iloc[train]
y_train = y.iloc[train]
X_test = X.iloc[test]
y_test = y.iloc[test]
gp_clf = GaussianProcessClassifier()
gp_clf.fit(X_train, y_train)
y_pred_gp = gp_clf.predict(X_test)
cf _matrix = confusion_matrix(y_test, y_pred_gp)
print{cf_matrix)
from sklearn.metrics import classification_report
print{classification_report(y_test, y_pred gp, digits=4))

[[480 193]
[232 283]]
precision recall fl-score  support
& a.631% a.8745 B.6525 593
1 a.57638 a.53a82 @.5525 49a
accuracy @.5ass lags
macro avg @.5843 a.8824 @.5a25 lags
welghted avg a. 6068 a.0888 &.eaeve 1289
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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

In [1]: import pandas as pd
import numpy as np
df = pd.read_csv("PRAXIS_STEM 34.csv")
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.ensemble import GradientBoostingClassifier
X = df.drop(['ATT"], axis='columns"}
y = df["ATT"]
splitter=StratifiedShufflesplit({n_splits=1,random_state=42, test size=9.28)
for train,test in splitter.split(X,y):
X_train = X.iloc[train]
y_train = y.iloc[train]
X_test = X.iloc[test]
y_test = y.iloc[test]
gh_clf = GradientBoostingClassifier(criterion="squared_error’,
init="zero',
max_depth=None,
max_features="log2",
min_samples leaf=2,
validation_fraction=28.5,
random_state=42)
gh_clf.fit(X_train, y_train)
y_pred_gb = gb_clf.predict(X_test)
cf_matrix = confusion_matrix(y test, y_pred gb)
print{cf_matrix)
from sklearn.metrics import classification_report
print{classification_report(y_test, y pred gb, digits=4))

[[584 2]
[ 55 441]]
precision recall fl-score  support
a @.9139 @.9843 @.2481 593
1 @.988a @.8891 @.9323 435
accuracy a.2412 lagg
macro avg @.947a @.9378 a.2482 lagg
weighted avg 2.9448 2.9412 @.348% las8%
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Histogram-based gradient boosting: https://scikit-
learn.org/stable/modules/generated/sklearn.ensemble.HistGradientBoostingClassifier.htm
I#sklearn.ensemble.HistGradientBoostingClassifier

Figure 54: Histogram-Based Gradient Boosting Code and Output

In [1]: dimport pandas as pd

import numpy as np
df = pd.read_csv("PRAXIS STEM 34.csv”
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model_selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.ensemble import HistGradientBoostingClassifier
X = df.drop{["ATT'], axis="columns')
y = df[ "ATT"]
splitter=StratifiedShufflesplit(n_splits=1,random_state=42, test size=08.28)
for train,test in splitter.split(X,y):

X_train = X.iloc[train]

y_train = y.iloc[train]

X_test = X.iloc[test]

y_test = y.iloc[test]
hb_clf = HistGradientBoostingClassifier({min_samples_leaf=18)
hb_clf.fit(X_train, y_traim)
y_pred_hb = hb_clf.predict(X_test)
cf_matrix = confusion_matrix(y_test, y_pred_hb)
print(cf_matrix)
from sklearn.metrics import classification_report
print(classification_report(y_test, y_pred_hb, digits=4))

[[588 5]
[ 58 438]]

precision recall fl-score  support
2 a.21e2 8.9%91s 2.9452 593
1 a.9887 @.8831 2.9329 49
accuracy @.9421 1ess
macro avg @.9435 @.9373 @.941a 1ess
welghted avg @ . 5468 @.9421 2.9418 1889
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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

In [1]: import pandas as pd

import numpy as np
df = pd.read_csv{"PRAXIS_STEM_32.csw"}
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model_selection import Stratifiedshufflesplit
from sklearn.metrics impeort confusion_matrix
from sklearn.neighbors import KNeighborsClassifier
X = df.drop(['ATT"], axis='columns'
¥y = df["ATT"]
splitter=Stratifiedshufflesplit(n_splits=1,random_state=42, test size-98.28)
for train,test in splitter.split(x,y}:

