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Abstract of Praxis

A Predictive Model of Gender Pay Disparity in the Private Sector

Gender pay disparity is a prominent issue in the United States (U.S.) workforce,
where women receive lower salaries than men when working in the same or equivalent
roles. This work aims to design regression models that provide insight into the salaries of
men and women in Science, Technology, Engineering, and Mathematics (STEM) fields,
identifying common inequities that are difficult to detect from simple data. Despite
numerous efforts to promote equal pay, women in STEM positions in the private sector

continue to receive lower pay than men with similar skills and responsibilities.

Gender pay disparity has been documented as early as 1869. However, the U.S.
Equal Pay Act (EPA), which prohibits gender based pay discrimination, was not enacted
until 1963. Although more than 60 years have passed since the EPA was passed, little
progress has been made in closing the pay gap. Diversity, equity, and inclusion initiatives
have not eradicated pay inequality. More significantly, recent gender pay discrimination

lawsuits further demonstrate that women are still fighting to receive equal pay.

This research aims to stimulate positive socioeconomic and sociocultural change
by identifying solutions that can help separate the factors influencing pay variance and
reveal the primary sources of differences among men and women workers. It utilizes
historical salary data to examine the interplay between gender, education, and age on
median salaries. A regression model was developed to identify strong indicators of salary.
Conclusions indicate that, when education and age are controlled for, women receive lower

salaries than men working in similar positions.



A regression model was developed to predict when gender pay disparity will be
resolved if current legislation and organizational hiring and compensation practices remain
unchanged. Historical salary data shows that the gender pay gap has changed by only a
small margin over the last decade. The regression model utilizes averages of critical
variables, such as gender, age, and education, to forecast the time scale for achieving pay

parity using past trend data.

Furthermore, a case study was conducted to examine the salaries of men and
women working in STEM occupational fields in both the private and public sectors,
demonstrating that the gender pay disparity is greater in the private sector than in the public
sector. This study dispels the common misconception that pay equity can be achieved using
existing private sector pay systems. Research indicates that in the private sector,
negotiation power and organizational discretion are factors that contribute to the
perpetuation of the gender pay gap. Conversely, a uniform pay system minimizes the
gender pay gap. This research proposes that federal government compensation and

promotion policies can serve as a baseline model to eliminate pay inequality.

This Praxis suggests that, based on existing laws and reforms, achieving gender pay
parity in the private sector is not expected until 2082. Over the last decade, the gender pay
gap has remained stagnant in the private sector. In contrast, the gender pay gap in the public
sector is less prevalent, particularly in STEM occupational fields. Research findings
corroborate that without the reconstruction of laws and compensation behaviors, achieving

gender pay equity will continue to remain a long-term endeavor.
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Chapter 1. Introduction

1.1 Background

Although the United States (U.S.) has made progress in the achievement of gender
equality over the years, women still face considerable pay gaps compared to their male
counterparts. In the U.S., women earn, on average, 82 cents for every dollar men receive,
according to the Bureau of Labor Statistics (BLS) (2023). While the pay gap has narrowed
slightly over time, the changes have been slow and gradual. Notably, in the private sector,
pay transparency is a significant issue, and women often face systemic barriers. Given the
ongoing pay differences between men and women, the unequal distribution of earnings
reflects broader economic issues. The World Economic Forum found that the U.S. ranks
43rd globally in gender equality (2024), highlighting the gender pay gap and other
challenges in the world's largest economy as significant concerns. Additionally, the
Organization for Economic Cooperation and Development (OECD) points out that the U.S.
has a substantial gender pay gap in technical and managerial fields (2023). These
international forums emphasize the importance of addressing this issue at both the national
and global levels.

The Equal Pay Act (EPA) of 1963 prohibits gender-based pay discrimination and
mandates equal pay for men and women working in the same or equivalent roles in the
U.S. workforce (Letty, 1975). However, numerous recent research studies indicate that
discrimination is persistent and widespread, and, on average, women in the U.S. receive
lower salaries than men in nearly every occupation (Milliet al., 2017; U.S. Department of

Labor [DOL], U.S. Government Accountability Office [GAO], 2023).



Although the EPA laid the groundwork to reduce the pay gap, several loopholes have
been identified that require subsequent reform (Gillibrand, 2012). In response to the
drawbacks in the law, the Lilly Ledbetter Fair Pay Act of 2009 (Ledbetter Act) was passed
to amend the statute of limitations for filing an equal pay lawsuit for discrimination
(Dalrymple, 2023; Presidential Proclamation, 2015). Proposed legislation, such as the
Paycheck Fairness Act, could facilitate significant progress in achieving pay equality
(Gillibrand, 2012) and increase civil penalties for violations of equal pay laws (Brittan &
Onder, 2009). Nevertheless, additional legislation and oversight are needed to eliminate
the gender pay gap.

Unlike previous studies, this research utilizes recent data from prominent
government sources to identify key factors influencing salary inequalities. This Praxis
utilizes statistics and regression models to identify significant trends in gender pay
disparity, promoting fair treatment, ensuring compliance with the law, enhancing work
efficiency, and fostering greater diversity within an organization. This Praxis builds on
existing literature to analyze and investigate the gender pay gap in Science, Technology,
Engineering, and Mathematics (STEM) fields by comparing the private and public sectors.
This research utilizes recent and historical salary data to uncover trends that are often
hidden within broad surveys. Through statistical analysis and a thorough examination, this
study investigates the impact of gender, education, and age on salary. The research predicts
outcomes by establishing models that can forecast the impact of pay gaps in cases of
transparency insalary and hiring guidelines. This offers valuable insights for organizations
seeking to improve their work environments. Gender pay inequality remains a persistent

issue; therefore, new data must be explored, the significance of diverse factors documented,



and well-defined strategies developed to thoroughly assess. The following sections will

introduce the research questions, the sources of information, and the overall model.

1.2 Research Motivation

Although federal laws prohibit gender pay discrimination, gender pay disparity
remains a significant issue in the U.S. workforce (Randev, 2024). According to U.S.
Census Bureau (2024a) data, legislative changes have led to a reduction in the gender pay
gap. However, after the significant gains made between 1970 and 1990, recent progress
has stalled (Blau, 2025). Over the past few years, several large organizations have faced
lawsuits regarding pay discrimination (Golden, 2023; Grant, 2022; Valinsky, 2024).
Lawsuits in technology, entertainment, healthcare, and manufacturing indicate that
women's pay is not equal to that of men, affecting their career advancementand financial
stability. When systemic disparities exist, they lead to greater inequality in society and
erode confidence in the leaders who run the organization.

Recently, several high-profile companies have encountered lawsuits and scandals
that reveal gender pay differences remain a significant problem. For instance, in 2022,
Google settled a class-action lawsuit for $118 million, acknowledging that it had
systematically underpaid women across more than 200 job titles (Grant, 2022). The case
made it clear that similar parts of the organization face different levels of pay inequality.
Activision Blizzard also reached an agreement to settle a lawsuit for $54 million, which
involved allegations of failing to provide equal pay to women, denying them promotional
opportunities, and engaging in other forms of gender-based discrimination (Golden,
Warner, 2023). In 2024, Disney agreed to pay $43 million in a lawsuit for compensating

women less than their male counterparts in similarroles (Valinsky, 2024). In the same year,



Microsoft settled a discrimination case for penalizing workers who took maternity and
disability leave by giving them lower bonuses and negative performance reviews (Zacks
Equity Research, 2024). Microsoft’s discriminatory actions primarily impacted women,
resulting in a settlement of $14.4 million (Zacks Equity Research, 2024).

These are just a few notable cases of gender pay discrimination. These lawsuits
demonstrate that gender pay disparity continues to exist. They emphasize the urgent need
for informed and effective actions to address gender pay inequality on a large scale. Many
of these cases manifest across various industries, indicating that this issue is widespread.
Women continue to advocate for equal pay, and this remains an escalating source of tension
in the workplace (Randev, Valinsky, and Zacks Equity Research, 2024).

Gender pay disparity is a prominent symbol of inequality in the workforce between
women and men, stemming from individual prejudices, policies, and customs in the
workplace (Lips, 2013). Lips (2013) argues that unequal pay reveals a significant disparity
in the treatment of men and women in the workplace. These issues are often obscured by
workers being assigned to specific jobs, having limited career opportunities, and informal
methods of determining pay (Lips, 2013). As noted by Kochhar (2023), women often find
themselves in lower-paying jobs and seldom hold leadership positions, despite possessing
the same qualifications as their male counterparts. This disparity in opportunity ultimately
creates serious problems for the economy. The American Psychological Association
(APA) explains that the pay gaps contribute to women's poverty and health risks in
retirement (Milli et al., 2017).

Despite the federal government's establishment of the EPA, gaps in enforcement and

implementation remain. U.S. federal laws promoting equal pay and penalizing



discrimination need reform. Some states have enacted progressive measures, including pay
transparency regulations and restrictions on salary history inquiries, to tackle the pay gap
(Dalrymple, 2023; Groot et al., 2025). If similar laws were implemented at the federal level,
they could help prevent the continuation of gender pay disparities by eliminating practices
that perpetuate pay inequality.