X _train = ¥X.ilec[train]

y_train = y.iloc[train]

X_test = X.iloc[test]

y_test = y.iloc[test]
knn_clf = kMeighborsClassifier{n_neighbors=9,

leaf_size=5)

knn_clf.fit{¥_train, y_train)
y_pred_knn = knn_clf.predict({X_test)
cf_matrix = confusion_matrix{y_test, y_pred_knn)
print{cf_matrix)
from sklearn.metrics impeort classification_report
print{classification_report{y_test, y_pred_knn, digits=4)})
xlabels = ["Stay', "Leave']
ylabels = ["Stay', "Leave']
sns.set_theme(font_scale-=1.5)
sns.heatmap{cf_matrix,
cmap="Blues",
annot=True,
wticklabels=xlabels,
yticklabels=ylabels,
fmt=".ef",
annot_kws={"fomtsize':28, 'fomtweight": 'bold'})
plt.xlabel{ Predicted', fontsize=15)
plt.ylabel{ actual”®, fontsize=1&)
plt.titlef "K-Nearest MNeighbor', fontsize=18}
plt.show()
knn_clf.score(X_train, y_train)

[[£27 166]
[245 251]]
precision recall +1-score support
2 2.6354 a.7281 B.6751 Lo93
1 8.581%8 8.5858 B.54598 425
gocuracy B.6226 1889
macro avg 8.5187 B8.6121 @.5125 1832
weighted avg 8.6282 B.6226 8.5188 1889
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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

In [1]: |import pandas as pd
import numpy as np
df = pd.read csv("PRAXIS STEM 34.csv™)
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShuffleSplit
from sklearn.metrics import confusion _matrix
from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
X = df.drop(["ATT"'], axis="columns')
y = df["ATT"]
splitter=5tratifiedShuffleSplit({n_splits=1,random_state=42,test size=0.20)
for train,test in splitter.split(X,y):
X _train = X.iloc[train]
y_train = y.iloc[train]
X _test = X.iloc[test]
y_test = y.iloc[test]
lda_clf = LinearDiscriminanténalysis()
lda_clf.fit(X_train, y_train)
y_pred lda = lda clf.predict(X test)
cf_matrix = confusion_matrix(y_test, y_pred _lda)
print{cf _matrix)
from sklearn.metrics import classification_report
print({classification_report(y_test, y pred lda, digits=4})

[[482 111]
[122 284]]
precision recall fl-score  support
& a.7858 8.8128 &.7987 593
1 a.7863 8.733% B.7497 458
accuracy B2.7769 lags
macro avg a.7757 @.7733 B.7742 1289
weighted avg a.7765 8.776% 2.7764 lags
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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

In [1]:

import pandas as pd
import numpy as np
df = pd.read_csv("PRAXIS STEM 34.csv")
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.linear_model import LogisticRegression
X = df.drop(['ATT"], axis='columns')
y = df["ATT"]
splitter=StratifiedShuffleSplit(n_splits=1,random_state=42, test size=8.20)
for train,test im splitter.split(X,y):
¥X_train = X.iloc[train]
y_train = y.ilec[train]
¥ _test = X.iloc[test]
y_test = y.iloc[test]
lr_clf = LogisticRegression()
lr clf.fit(X_train, y_train)
y_pred 1r = 1r_clf.predict(X_test)
cf_matrix = confusion_matrix(y_test, y_pred_lr)
print{cf_matrix)
from sklearn.metrics import classification_report
print{classification_report(y_test, y pred_lr, digits=4))

[[513 8@]
[145 351]]

precision recall fl-score  support
5] 2.7796 @.8851 a.8201 593
1 2@.58144 8.7e77 a.7573 4598
accuracy @.7334 1889
macro avg @.797a a.7864 a.7887 1989
weighted avg 8.7955 B.7934 @.7915 1889
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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

In [1]: |import pandas as pd
import numpy as np
df = pd.read_csv{"PRAXIS_STEM_34.csv")
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model_selection import Stratifiedshufflesplit
from sklearn.metrics import confusion_matrix
from sklearn.neural_netwerk import MLPClassifier
X = df.drop(['ATT"], axis='columns
¥y = df['AaTT"]
splitter=stratifiedshufflesplit({n_splits=1,random_state-42, test size-8.28}
for trainm,test in splitter.split(x,y):
¥_train = X.iloc[train]
y_train = y.iloc[train]
¥_test = X.iloc[test]
y_test = y.iloc[test]
mlp_clf = MLPClassifier (activation="tanh',
hidden_layer_sizes=158,
learning_rate="adaptive”,
momentum=2.1,
random_state=42)
mlp_clf.fit{X_train, y_train)
y_pred_mlp = mlp_clf.predict{x_test)
cf_matrix = confusicn_matrix{y_test, y_pred_mlp)
print{cf_matrix)
from sklearn.metrics import classification_report
print{classificaticn_report{y_test, y_pred_mlp, digits=4})
xlabels = ['Stay', "Leave']
ylabels = ["Stay', "Leave"']
sns.s5et_theme(font_scale=1.5)
sns.heatmap{cf_matrix,
cmap="Bluss",
annot=True,
xticklabels=xlabels,
yticklabels=ylabels,
fmt=".ef",
annot_kws={ "fontsize':2e, 'fontweight®: 'bold'})
plt.xlabel{"Predicted', fontsize-=15)
plt.ylabel{"Actual"', fontsize=1g&)
plt.title( "Multi-Layer Perceptron', fontsize=18)
plt.show()
mlp_clf.score(¥_train, y_train)

[[518 74]
[151 245]]
precision recall fl-score support
2 2.7748 a.8752 a.8219 593
1 2.8234 8.5958 B.7541 495
accuracy 8.7934 1889
macro avg g.795a a.7854 @.7888 1889
weighted avg 2.72568 @.7924 8,7318 1889
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Naive Bayes (Gaussian): https://scikit-
learn.org/stable/modules/naive_bayes.html#gaussian-naive-bayes

Figure 59: Naive Bayes (Gaussian) Code and Output

In [1]: dimport pandas as pd
import numpy as np
df = pd.read_csv{"PRAXIS STEM 34.csv")
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.naive_bayes import GaussianNB
X = df.drop(['ATT'], axis="columns')
y = df["ATT"]
splitter=StratifiedShufflesSplit(n_splits=1,random_state=42, test size=0.28)
for train,test in splitter.split(X,y):
X_train = X.iloc[train]
y_train = y.iloc[train]
X _test = X.iloc[test]
y_test = y.iloc[test]
nbg_clf = GaussianNB()
nbg_clf.fit(X_train, y_train)
y_pred_nbg = nbg_clf.predict(X_test)
cf_matrix = confusion_matrix(y_test, y_pred_nbg)
print({cf_matrix)
from sklearn.metrics import classification_report
print(classification_report(y_test, y_pred nbg, digits=4))

[[495 98]
[179 317]]
precision recall fl-score  support
5] @.7344 a.8347 @.7814 583
1 @.763% @.6391 &.6959 4598
accuracy 2.74586 leas
macro avg @.7451 8.736%9 @.7387 1lea9
weighted avg @.7473 @.7456 @.7425 1eas
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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

In [1]: import pandas as pd
import numpy as np
df = pd.read_csv("PRAXIS_STEM 34.csv")
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model_selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.linear_model import PassiveAggressiveClassifier
X = df.drop(["ATT"], axis='columns')
y = df["ATT"]
splitter=5tratifiedShufflesplit({n_splits=1,random_state=42, test_size=8.28)
for train,test in splitter.split(X,y):
X train = X.iloc[train]
y_train = y.iloc[train]
X test = X.iloc[test]
y_test = y.iloc[test]
pac_clf = PassivefggressiveClassifier(C=08.1,
class_weight="balanced’,
n_jobs=-1,
warm_sztart=True,
random_state=42)
pac_clf.fit({X_train, y_train)
y_pred pac = pac_clf.predict(X_test)
cf_matrix = confusion_matrix(y_ test, y_pred_pac)
print{cf_matrix)
from sklearn.metrics import classification_report
print{classification_report(y_test, y_pred_pac, digits=4))