Greater awareness of the issue is crucial for fostering stronger advocacy for new
legislation. To tackle this problem, workers cannot rely solely on case-by-case evidence
and court decisions. When salary predictions are accurate and based on fundamental
factors, it becomes possible to identify any unequal pay by considering relevant criteria
such as experience, level of education, and job title. Without these approaches, it would be
more difficult for organizations and policymakers to recognize the issues and effectively
address the problem of equal pay. By using predictive modeling, it becomes easier to
uncover patterns of inequality and inform important policies, labor audits, and measures to
hold individuals accountable based on actual evidence.

Prior research included models based on broad statistical data, which are often
difficult to interpret. This research aims to enhance understanding of gender pay gaps by
analyzing data to assess the extent of improvement and identify the primary factors that
influence the issue. By employing predictive modeling, this study will evaluate the rate of
change in gender pay disparity and pinpoint the socioeconomic and sociocultural factors

that contribute to these disparities.

1.3 Research Contribution

This work provides new insights into the debate on gender inequity in the U.S.

workforce by linking predictive analysis with concepts that promote pay equality. This



research provides organizations, leaders, and activists with a decision-support tool to help

combat the pervasive gender pay disparity in the U.S. workforce. This Praxis investigates

gender pay disparity inthe U.S. private sector for both men and women over multiple years

and presents five novel contributions:

1.

2.

A linear regression model to predict gender pay disparity in the private sector.
Predictive modeling of the influence and interaction of gender on median salary
using empirical data.

Predictive modeling of the influence and interaction of education on median
salary using empirical data.

Predictive modeling of the influence and interaction of age on median salary
using empirical data.

A comparative analysis of gender pay disparity in equivalent federal government

and private sector occupations.

1.4 Problem Statement

Although U.S. federal laws prohibit gender discrimination and require equal pay in

the workplace, women continue to earn less than men when working in equivalent

roles, which perpetuates systemic barriers and a lifetime of financial inequality.

Although the EPA was enacted to address pay inequality, it remains a persistent issue

in the U.S. that affects both the federal and private sectors. While gender pay disparity has

been extensively researched, little progress has been made toward achieving pay parity

(Kochhar, 2023), and the issue is more pronounced in the private sector than in the federal

government (Choi, 2011).



Although the gender pay gap has been examined for years, little progress has been
made in reducing it (Blau, 2025), primarily due to the lack of reliable methods to explain
how pay varies while considering important factors such as position, sector, education, age,
and location. Since organizations often lack the necessary tools and expertise to interpret
statistics, determining which pay differences are due to discrimination can be challenging.

In this research, the contrast between men's and women's earnings is measured by
the cents women are paid per dollar compared to men rather than by their average incomes.
Specifically, the impact of unexplained differences that might indicate bias is revealed by
calculating modeled coefficient weights using regression analysis that incorporates specific
variables. By examining adjusted pay gaps, this research aims to identify common
inequities that are difficult to detect from simple data. Addressing this issue promotes fair
treatment, ensures compliance with the law, enhances work efficiency, and fosters greater

diversity within the company.

1.5 Thesis Statement

A linear regression model is required to predict gender-based salary disparities in
equivalent roles within the U.S. private sector, providing a data-driven tool for
identifying and addressing inequality.

By examining the factors that contribute to pay, this Praxis provides a predictive
model for forecasting the achievement of gender pay parity. This model aims to support
the reform of existing practices that hinder equal pay and undermine compliance with
relevant regulations. Regression analysis will be utilized to break down pay differences by

education, age, and gender for workers in a sample segment of the population.



1.6 Research Objectives

This study employs regression analysis to compare gender pay gaps and assess how
education, age, and gender influence salary, as well as to evaluate the progression of the
pay equality issue in the years ahead. Regression models are utilized to analyze current
unequal pay and predict how existing workplace reforms will narrow the pay gap in the
future.

This research utilizes publicly available information (PAI) collected from the U.S.
Office of Personnel Management (OPM), the U.S. Census Bureau, and the U.S. DOL to:

1. Demonstrate that the federal government can serve as a model for pay equity.
2. ldentify variables that are correlated to pay.

3. Develop, train, validate, and test a predictive model that will forecast pay parity.

1.7 Research Questions and Hypotheses

The following research questions (RQ) and hypotheses (H) were developed for this
Praxis:
1. (RQ1) To what extent does the private sector exhibit greater gender-based pay
disparities than the federal government in computer and mathematics occupations?
(H1) Empirical data will show that the pay disparity of women in computer and
mathematics occupations in the private sector is higher by 10 cents for every dollar
than in the federal government.
If computer and mathematics jobs are found in the private sector (rather than with the
federal government), the gap between men's and women's salaries will be larger. If analysis
is conducted using sector-based pay data, it will become evident that there is a greater pay

disparity in the private sector.



2. (RQ2) How do gender, education, and age predict salary differences in the private
sector?
(H2) The regression model will demonstrate a statistically significant relationship
between gender, education, age, and pay in the private sector, with gender exerting
a measurable influence on pay disparities.
The model will demonstrate that workers of different genders receive different pay levels
when controlling for age and education.
3. (RQ3) What is the rate of change in the gender pay gap in the U.S. private sector
workforce?
(H3) The predictive model will estimate that at the current rate, it will take several
decades in the private sector to achieve pay parity in the U.S.
By analyzing historical data, the gender pay gap can be forecasted to determine the rate of

change in closing the pay gap.

1.8 Praxis Organization

This Praxis consists of six chapters, each contributing to a comprehensive
understanding of gender pay disparity in both the private and public sectors. This section
outlines the remaining contents of the Praxis. The first chapter presented the background,
research motivation, and research contributions while providing an overview of the
problem statement, thesis statement, research objectives, and hypotheses.

Chapter 2 presents a formal literature review of the existing body of knowledge and the
challenges related to gender pay disparity, its impacts, linear regression, and other
associated concepts. This literature review summarizes the most recent publications and

contributions in these research areas, outlining the limitations and emphasizing the



necessity for this research. The history of gender pay disparity will also be explored to
highlight its complexity, persistence, and societal implications.

Chapter 3 describes the data collection process and methodology used to evaluate the
research questions and test the hypotheses for this research. The chapter details the method
employed to conduct the regression analysis and outlines the datasets utilized to support
model development. The methodology introduces linear and multiple regression models,
explains methods for processing the data, checks for multicollinearity, and summarizes
various validation techniques.

Chapter 4 presents a case study that examines gender pay parity in technical
occupations across both the private and public sectors. This chapter highlights policies and
practices within the federal government that may serve as an exemplar model for the private
sector to tackle pay inequality.

Chapter 5 presents the results of the Praxis, including a summary of the findings,
statistical analysis, validation, and sensitivity analysis. The model's results are reviewed,
and the performance metrics are examined.

Finally, Chapter 6 presents conclusions and recommendations for future research. By
combining empirical methods with policy ideas, this approach offers a valuable strategy
for organizations seeking transparent compensation systems and a stronger emphasis on

equality in the workforce.
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Chapter 2. Literature Review

2.1 Storyboard
The following section presents a storyboard that outlines the comprehensive

literature review conducted to support the thesis, as shown in Figure 1.
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2.2 Introduction

Gender inequality in pay persists despite the federal government enacting several
laws to prohibit discrimination. For over sixty years, researchers have reached a consensus
that women earn less than men in similar roles (U.S. GAO, 2023). This situation diminishes
wealth generation, increases poverty, and restricts healthcare access for women across all
age groups (Curran & Mahutga, 2018; Peterson, 2024). Although federal legislation
prohibits gender pay discrimination and provides a means to seek compensation in the
event of discrimination (Presidential Proclamation, 2015; U.S. Equal Employment
Opportunity Commission [EEOC], 2021; U.S. Senate Committee on Health, Education,
Labor & Pensions, 2013), progress has stalled over the last two decades (Kochhar, 2023).

Numerous studies have explored gender pay inequality, its causes, impacts, and
potential policies and solutions (Alkadry & Tower, 2006; Blau & Kahn, 2017; Lips, 2013;
Peterson, 2024; Thomson, 2006; U.S. GAO, 2023). Economic research has examined the
pay gap in relation to occupation, human capital, and work experience (Choi, 2018; Sneed,
2007; U.S. EEOC, 2021). Studies have examined the pay difference between women and
men, revealing that these factors have evolved (Olson, 2013). Occupational segregation,
the unequal distribution of household tasks, sociocultural norms, and willingness to
negotiate salaries all contribute to the pay gap (Sneed, 2007; U.S. DOL, 2019). Notably,
the World Economic Forum (2024) reports that the gender pay gap is widespread globally.

Understanding gender pay disparity requires consideration of many factors. New
research has revealed the effects of workplace systems, namely the practice of dividing
work roles, invisible barriers to advancement, and stereotypes in decisions on raises and
promotions (Lips, 2013; Peterson, 2024). Furthermore, researchers now employ machine

learning and data science to analyze large datasets and examine how pay differences relate
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toa person's demographic, educational, and employment factors (Alsayed & Wasan, 2023).
Researchers have used these subjects to contextualize, blend, and illustrate the complicated
patterns of pay inequality in private companies.

Blau (2025) published an article examining trends in economic outcomes for U.S.
women. Research highlights the importance of women's participation in the workforce and
the comparison of women's salaries to those of men (Blau, 2025; Blau & Kahn, 2017). Blau
notes a notable shift in gender roles in the U.S., with women transitioning from being
perceived as less educated homemakers to becoming major contributors to the workforce
(2025; Blau & Kahn, 2017). Yet, pay inequality persists. These studies and research

demonstrate the complex nature of gender pay disparity.

2.2.1 Women in the Workforce

Women comprise approximately half of the workforce (Blau, 2025; Dalrymple,
2023; Milli et al., 2017; U.S. DOL, 2023). This reflects an upward trend in women's
participation in the workforce, while the rate for men declined (Blau, 2025; Blau & Kahn,
2017). As a result of changes in society, the economy, and culture, more people are
becoming educated, family life is evolving, and new technology is making housework less
demanding (Blau, 2025).

Blau’s work shows thatin the 1940s, most married women and those with children
did not work, and the majority of working women in that era were young and single (2025).
However, since the 1960s, the U.S. has experienced a rise in divorce rates and a declinein
birth rates, which has led to an increase in the participation rate of women in the workforce
across all age groups, including those who are married or have children (Blau, 2025;

Kochhar, 2023). Additionally, shifts in societal beliefs about gender and the growth of jobs
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in white-collar and service fields have enabled more women of all ages to participate in the
workforce (Blau, 2021; Dalrymple, 2023).

Furthermore, studies show that the U.S. population tends to devalue the time
women spend working inthe home (Blau 2000, 2025). Recent reports from the U.S. Census
Bureau and the U.S. DOL Women’s Bureau (WB) provide details to identify gender pay
disparities and explain the factors contributing to why women earn less than men (2024c;
Dalrymple, 2023). However, more than 70% of the gender pay disparity remains
unexplained and is attributed to gender discrimination (Dalrymple, 2023). The data sources
used in past and recent research have some limitations. Many datasets, for example, from
the U.S. Census Bureau and the Current Population Survey (CPS), primarily focus on full-
time employment and do not always encompass part-time, informal, or non-traditional jobs
(Choi, 2018; Dalrymple, 2023).

Previous research has often overlooked intersectional identities, particularly those of
women of color, immigrant individuals, and non-binary people, and as a result, its findings
sometimes mask finer differences (Bear et al., 2023). The earnings of Black and Hispanic
women are considerably lower than those of white men and white women, making about
70 cents and 65 cents for every dollar earned by white men (Kochhar, 2023), respectively.
Although women have surpassed men in obtaining bachelor’s and graduate degrees, they
still earn less than men. This disparity in compensation suggests that other factors also
contribute to pay equality.

Choi (2018) notes that even after considering the education and experience of each
person, women typically earn less than men. According to recent research by the U.S. DOL

WB, several factors, including industry and occupation, contribute to some of the pay
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differences (Dalrymple, 2023). However, the gap is attributed chiefly to discrimination and
biases (Dalrymple, 2023). Additionally, although machine learning is increasingly used to
examine pay inequality, many models are unclear about which features are most important
and do not accurately reflect the diverse range of individuals, making it challenging to take
effective actions (Barocas et al., 2023).

Several research studies indicate that women are now employed in a wide range of
jobs and in increasing numbers. Still, due to limited detail in the current data, it is hard to
see all the issues related to gender discrimination fully. This study seeks to address this
problem by creating a model that categorizes different types of data using clear machine

learning techniques to identify persistent gender pay inequality issues in the labor market.

2.2.2 Women in Society

The Institute for Women’s Policy Research (IWPR) revealed that the gender pay
gap has increased significantly for the first time in 20 years (Peterson, 2024). More
importantly, study results show that despite high levels of education, women, and
especially women of color, are often underrepresented in leadership or management
positions and are more likely to work in notoriously lower-paid and undervalued fields
(Fleck, 2025; Peterson et al., 2024). The study further highlights the differences in pay
disparity across various racial and ethnic groups (Peterson et al., 2024). Gender pay
disparity is greater for women with diverse racial and ethnic backgrounds in the workplace

(Kochhar, 2023; Peterson, 2024; U.S. EEOC, 2021).

The International Labor Organization (ILO) data reveal that global labor trends
across occupations show “persistent gender-based horizontal and vertical segregation”

(Limani & Sodergren, 2023, para. 2). Globally, there is a higher concentration of women
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in service and care occupations and fewer women in management positions (Limani &
Sodergren, 2023). These findings reflect that there is an imbalance in the representation of

women in high-paying occupations and opportunities.

Recent studies dispel notions that gender inequalities are due to a lack of
educational attainment. Despite women surpassing men in educational attainment, women
remain underrepresented in STEM fields (Kochhar, 2023), which are high-reward fields
that offer higher initial pay (U.S. DOL, 2019). A U.S. DOL study also reveals that even
when women do select a STEM field, men tend to have higher compensation returns
(2019). The fact that women have greater educational attainment is not enough to close the

pay gap (Dalrymple, 2023).

2.3 Causes and Consequences of Gender Pay Disparity
2.3.1 Gender Pay Disparity Causes

Examination of the causes of gender pay disparity is necessary to explain why pay
inequality persists by exploring and studying the main drivers behind it. This section
examines how various factors studied in previous research, including implicit gender bias,
cultural norms, job division, salary negotiation, and the use of salary history in hiring, are
interconnected. For example, women may be affected by discrimination when it comes to
choosing careers, and having less assertiveness can hinder their ability to earn a higher
income (Bear et al., 2023; Moty et al., 2024). Using a job candidate's previous pay in the
hiring process repeats initial discrepancies, extends them over time, and replicates them
across different industries.

Numerous surveys have demonstrated that men and women receive unequal wages

in various occupations, regardless of their experience and educational level (World
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Economic Forum, 2024). While various regulations have been enacted in the U.S. to
narrow the pay gap (Groot et al., 2025), women continue to earn less than men in nearly
every occupation (Choi, 2018; Kochhar, 2023). Several factors contribute to the ongoing
gender pay disparity, including gender bias and sociocultural norms, occupational
segregation, avoidance of negotiation, and salary history (Beroiza-Valenzuela, 2025; U.S.
EEOC, 2021). Having any form of unconscious or conscious gender bias influences the
way people are hired, judged, and promoted in organizations (Beroiza-Valenzuela, 2025).
Another reason for this problem is that culture tends to view leadership and important roles
as more masculine, leading people to unfairly undervalue women's performance and
opportunities (Bohnet, 2016; Choi, 2018).

Since women are disproportionately represented in lower-paying jobs, such as
teaching, they are less likely to work in engineering and finance, making up only a small
portion of their respective workforces (Blau & Kahn, 2017; Cortes & Pan, 2019). Across
the same professions, people with different gender roles commonly get paid unfairly (Blau,
2025). Additionally, the way people negotiate based on gender can increase the existing
gap between them. Studies have shown that when women discuss their pay, they often face
social repercussions (Bear et al., 2023). When businesses use past salaries to determine
pay, the problem worsens, ensuring the situation does not improve (Kim, 2021; Taslim et
al., 2025).

However, studies vary in their assessment of the importance of the main factors.
Existing models often fail to account for change over time when they relate to gender. This
research aimsto create a clear predictive model that uses four key factors to explain gender

pay gaps in private companies.
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2.3.1.1 Gender Bias

Discrimination based on gender is still evident in the private sector, particularly
during the hiring and promotion processes (Dalrymple, 2023; Lips, 2013). Women may
face bias during the hiring process, when being awarded promotions, and when receiving
pay, even when their qualifications and experience are equal to those of their male
colleagues (Choi, 2018; Lips, 2013; U.S. EEOC, 2021). Often, the burden of household
tasks and childcare falls disproportionately on women (Choi, 2018). Consequently, women
are more likely to take time off from work to care for other family members, which can
interrupt their career paths and lower their overall earnings (Kochhar, 2023). More
significantly, taking time off from work can create gaps in work experience and hinder
women's advancement in their careers (Choi, 2018; Kochhar, 2023). The U.S. lags behind
other economically advanced countries in providing liberal policies on parental leave, part-
time employment, and childcare that stimulate women’s participation rates in the
workforce (Blau, 2025). The absence of these policies can lead to ‘sex-plus’ discrimination.
The U.S. Supreme Court recognizes sex-plus discrimination, which occurs when an
employer discriminates based on sex and another status not included in the anti-
discrimination statutes (Bachman, 2020; McCreight & Wester v. AuburnBank et al., 2023;
U.S. EEOC, 2021). For example, sex-plus discrimination would occur if an employer has
different policies for women with young children than for men with young children
(Bachman, 2020; McCreight & Wester v. AuburnBank et al., 2023; U.S. EEOC, 2021).

Moreover, recent studies have focused on the increase of algorithmic bias in tools
used to inform hiring and salary decisions (Kim et al., 2024). Using Human Resources
(HR) data in the past to train these systems can cause them to reinfect gender imbalances

in outputs (Kim et al., 2024). A study by Kim et al. (2024) has shown that women often
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experience adverse effects from gap-related algorithms used during recruitment, and that
experience in female-dominated fields is frequently overlooked. Similarly, Ghasemaghaei
and Kordzadeh (2025) noted that many compensation prediction models operate in an
opague manner, sometimes reproducing longstanding inequities and lacking transparency.