[[528 3]
[469 27]]

precision recall fl-score  support
a @.5571 @.9949 @.7143 593
1 @.oaaa @,.8544 @,1a27 498
accuracy a.5686 lage
macro aveg B.7286 @.5247 @.4885 1asg
weighted avg B.7133 B.5666 @.4357 1889
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Perceptron: https://scikit-
learn.org/stable/modules/generated/sklearn.linear_model.Perceptron.html#sklearn.linear
model.Perceptron

Figure 61: Perceptron Code and Output

In [1]: dimport pandas as pd
import numpy as np
df = pd.read_csv({"PRAXIS_STEM 34.csv")
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedshuffleSplit
from sklearn.metrics import confusion _matrix
from sklearn.linear_model import Perceptron
X = df.drop(["ATT'], axis="columns"')
y = df['ATT"]
csplitter=StratifiedShuffleSplit({n_splits=1,random_state=42, test_size=0.20)
for train,test in splitter.split{X,y):
X_train = X.iloc[train]
y_train = y.iloc[train]
X _test = X.iloc[test]
y_test = y.iloc[test]
pct_clf = Perceptron(penalty="11")
pct_clf.fit(X_train, y_train)
y_pred_pct = pct_clf.predict(X_test)
cf_matrix = confusion_matrix(y_test, y_pred pct)
print{cf_matrix)
from sklearn.metrics import classification_report
print({classification_report(y_test, y_pred pct, digits=4))

[[445 148]
[292 204]]
precision recall fl-score  support
@ @.5@838 @.7584 @.6692 593
1 @.57595 a.4113 2.45811 436
accuracy @.59688 less
macro avg @.5917 8.58a05 @.5752 1les9
weighted avg a.5928 8.5%80 2.5835 less
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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

In [1]: import pandas as pd
import numpy as np
df = pd.read_csv("PRAXIS STEM 34.csv")
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShufflesplit
from sklearn.metrics import confusion_matrix
from sklearn.discriminant_analysis import QuadraticDiscriminantfnalysis
X = df.drop(["ATT"], axis="columns')
y = df["ATT"]
splitter=StratifiedShufflesplit(n_splits=1,random_state=42, test_size=0.28)
for train,test in splitter.split(X,y):
¥ _train = X.iloc[train]
y_train = y.iloc[train]
¥ _test = X.iloc[test]
y_test = y.iloc[test]
gda_clf = QuadraticDiscriminantAnalysis()
qda_clf.fit(X train, y_train)
y_pred_qda = gda_clf.predict(X_test)
cf matrix = confusion_matrix(y test, y pred _qda)
print{cf_matrix)
from sklearn.metrics import classification_report
print{classification_report(y_test, y_pred gda, digits=4))

[[535 58]
[127 368]]

precision recall fl-score  support
5] a.8082 a.9a22 B8.8526 593
1 @.8642 @. 7448 @.7996 496
accuracy @2.838l 1e89
macro avg @.8362 8.8231 B8.8261 1less
weighted avg a.8337 a.83al 2.32584 189
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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

In [2]: import pandas as pd
import numpy as np
df = pd.read_csv("PRAXIS STEM 34.csv"
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model_selection import StratifiedShufflesplit
from sklearn.metrics import confusion_matrix
from sklearn.ensemble import RandomForestClassifier
X = df .drop(['ATT"'], axis='columns")
y = df["ATT"]
splitter=5tratifiedShuffleSplit({n_splits=1,random_state=42, test_size=0.2@)
for train,test in splitter.split(X,y):
X train = X.iloc[train]
y_train = y.iloc[train]
X test = X.iloc[test]
y_test = y.iloc[test]
rf_clf = RandomForestClassifier(criterion = ‘entropy’,
max_depth=3,
class_weight="balanced subsample',
max_features="log2",
n_jobs=-1,
ocob_score=True,
random_state=42)

rf_clf.fit(X_train, y_train)

y_pred_rf = rf_clf.predict(X_test)

cf_matrix = confusion_matrix(y_test, y_pred_rf)
print{cf_matrix)

from sklearn.metrics import classification_report
print{classification_report(y_test, y_pred_rf, digits=4))