Although organizations recognize that gender bias still exists, studies show
different opinions on whether algorithmic tools can be effectively overseen and improved
(Alsayed & Awad, 2023). Some researchers believe these systems can become fairer with
training, but others argue that the data itself is fundamentally biased (Kim et al., 2024).
Additionally, much of the research is conducted in specific sectors or uses only limited
data, making it hard to apply the results to broader contexts.

Overall, the research demonstrates that societal and organizational gender bias
results in unequal pay for women in the workforce. Nevertheless, some remain skeptical
about whether new technologies will promote equality or replicate the existing issues.
These findings suggest that predictive models require adjustment to account for gender and

incorporate clear strategies, which this study aims to address.

2.3.1.2 Occupational Segregation

When men and women are not equally represented in certain jobs and are
segregated in career advancement, this is known as 'occupational segregation’ and is a
leading factor in gender pay differences (England et al., 2020). This type of segregation
often includes women in fields such as caregiving, teaching, and clerical work, whereas
men typically work in fields like engineering, finance, and technology (Blau, 2025;

Kochhar & Dalrymple, 2023). Moreover, women often do not reach leadership positions
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in professions dominated by women due to systemic issues, such as limited opportunities
for mentoring and promotion bias (Hays-Thomas, 2022; U.S. GAO, 2023).

Results of empirical studies demonstrate that horizontal segregation based on
gender is a significant factor influencing pay differences (Beroiza-Valenzuela, 2025).
Women commonly hold positions such as home health aides, childcare workers, and
personal care aides because they often pay less than other jobs and are frequently
overlooked, despite their crucial role in meeting important social needs (Beroiza-
Valenzuela, 2025; Kochhar, 2023). Women most often hold positions such as receptionists
and nurses, but at the same time, they take home only 78.7 and 89.4 cents for every dollar
men earn (Milli et al., 2017). This situation, even with strong experience and education,
confirms that women's roles are regularly valued less in the workplace (Blau & Kahn, 2017;
Dalrymple, 2023).

Nonetheless, men overwhelmingly work in STEM fields and are paid substantially
more (Jergins, 2023). Choi’s research (2018) suggests that men and women are not hired
equally for the best-paying jobs in this field. There is an additional challenge because
women in STEM fields rarely reach top management positions (England et al., 2020).

Recent literature documents that caregiving duties often fall disproportionately on
women, making it difficult for them to pursue jobs with long or set hours in fields such as
law, medicine, and executive positions (Blau, 2025; Kochhar, 2023). According to studies,
the strict requirements in many workplaces deter women from pursuing high-paying jobs
that often require them to work long hours or relocate (Blau, 2025), resulting in horizontal

and vertical segregation.

20



Although many studies indicate that segregating occupations by gender exacerbates
gender pay differences, their opinions diverge regarding the extent to which the pay gap
stems from systemic inequality or individual choices. Some researchers, such as Blau &
Kahn in 2017, point out that part of the difference results from family factors and work-
life balance. Still, others insist that unfairness plays a significant role in society and the
workplace (Dalrymple, Kochhar, 2023).

Additionally, long work hours are more common in higher-skilled professions, such
as law and medicine (Blau, 2025). The combination of rigid policies and extended hours
may discourage women from participating in or remaining in the workforce (Kochhar,
2023), which could explain why women tend to be more concentrated in service and
clerical occupations, which are typically lower-paying (Choi, 2018). Changing workplace
policies to reduce long-hour requirements and provide more generous parental leave may
help make underrepresented workers feel entirely accepted and encourage women to enter
traditionally male-dominated, high-paying occupations (Hays-Thomas, 2022), thereby

aiding in closing the gender pay gap (Alkadry & Tower, 2006).

2.3.1.3 Pay Negotiation

Studies have found that differences in salary negotiation and outcomes for men and
women aid the persistence of the gender pay gap. Regardless of the field or educational
level, women often fail to negotiate for better pay or benefits (Bear et al., 2023). Women
who negotiate with their employers often request lower pay than men, thereby widening
the overall pay gap throughout their careers (Moty et al., 2024; Diaz, 2024). Tandon (2024)
noted that deep-seated social beliefs and the underrepresentation of women in important

positions discourage women from negotiating confidently.
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Diaz (2024) also asserts that women are less likely to negotiate for higher pay or
benefits because they face fewer opportunities and highly value work-life balance (Tandon,
2024). Additionally, the fear of being criticized or overlooked can deter women from
negotiating their pay (National Organization for Women, 2019; Tandon, 2024).
Furthermore, individual compensation details are kept confidential, making it difficult to
ascertain fair market salaries (Diaz, Tandon, 2024). This is especially true for women
returning to the workforce after a career break (Tandon, 2024).

Additionally, salary discussions in the private sector occur on a one-on-one basis and
are not open. While men and women should receive equal pay for similar jobs, exceptions
for seniority and merit do exist (Hegewisch et al., 2020). Researchers label this
phenomenon as ‘discretionary bias’ (Lane etal.,2014). These biased perceptions regarding
individuals’ experiences, performance, or potential can obscure the contradictions between

equal work and unequal pay.

There is considerable variation in pay, organizational values, employee roles, and
industry opportunities that can significantly impact outcomes (Dalrymple, 2023).
However, evidence shows that when employees are aware of pay bands or compensation,
such as in the public sector, early in the hiring process, it encourages equal pay for men
and women (Blau, 2025; Choi, 2018). When employers provide information on pay and/or
pay bands, women applicants gain a better understanding of fair compensation (Blau,

2025).

Overall, studies agree that the lack of pay transparency makes it challenging for
women workers to recognize that they are underpaid and achieve favorable negotiation

results (Tandon, 2024). Greater transparency regarding pay and pay distribution statistics
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could help women negotiate with more confidence and improve pay parity (Tandon, 2024;

U.S. EEOC, 2021).

2.3.1.4 Salary History

Reliance on salary history perpetuates pay discrimination (Elsesser, 2024; U.S.
EEQOC, 2021). The idea that using previous salaries is fair is not accurate, as it often masks
the inequalities that work against women in new workplaces. Consequently, pay inequality
can persist when workers apply for or transfer to a new job. For example, in 2019, a class
action lawsuit was filed against Disney for gender pay inequality (Elsesser, 2024). One
woman accused Disney of paying her $20,000 less than a male colleague who had several
years less experience (Elsesser, 2024). According to Monti et al. (2020), an analysis of pay
data revealed that women were paid less than men for performing the same work. Monti et
al. concluded that there was an extremely low probability of obtaining these results if
gender differences did not exist (2020). More significantly, Monti et al. observed a sharp
decline in the pay gap following a policy change in which Disney no longer based new hire
starting salaries on their previous salaries (2020), highlighting the importance of such
changes for achieving equal pay in the workplace.

Currently, policymakers are responding directly to the issues raised by these
challenges. Californiais among many states and localities inthe U.S. that have banned the
use of salary history at the recruitment stage (Dalrymple, 2023; U.S. EEOC, 2021). If
women experienced pay disparities in their previous jobs, these gaps will be mirrored in
their new roles (Dalrymple, 2023). The systemic issue of pay inequality is sustained by
new employers using salary history as a measure of productivity (Blau, 2025; Dalrymple,

2023). While some economists argue that women do not benefit from salary bans,
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numerous studies on state salary history bans indicate that women's relative earnings rise
when employers do not rely on salary history to determine compensation (Blau, 2025; U.S.
EEOC, 2021).

Adding salary history to algorithmic pay models increases bias. Biased salary
records in training data can enable models to perpetuate or even exacerbate unfair gender
differences, as described in recent literature on ethics in machine learning (Barocas et al.,
2023). The recurring issue of algorithmic bias indicates that ethical modeling and legal

developments concur on the necessity of selecting features fairly in model predictions.

2.3.2 Gender Pay Disparity Consequences

Gender pay disparity is a deeply ingrained issue that affects society as a whole (U.S.
Senate Committee on Health, Education, Labor & Pensions, 2013). Pay disparity is not
only a women’s issue; it impacts families and communities as cohesive units (APA, 2016).
When people do not receive equal pay for their work because of gender, families
experience less economic security, and the broader economy suffers (Talafha et al., 2025;
APA, 2016). Pay disparity can perpetuate a cycle of poverty and hinder access to
healthcare, leading to long-term consequences for women (Talafha et al., 2025).

Recent research has shown that pay inequality can perpetuate poverty from one
generation to the next and often prevents people from accessing essential services, such as
healthcare (Talafhaet al., 2025). When income is lower over the years, individuals usually
save less for retirement and depend more on social programs (Talafha et al., 2025). Such
outcomes collectively have a significant impact on women's future lives and perpetuate
social inequality. Diminished productivity at the general economic level occurs due to

gender pay gaps (ILO, 2023). If labor markets were more justand open, gender pay parity
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would make a significant contribution to global gross domestic product, as shown by the
ILO (2023).

Many agree that significant economic and social issues are caused by pay disparity.
However, various ideas exist about the causes and how to address them through policy. For
example, certain research highlights that the pay gap is mainly due to people being
clustered in specific jobs and the disadvantages that working mothers face (Blau & Kahn,
2017). However, other studies highlight that unconscious bias and organizational practices
are key factors (ILO, 2023). Moreover, earlier research often involved small and similar
groups for study, and lacked examination of long-term outcomes, making it more
challenging to create findings that apply to a broader population. Hence, there is a need for
a more robust predictive method to help reveal and anticipate unequal pay in the private

sector.

2.3.2.1 More Women Live in Poverty

Because of gender pay gaps, there are more women than men in the U.S. who live
in poverty (APA, 2016). The U.S. Census Bureau measures poverty using annual money
income thresholds based on family size and composition (2024b, 2025a). The U.S. Census
Bureau reported that in 2023, 23.6% of single female-led households, 12.4% of single
male-led households, and 5.2% of married couple households lived in poverty (2024b). In
other words, single female-led households are almost twice as likely to experience poverty
compared to single male-led households.

The consequences of the gender pay gap are far-reaching and have a significant
impact on a woman’s overall economic security and the broader economy (Milli et al.,

2017; U.S. Senate Committee on Health, Education, Labor, and Pensions, 2013). Lower
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pay results in lower lifetime earnings, reduced retirement savings, and less access to credit,
which can lead to financial difficulties (Curran & Mahutga, 2018; Milli et al., 2017).
Women from marginalized communities are even more likely to experience poverty due to
the pay gap, and more than half of women would earn more if they were paid the same as
men of the same age with similar educational backgrounds and hours of work (Milliet al.,
2017). Furthermore, if women received equal pay, the poverty rate for working women

would decrease by almost half (Milli et al., 2017).

2.3.2.2 Fewer Women in Older Population Demographics

Government assistance programs such as Medicaid and Medicare have contributed
to improved health among the older population (Mather et al., 2020). The growth of the
U.S. population aged 65 and older is rising (U.S. Census Bureau, 2024a), and the gender
gap in U.S. life expectancy is narrowing (Mather et al., 2020). As shown in Figure 2, the
growth rate of males aged 65 and older is increasing faster than that of females in the same
age range (Mather etal., 2020; U.S. BLS, 2023). This trend is projected to continue through

2060 (Mather et al., 2020).

However, older women are more likely to live in poverty (APA, 2016). Research
highlights that life expectancy may be more influenced by socioeconomic factors, such as
income stability, educational attainment level, and occupation, rather than by medical
progress (Scommegna et al., 2018). The gender pay disparity reduces the generation of
wealth, limits access to sustained healthcare, and increases the likelihood of living in
poverty (APA, 2016; Scommegna et.al, 2018). Women aged 65 and older are more likely
to live in poverty compared to men in the same age range (U.S. Census Bureau, 2024b).

Moreover, research has demonstrated a connection between income inequality,
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poverty, and health (Curran & Mahutga, 2018). Women living in poverty face limited
access to health care and may struggle to afford routine preventative care or treatment
(Curran & Mahutga, 2018). Poverty can lead to an unbalanced diet, resulting in poor
nutrition and chronic health conditions (APA, 2016; Scommegna et al., 2018).
Consequently, restricted access to healthcare can lead to disease progressionand illnesses,
potentially shortening life expectancy (Curran & Mahutga, 2018). Additionally, research
indicates that poverty may be linked to mental health conditions, such as depression and
anxiety (APA, 2016). Women experiencing poverty often encounter all of these factors,

which have a direct impact on life expectancy (Scommegna et al., 2018).

U.S. Population Growth
Ages 65 Years and Older by Gender
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Figure 2.  2014-2023 U.S. Population Growth by Gender for Ages 65 and Older (U.S.
Census Bureau, 2024a)

2.3.2.3 Reduced Economic Growth

The lack of pay parity is a crucial issue that affects all of society (Millietal., 2017).

Paying women the same as men for equal work is a matter of basic equality (U.S. EEOC,
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2021). Research suggests that pay inequity not only limits women's financial autonomy but
also reinforces gendered divisions of unpaid labor, such as caregiving and household
responsibilities. This disproportionate burden can reduce women’s labor force participation
and limit their contributions to economic productivity, ultimately constraining overall
economic growth (Blau & Kahn, 2017). Closing the pay gap would also stimulate the
economy (Millietal., 2017; Raupp, 2025). In 2020, a study released results indicating that
closing the gender pay gap could contribute $512 billionto the U.S. gross domestic product
(Roy). The study further emphasizes that gender pay inequity affects nearly all facets of
society, including education, healthcare, retirement, democracy, international trade, and
criminal justice (Raupp, 2025; Roy, 2020). The World Economic Forum has also estimated
that approximately 20 percent of the global GDP is lost annually due to gender pay gaps
(2024). In other words, the impacts of gender pay inequality extend beyond individual
persons and begin to shape the overall economies of countries, as well as the global

economy (Woetzel et al., 2015).

Women generally carry more student loan debt than men, but the return on
investment in education is less in proportion to men’s with every degree that is earned
(Raupp, 2025). The pay gap makes it harder for women to repay their loans and increases

the likelihood of default, which costs taxpayers (Raupp, 2025).

Furthermore, the number of incarcerated women has risen from 26,326 in 1980
(Budd, 2024) to a staggering 190,600 women in 2024 (Kajstura & Sawyer, 2024). On the
surface, it may seem that women are becoming a greater threat to society. However, many
of these women are arrested for minor crimes and are kept there because they cannot post

bail as they await their trials. Women who cannot make bail earn a median income that is

28



nearly 30% lower than the median income of men who cannot make bail. As a result, the
gender pay gap has effectively created the ‘gender bail gap’ (Raupp, 2025). Additionally,
80% of the women incarcerated in 2020 were mothers, which puts the children of those
mothersat an increased risk of poverty and violence (Raupp, 2025). These studies suggest
that the effects of the gender pay gap are far-reaching in both economic and social aspects.
Most studies conclude that eliminating the gender pay gap will yield positive economic
benefits. However, further research is needed to better understand the benefits of advanced
modeling techniques in this area. This study will investigate the use of predictive models

in understanding how policies and other factors influence pay equality.

2.4 Regression Analysis

Regression analysis is a statistical method used to establish a relationship between
two or more variables. It predicts how the value of a dependent variable (y) changes when
one or more independent variables (x) change. Several types of regression analysis exist.

Linear regression analysis involves one independent variable and one dependent
variable, where the relationship between the variables is linear (Roustaei, 2024). Nonlinear
regression encompasses nonlinear relationships between the dependent and independent
variables (Roustaei, 2024). Both multiple linear and multiple nonlinear regressions are
utilized for multiple independent variables and a single dependent variable. Regression
analysis is used to forecast future outcomesand is applied in various industries, including
finance, marketing, social sciences, and healthcare. Regression models are used to predict
stock prices, sales, market trends, system performance, and social behaviors.

When studying the relationship between salary and gender, regression analysis is

used to examine the impact of factors such as education, age, and sector. Traditional
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regression models cannot handle non-linear patterns and are more likely to fit the given
data too closely when training on very little data (Menard, 2010). Machine learning
techniques have recently helped fix some of these issues, but new challenges exist when

understanding the model used.

2.4.1 Linear Regression

Linear regression is a method used for modeling the relationship between a
dependent random variable (y) and two or more independent random variables (x) when
the relationship is linear. A linear regression model (Wissmann et al., 2011) is often
represented as Equation (1) in its most generic form:

y=a+bx Q)
Where:

y is the dependent variable,

X is the independent variable,

a is the y-intercept, and

b is the slope of the regression line

Linear regression models help reveal how various influences relate to a specific
result; for instance, they can be applied to predict sales numbers, understand the reasons
behind the gender pay gap in the private sector, or explore other outcomes (Roustaei, 2024).

Still, linear regression models have some limitations that must be understood when
analyzing gender pay disparity. A key aspect of linear models is that the effect of one
variable is independent of the effects of other variables. Therefore, the model typically

does not include possible interactions, and these must be added to investigate them. If
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these interactions are not considered, the conclusions may not show the whole picture
(Wissmann et al., 2011).

Although many studies used linear regression to examine gender pay gaps, those
approaches to selecting and modeling variables differ (Conyon, 2024; Eichinger & Mayer,
2022; Sterlinget al., 2020). For example, studies can rely solely on ordinary linear models
to examine the relationship between gender and pay without considering the impact of
other variables (Elstohy et al., 2024). Researchers delve into more detail by adding
interaction terms to the regression model, allowing them to study complex connections
(Elstohy et al., 2024). Still, these measures can encounter problems with multicollinearity
or fail to account for other important variables when examining numerous socio-economic
details.

Nevertheless, scientists elect to use machine learning to model non-linear
relationships (Zhang et al., 2024). This approach has been criticized, as the models are
often not transparent, which leads to issues related to fairness in decision-making regarding
pay inequality (Zhang et al., 2024). This study aims to fill this gap by employing both
traditional linear models and interaction terms, as well as testing machine learning
algorithms, to analyze the gender pay gap without compromising the model's

interpretability.