[[575 18]
[1e7 389]]
precision recall fl-score  support
@ @.8431 3.9696 @.9a82a 593
1 @.9558 @.7843 @.8616 43986
accuracy @.8852 1ass9
macro avg @.39594 a.377a a.8818 lass
weighted avg B.8944 B.8852 @.8836 1889
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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

In [1]: import pandas as pd
import numpy as np
df = pd.read_csv("PRAXIS_STEM_34.csv™)
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.linear_model import RidgeClassifier
X = df.drop(['ATT'], axis="columns')
y = df['ATT"]
splitter=Stratifiedshufflesplit(n_splits=1,random_state=42, test_size=0.28)
for train,test in splitter.split(X,y):
¥X_train = X.iloc[train]
y_train = y.iloc[train]
X _test = X.iloc[test]
y_test = y.iloc[test]
rc_clf = RidgeClassifier()
rc_clf.fit(X_train, y_train)
y_pred_re = rc_clf.predict(X_test)
cf matrix = confusion_matrix(y _test, y pred rc)
print{cf_matrix)
from sklearn.metrics import classification_report
print(classification_report(y_test, y _pred_rc, digits=4)})

[[4%6 &7]
[132 357]]

precision recall fl-score  support
@ @.7511 @.8364 @.8e878 593
1 @.7363 8.7198 2.7516 496
accuracy @.7833 1legs
macro avg a.7a37 a.7781 8.7797 1lesg
welghted avg @8.7835 8.7833 @.7822 1egs
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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

In [1]: import pandas as pd
import numpy as np
df = pd.read_csv("PRAXIS STEM 34.csv™)
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShuffleSplit
from sklearn.metrics import confusion_matrix
from sklearn.linear_model import SGDClassifier
X = df.drop(["ATT'], axis="columns')
y = df['ATT"]
splitter=5tratifiedShufflesplit(n_splits=1, random_state=42, test_size=0.28)
for train,test in splitter.split(X,y):
¥X_train = X.iloc[train]
y_train = y.iloc[train]
X_test = X.iloc[test]
y_test = y.iloc[test]
sgd_clf = sGDClassifier(max_iter=2888, penalty='l1', random_state=42)
cgd clf.fit(X_train, y_train)
y_pred _sgd = sgd clf.predict{X_test)
cf_matrix = confusion_matrix(y_test, y_pred_sgd)
print{cf_matrix)
from sklearn.metrics import classification_report
print(classification_report(y_test, y_pred_sgd, digits=4))

[[249 244]
[ 87 403]]
precision recall fl-score  support
@ @, 8085 @.5885 @.6783 593
1 @.6263 @.824% @.71139 4%a
accuracy &.6961 1289
macro avg @.7134 a. 7865 @.6951 legs
weilghted avg @.7212 @.6961 @.6936 1889
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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

In [1]: import pandas as pd
import numpy as np
df = pd.read_csv({"PRAXIS STEM 34.csv™)
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.model selection import StratifiedShufflesplit
from sklearn.metrics import confusion_matrix
from sklearn.svm import SVC
X = df.drop(['ATT"], axis='columns')
y = df["ATT"]
splitter=S5tratifiedShufflesplit({n_splits=1,random_state=42, test_size=0.28)
for train,test in splitter.split(X,y):
X_train = X.iloc[train]
y_train = y.iloc[train]
X _test = X.iloc[test]
y_test = y.iloc[test]
svmlin_clf = SVC({C=18@, kernsl='linear')
svmlin_clf.fit (X _train, y_train)
y_pred_svmlin = svmlin_clf.predict(X_test)
cf_matrix = confusion_matrix(y_test, y_pred_swmlin)
print{cf_matrix)
from sklearn.metrics import classification_report
print({classification_report(y_test, y pred swmlin, digits=4})

[[526 67]
[139 357]]

precision recall fl-score  support
e a.751e a.887@ @.8362 593
1 a.8428 8.71938 2.7781 458
accuracy @.31as 1e3s
macro avg @.8165 @.8a34 @.8a62 1legs
weighted avg @.8142 @.81a8 @.8a38 1legs
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