2.4.2 Multiple Regression Analysis

Multiple regression is a method used to model the relationship between a dependent
random variable (y) and two or more independent random variables (x), where this
relationship is linear. In multiple regression, there is more than one explanatory variable.

A multiple regression model (Harrell, 2016) is often represented as Equation 2:
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y=By+ B X;+ -+ B,X, +¢ (2
Where:
y is the dependent variable,
Bo is the y-intercept,
B1, Bz, Bs, ..., Bn are slope coefficients,
X1, X2, X3, ..., Xy are the independent variables, and

€ is the error term

2.4.3 Nonlinear Regression

Unlike linear regression, which assumes a linear relationship, nonlinear regression
can model more complex interactions between variables when the relationship between
variables is curved or has different slopes. Various nonlinear models, including
polynomial, logarithmic, exponential, and logistic models, can be used to estimate the
relationship between variables that exhibit more complex behavior (Kumar & Singh,
2019). Gender pay studies encompass multiple factors, including education, age, and
sector, to demonstrate how women fare in comparison to men. Nonlinear models can

uncover pay disparities that are not apparent in linear regression.

2.4.3.1 Polynomial Regression

Regressionwith polynomials is a form of regression where the relationship between
the dependent variable and independent variable can follow a curved line, such as in a
quadratic or cubic function. A polynomial regression model (Harrell, 2016) is often

expressed as Equation 3:
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Y= Qo+ a;x; + ayx? 4 - apx™ (3)
Where:
y is the dependent variable,
ap is the y-intercept,
ai, a, as, ..., an are slope coefficients, and
X1, X2, X3, ..., Xn are the independent variables

Although a polynomial regression model can fit nonlinear data and be used for
multiple predictor variables, models can become extremely complex. When modeling
salary data, polynomial regression can be used to account for a nonlinear relation between
variables (Das et al., 2020). Moreover, because a polynomial regression model is linear in

parameters, it can also be considered a form of linear regression (Harrell, 2016).

2.4.3.2 Least Absolute Shrinkage and Selection Operator

The Least Absolute Shrinkage and Selection Operator (LASSO) regression isatype
of linear regression used to simplify models or prevent overfitting (Wright et al., 2011).
LASSO regression is particularly effective for enhancing the accuracy of models that use
many predictors (Wright et al., 2011). Statistically insignificant variables are removed
while identifying significant variables. LASSO can identify key factors that influence

salary, thereby simplifying and improving the accuracy of the model.

2.4.3.3 Random Forest Regression

Random forest regression employs decision trees to predicta variable. With random

forest regression, predictions are generated for both linear and nonlinear data by recursively
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splitting the data into subsets, which are used to make predictions at each leaf node (Hastie
et al., 2009). Random forest regression is widely used in machine learning to model
complex relationships (Meinshausen, 2006). Random forest regressionis commonly used
to predict salaries and performs well when applied to large datasets (Eichinger & Mayer,

2022).

2.4.3.4 Additional Regression Methods

Many regression models are used in predictive analysis. Other models include
logarithmic, exponential, and logistic regression. Logarithmic regression is a type of
regression in which the output consistently increases or decreases over time (Kahane,
2008). Common use cases include the growth of infants, the production of goods, and
chemical reactions. Logarithmic models exhibit rapid increases or decreases initially but
then taper off as time progresses. Exponential regression is a type of regression where the
output initially increases slowly but then accelerates rapidly without bound. Exponential
regression models are commonly used to predict growth and decay (Dunteman et al., 2006).
Logistic regression is a type of regression that increases over time and slows as it
approaches a limiting value. Logistic regression models are most effective for modeling
phenomena with limits on expansion, such as population growth or the spread of a disease.
More significantly, logistic regression models are used to predict the outcome of two
possible outcomes (Adeli et al., 2020). Consequently, this model cannot be used to predict
numerical values, such as salary. Foundation models are trained on large datasets and then
adjusted to make predictions on a subset of data (Vafaet al., 2025). These models are based
on transfer learning, which can accelerate model training. However, the adjusted models

will inherit biases from the foundation model.
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As with all machine learning models, the best model is selected to fit the data,
striking a balance between bias and precision. Every model must be evaluated for its
applicability in gender pay analysis (Bach et al., 2018). For this study, logarithmic,
exponential, logistic, and foundation models were excluded due to the incompatibility of

the techniques in the representation of salary data.

2.4.4 Regression Limitations

In this Praxis, regression modeling is used to predict salaries based on gender. The
application of various methods to develop an effective regression model helps identify
trends in gender pay disparity across sample datasets. This practice evaluates different
methodologies to determine the best model for predicting salaries for men and women of

the same age and educational attainment.

Regression modeling is a tool that can be useful for predicting future values and
detecting trends in data (Fox & Weisberg, 2019). However, the quality of a regression
model is influenced by the data and the relationship between dependent and independent
variables (Harrell, 2016). If independent variables are highly correlated, it can increase

model errors, which is known as multicollinearity (Fox & Monette, 1992).

Data and model transformation may be necessary for accurate predictions, which
can be challenging and lead to overfitting or underfitting of variables in the model (Harrell,
2016). Consequently, it is essential to assess the fitness of the regression model to address
the aforementioned limitations and challenges. If the model is a poor fit, it will not

accurately identify trends in the data, resulting in inaccurate predictions of future values.
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2.4.5 Machine Learning in Gender Pay Disparity Studies

Several studies have been conducted to understand gender pay disparities using
machine learning techniques such as foundation models, LASSO regression, and random
forestalgorithms (Bonaccolto-Topfer & Briel, 2022; Forshaw et al., 2024; Sanghvi & Jain,
2023; Vafa et al., 2025). Although there is debate on the causes and consequences of the
pay gap (Lips, 2013; Sanghvi & Jain, 2023), studies agree that eliminating compensation
inequalities will improve socioeconomic conditions for everyone (Lips, 2013; Sanghvi &
Jain, 2023). The results of gender pay disparity studies differ substantially based on the

application of different machine learning techniques.

While some studies use regression models that control for individual work and job
characteristics (Forshaw et al., 2024), others use more complex methods to explore
disparities across job titles, age, performance, education, seniority, base pay, bonus, and
department (Bonaccolto-Topfer & Briel, 2022; Sanghvi & Jain, 2023). These models may
not accurately represent feature importance (Sanghvi & Jain, 2023), are difficult to

comprehend (Forshaw et al., 2024), and introduce bias (Vafa et al., 2025).

In 2023, Sanghvi & Jain published a study that used a random forest algorithm to
analyze the gender pay gap based on nine features. However, data was collected from the
Glassdoor website for eight different job titles (Sanghvi & Jain, 2023). Although the
random forest algorithm is a popular machine learning technique, the quality of the data
used is unknown. Glassdoor data uses salary estimates provided by users. It may not
accurately reflect workforce data. This Praxis will use data provided by leading

government agencies to inform the feature selection process.
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Forshaw et al. (2024) use a double LASSO method with stacking regression to
support causal inference on a wide range of variables, including demographics, education,
job, and soft skills. Subsequently, the analysis comprised a total of 486 covariates. Such a
model is highly complex, making it difficult to understand and validate. This Praxis will

develop a model that is accurate yet simple.

Foundation models are a relatively new method that was explored by Vafa et al.
(2025). Foundation models are trained on large datasets and then fine-tuned to support
forecasting on smaller datasets (Vafa et al., 2025), which can introduce bias in the fine-
tuned models. In Vafa et.al’s (2025) research, a custom model was developed, which was
then adjusted to minimize predictive error. Additionally, the data included hand-
constructed summaries of individual data to predict salary (Vafa et al., 2025).
Consequently, the effectiveness of fine-tuning the model and its precision remains
unproven. This Praxis will use widely used and well-understood regression techniques to

predict salary and gender pay disparities.

2.4.6 Model Performance Evaluation

The phrase ‘best fit’ refers to the identification of the function that minimizes the
sum of the squared differences between observed and predicted data using the regression
model (Fox, 1997). Best fit explains the relationship between the dependent and
independent variables.

Several metrics can be used to determine the best fit model and check how well a
regression model matches the data. The method of least squares is often used to find a
model that best fits a dataset (Fox, 1997). There is a variety of linear and nonlinear least

squares methods. Linear least squares methods find the equation of a line, while nonlinear
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least squares methods find the equation of a curve that best fits a dataset (Hastie et al.,
2009).

The coefficient of determination, or R-squared (R?) value, measures the average
squared difference between observed and predicted values. Even if R? is high, it does not
always mean the model is accurate in predicting results. The analysis of R? will indicate
whether the regression model captures the key factors influencing gender pay inequality in
the private sector. The Root Mean Squared Error (RMSE) measures the average of the
absolute differences between observed and predicted values (Hastie et al., 2009). Finally,
the mean absolute error (MAE) measures the average absolute difference between observed
and forecasted values (Hastie et al., 2009). When assessing predictive models for salary,
RMSE and MAE emerged as preferred evaluation metrics to measure errors between
observed and predicted values (Naser & Alavi, 2021).

Utilizing a combination of these metrics ensures that the model is a good fit for the
data. Bringing these together in line with previous studies on regression is very important.
Although R%, RMSE, and MAE are commonly used in labor economics and machine
learning (Elstohy et al., 2024; Naser & Alavi, 2021), their interpretations vary across the
public and private sectors. The primary difference between previous studies and this study
is that a comprehensive set of metrics is used, providing a clearer view of the model's

performance.

Not all earlier studies have employed multiple metrics to assess the robustness of a
model, which may lead to incorrect conclusions about its accuracy (Elstohy et al., 2021).
Additionally, using only R2 in some research can be questioned, as it fails to account for

problems caused by overfit models or outliers (Rahman et al., 2025). This research employs
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a combination of various metrics, which helps provide a more accurate and comprehensive

evaluation of the model.

2.5 Summary and Conclusion

Gender pay disparity is a persistent issue in the U.S. workforce, where women, on
average, earn less than men in comparable positions. Although federal legislation was
enacted to promote pay equality, the gender pay gap has narrowed only slightly. Research
has shown that gender bias, occupational segregation, pay negotiation, and salary history
perpetuate discrimination against women’s earnings. This issue affects society and the
economy as a whole. More women live in poverty than men, which impacts wealth, health,
and life expectancy. Women also carry more debt than men, and the number of women

becoming incarcerated is rising.

Regression analysis is a method used to establish arelationship between dependent
and independent variables. It can be employed to predict trends in data. Multiple regression
models are available, and several have been employed in previous research on gender pay
disparity. The random forest algorithm, LASSO, and foundation models have been used
in prior research. However, the models were created from low-quality data, were difficult
to comprehend, and introduced bias. This Praxis uses high-quality data from government
workforce agencies to develop simple and accurate regression models. R2, RMSE, and

MAE are metrics that are used to identify the model that best fits the data.

2.6 Literature Gaps and Research Contribution

This study aims to address the limitations outlined in the literature review. A
significant amount of research has been conducted to investigate gender pay disparities.

Studies identify various driving factors and employ different machine learning techniques
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to predict the gender pay gap. Prior research confirms gender pay inequality. However,
previous research is insufficient because it develops highly complex models that are
difficult to understand and validate, uses lagged or low-quality data, or introduces bias.
Furthermore, prior research has failed to identify the underlying drivers of gender pay
disparity and provide actionable recommendations to promote equality (Bach et al., 2024).
Previous research lacks data on intersectional factors such as private and public sector
workplace culture and policies. Lastly, previous research does not fully address

occupational segregation and its significant contribution to the gender pay gap.

This research makes five novel contributions: (1) provides a linear regression model
to predict gender pay disparity in the private sector; (2) conducts predictive modeling of
the influence and interaction of gender on median salary using empirical data; (3) conducts
predictive modeling of the influence and interaction of education on median salary using
empirical data; (4) conducts predictive modeling of the influence and interaction of age on
median salary using empirical data; and (5) conducts a comparative analysis of gender pay
disparity in equivalent federal government and private sector occupations. These
contributions will inform the existing body of knowledge by identifying variables that can
be used to predict salary, providing a multilinear regression model for predicting salary,
providing a linear regression model for forecasting gender pay parity, and conducting a
case study of the gender pay gap in private and public sectors to show that the federal

government can be used as a model to eliminate the gender pay gap.
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Chapter 3. Methodology

3.1 Storyboard

This storyboard outlines the methodology in Figure 3. The storyboard illustrates
the connection between the research objectives, questions, and hypotheses and the problem

statement.

Problem Statement

Although U.S. federal lanws prohibit gender discrimination andrequire equal pay in
the workplace, women continue to earn less than men whenworking in equivalent roles,
which perpetuates systemic barriers anda lifetime of financial inequalify

v

v

Research Objective 1
Conduct a comparative analysis of
gender pay disparity in equivalent

federal government and private sector
occupations

Research Objective 2
Develop a multilinear regression model
to identify variables that are correlated to
pay.

Research Objective 3
Develop a linear regression model to
predict gender pay disparity in the
private sector.

Research Question 1
To what extent does the private sector
exhibit greater gender-based pay
disparities than the federal government
in computer and mathematics

Research Question 2
How do gender. education, and age
predict salary differences in the private

Research Question 3
‘What is the rate of change in the gender
pay gap in the U.S. private sector

. sector? workforce?
occupations?
- hesis 1 Hypothesis 2
ypothesis The regression model will demonstrate Hypothesis 3

Empirical data will show that the pay
disparity of women in computer and
mathematics occupations in the private
sector is higher by 10 cents for every
dollar than in the federal government.

a statistically significant relationship
between gender. education. age. and
pay in the private sector, with gender
exerting a measurable influence on pay
disparities.

The predictive model will estimate that
at the current rate, it will take several
decades in the private sector to achieve
pay parity in the U.S.

Case Study

Multilinear

Regression Model

Linear Regression

Model

Figure 3.  Methodology Map

3.2 Introduction

This chapter outlines the methodology used in this Praxis to address the research

guestions and test the proposed hypotheses. This chapter describes how a regression model
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was developed, trained, validated, and tested to predict the mean salary based on gender.
Additionally, the chapter also details the steps taken to create, train, validate, and test a
predictive model that estimates when gender pay parity will be achieved in the U.S.
Additionally, this chapter covers the datasets used in model development and the methods
employed to transform these datasets for analysis.

When selecting a regression-based modeling solution, the primary focus was on
interpretability and generalizability. Linear regressionwas chosen because of its ability to
define the relationships between variables, including gender, education, and experience,
and because it provides transparent coefficients that are easy to understand. Multilinear
regression also allowed for the examination of the relationship between various
independent variables, including age and education, offering more insight into factors
contributing to the gender pay gap. This approach aligns with the first research question,
which explores whether the gender pay gap is more prominent in private sector STEM
positions than in the public sector.

Data transformations, standardization, and normalization were utilized to ensure
scientific rigor and model robustness in the analysis. All variables were carefully selected
to align with the research questions and existing literature (Blau & Kahn, 2017; Kochhar,
2023). The model was selected based on the need to balance simplicity, interpretability,
and performance, with regularization employed to prevent overfitting and enhance the
generalizability of the findings. This action contributes to addressing the research question
about the structural differences in compensation systems between the public and private
sectors, wherein standardized federal systems can reduce this difference, unlike the more

flexible compensation practices in the private sector (Jergins, 2023).
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The data used for model development was obtained using the U.S. OPM and the
CPS; hence, the sample size was sufficiently large to support sound analysis. In the
modeling validation and testing, the data was split into training and testing sets, and a
stratified sampling method was used to maintain the gender distribution across the datasets.
Model performance was evaluated using cross-validation techniques, and measures of
predictive accuracy included the RMSE, MAE, and R?.

Such an approach leads to transparency and reproducibility, a best practice in data
science and computational reproducibility (Barocas et al., 2023). All code and data have
been deposited in a GitHub repository, as outlined in Appendix C, providing future
researchers with the opportunity to replicate the study or build upon the results. A version
control of all model codes is also part of the reproducibility strategy, as it allows other
researchers to evaluate the model and improve its robustness.

Furthermore, a case study of STEM occupational fields in the private and public
sectors was conducted, mapping jobs across sectors to compare gender pay disparities,
compensation practices, and hiring processes. This case study controls for STEM
occupations to closely examine the average earnings of men and women working in high-
paying occupations. Prior research indicates that the low educational attainment of women
may contribute to the lower pay they receive compared to men (Choi, 2018). However, in
an attempt to minimize variance in educational attainment, this case study focuses on
STEM occupations, which typically require more education, specialized training, and
certifications for entry into these fields. This case study examines data collected from 2014

to 2023 to pinpoint recent trends in gender pay disparities across the private and public
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sectors. This case study will demonstrate that the gender pay gap is more pronounced in

the private sector and that the public sector can serve as a model to eliminate pay inequality.

3.3 Data Collection

The data utilized in this Praxis was collected from various publicly available
information sources provided by the federal government between 1991 and 2023.
Population demographics were collected and analyzed to assess pay disparities across
different categories, including age, educational attainment, and gender. Data was collected

from:

e U.S. Bureau of Labor Statistics (BLS)

The U.S. BLS is an agency of the U.S. DOL and is responsible for collecting and
analyzing data on employment and unemployment, prices and inflation, and workplace
safety (U.S. BLS, 2025). The bureau produces the monthly CPS, which provides household
data on a sample of the U.S. population. The CPS is important in studying trends in

earnings based on gender and other demographic variables.
e U.S. Census Bureau

The U.S. Census Bureau is the largest statistical agency of the federal government and
the lead agency responsible for collecting and analyzing demographic and economic data
on the population and economy (U.S. Census Bureau, 2017). Every decade, the U.S.
Census Bureau conducts a comprehensive survey of the U.S. population, capturing
demographic data on age, gender, and ethnicity (U.S. Census Bureau, 2017). Additionally,
the U.S. Census Bureau collects data on employment and salary in various industries and

markets (U.S. Census Bureau, 2017). The U.S. Census Bureau conducts a Decennial
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Census of every U.S. resident (U.S. Census Bureau, 2017). The U.S. Census Bureau also
conducts an Economic Census every five years to assess U.S. businesses and benchmark

the Gross Domestic Product and Producer Price Index (U.S. Census Bureau, 2017).

e American Community Survey (ACS)

The U.S. Census Bureau conducts the ACS and provides detailed information on the
U.S. population and housing (U.S. Census Bureau, 2024b). Survey results are released
annually in numerous tables and reports. The ACS provides 1-year and 5-year estimates
for different segments of the population, which can be used to detect trends and shifts in

U.S. demographics and economics (U.S. Census Bureau, 2025b).

e Current Population Survey (CPS)

The U.S. Census Bureau and the U.S. BLS sponsor the CPS, which provides statistics
on employment and unemployment (U.S. Census Bureau, 2024a). The CPS is conducted
monthly, and households are selected to represent the nation's demographics (CPS, 2024).
In addition to collecting employment information, the survey also gathers demographic
information about the population, as well as important details on health and work

experience (CPS, 2024).

e U.S. Office of Personnel Management

The U.S. OPM is the lead federal government agency responsible for providing
statistical information about the federal civilian workforce. The U.S. OPM has multiple
programs in workforce policies and benefits. The U.S. OPM responsibilities include three

categories: 1) conduct background checks on federal workforce applicants 2) provide

45



human resource policies for the federal workforce, and 3) administer federal workforce

benefits (U.S. OPM, 2025a).

e FedScope

FedScope is a web-based tool that is sponsored by the U.S. OPM and can be queried to
view data on the demographics of the federal civilian workforce. This tool provides current
and historical data in the public sector that can be used to extract information on federal

jobs, including STEM occupations.

The data used in this Praxis was constructed in Microsoft Excel and imported into R
Studio 2024.12.0 Build 467 on a high-performance computing device with the following
specifications: Windows 11 Pro 64-bit operating system, Intel Core 19-10980HK central
processing unit @2.4 gigahertz, and 32 gigabytes of random access memory. The central
questions for Praxis research guided the selection and use of data. The RQs and data that
were used to address each RQ are provided below:

(RQ1) To what extent does the private sector exhibit greater gender-based pay
disparities than the federal government in computer and mathematics occupations?

This research question is analyzed using data collected from the U.S. OPM (FedScope)
and U.S. Census Bureau (ACS) from 2014 to 2023. To compare private and public sector
salary data, relevant research was conducted to determine which jobs align with STEM
occupations. The occupations that were examined and the findings are described in Section
3.3. Using FedScope, a custom query was developed to extract relevant data on the federal
civilianworkforce from the web-based tool. Only data for full-time, permanent employees
working intechnology and math occupations for the DoD was used to analyze employment

trends. The following workforce query was used to filter the FedScope data:
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e Replace Row: Type of Appointment - Permanent

e Replace Row: Work Schedule - Full Time

e Replace Row: DoD Agencies All

e Replace Row: STEM — STEM Occupations (Tech, Math)
o Nest Row: Gender — All
o Nest Row: Education Level — All

o Nest Row: Salary Level — All

Employment Trend (Year-to-Ye Agency - All +  Most Current Quarter v  CFO/CIO Act Agencies - All ¥ DOD AGENCIES ~ Location - All =  Age - All ¥  Bargaining Unit 5|
@ [ Agency - All <
# ("1 Most Current Quarter Employment
# [C] CFO/CIO Act Agencies - Al as values SEP 2019 SEP 2020 SEP 2021 SEP 2022 SEP 2023 Most Current Quarter

= (> DaD Agencies - All
# [ DOD AGENCIES

=] ALL OTHER AGENCIES S
% [ Location - All -
-] Age ’,AI,I ) 2210-INFORMATION TECHNOLOGY MANAGEMENT
# [ Bargaining Unit Status (BU
# [ Disability Status - All Female

# [ Education Level - All

=3 Gender - Al 2529

£] Female BETWEEN HS & BACHELORS

E] Male

5] Unspecified $220,000 - $239,999 NA NA NA NA NA NA
# [ General Schedule and Equ $240,000 - 259,999 NA NA NA NA NA NA
# [ Length of Service - All
# ("] Occupation - All $260,000 - $279,999 NA NA NA NA NA NA
# [ Occupational Category - Al $280,000 - $299,999 NA NA NA NA NA NA

# [ SES/SL/ST Pay Plans - All T o
# [ Pay Plan and Grade - All $300.000 - $349,999 NA NA NA NA NA NA
# [ Salary Level - All

= [ STEM & Health Occupatior $350,000 - $399,999 NA NA NA NA NA NA
= (C» STEM OCCUPATIONS $400,000 - $449,999 NA NA NA NA NA NA
# ] SCIENCE OCCUPAT
= (&> TECHNOLOGY OCC $450,000 - $499,999 NA NA NA NA NA NA
5] 2210-INFORM# Unspecified or Zero NA NA NA NA NA NA
% ] ENGINEERING OC(
4 [ MATHEMATICS 0 Salary Level - Al 35 35 a1 34 a9 a9
# [ HEALTH OCCUPATION: BACHELORS
) ALL OTHER OCCUPATI
] UNSPECIFIED Less than $20,000 NA NA NA NA NA NA
S Status - Al
@ [ Supervisory Status §20,000 - §29,999 NA NA NA NA NA NA

#- ("] Telework Eligibility Indicatc
= £ Type of Appointment - All £30,000 - $39,999 NA NA NA NA NA NA
# (1 Permanent

% [*] Non-permanent $40,000 - $49,999 NA NA NA NA NA NA
E] Unspecified $50,000 - §59,999 16 13 17 12 15 15
# (7] Veterans - All
= £ Work Schedule - Al $60,000 - $69,999 25 32 36 3 2 23
=07 Ful-time $70,000 - 79,999 8 2 35 3 35 35
#-[C Not Full-time
a— $80,000 - $89,999 18 19 37 34 40 40

Cild A= - n-E- 0 EE0-HEE D ? -

Figure 4.  Sample Data from 2019-2023 FedScope Employment Trend Cube

The workforce query was iteratively run, with varying years of data from 2014 to
2023 against selected Tech and Math occupations (Appendix B). FedScope provides data

in sets of cubes, which display data in 5-year increments. Queries were created and
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iteratively runto generate a consolidated dataset for each occupation. Figure 4 provides an
example of the data that was mined and exported from the FedScope web-based tool.
Annual data was aggregated across occupations and compiled into a single dataset.

Using U.S. BLS (CPS Table 39) data, estimated annual earnings by gender for
Computer and Math occupations were calculated. Figure 5 presents a snapshot of a segment
of rows and columns in CPS Table 39.

CPS data presented annual median weekly salary earnings for various occupations.
Additionally, median weekly salary earnings were provided by gender. Data was
aggregated from 2014 to 2023 into a single dataset for computer and mathematics
occupations (Appendix A). Annual median salary earnings for those occupations were

calculated by using a multiplier of 52.

2023
Total Men Women
Median Median Median
Number of weekly Numberof weekly Numberof weekly
Occupation workers | earnings = workers | earnings = workers @ earnings
Total, full-time wage and salary workers 120,907 $1,117 66,700 $1,202 54,207 $1,005
Professional and related occupations 32,088 1,458 14,645 1,736 17,443 1,278
Computer and mathematical occupations 6,129 1,890 4,522 1,976 1,607 1,628
Co_mplfter and information research 38 ) 2% : 12
scientists
Computer systems analysts 485 1,701 291 1,894 195 1,487
Information security analysts 209 2,133 169 2,306 40

Figure 5.  Sample Data from 2023 Current Population Survey Table 39

The gender pay disparity was calculated using data collected from both FedScope
and CPS. Subsequently, the gender pay disparity was compared across the public and
private sectors from 2014 to 2023. This provided a quantitative measurement of the

prominence of gender pay inequality in technical occupations in the public and private
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sectors. The highly complex method that was used to extract data from FedScope required

multiple-pass reviews to preserve data quality and eliminate inconsistencies in the data.

A two-sample t-test was conducted in Excel to determine if there is a statistically
significant difference between the sectors' data. Assumptions for the t-test are that the data
are normally distributed, independent, and have homogeneity of variance. The null
hypothesis proposes that there is no statistically significant difference between sector
means. The alternative hypothesis proposes that there is a statistical ly significant difference
between sector means. A 95% confidence interval is used to reduce uncertainty in the
estimates. Once the t-test is computed, the p-value, mean difference, and standard
deviations are assessed. If the p-value < 0.05, then the null hypothesis is rejected, which
means that the difference in means between sectors is not equal to zero.

(RQ2) How do gender, education, and age predict salary differences in the private

sector?

Thisresearch question is addressed by conducting a correlation analysis and developing
a regression model to understand the relationship between variables. Data were collated
from the U.S. Census Bureau and the U.S. BLS (CPS Table P-28), which provides
information on the mean earnings of workers aged 18 and over by educational attainment
and age from 1991 to 2023. Using R, the correlation between variables was calculated from
the data. Figure 6 presents a snapshot of a segment of CPS Table 28. The data was
transformed into a usable format, which reduced the volume of the data and provided
annual mean salary by gender for different age categories and educational attainment

levels.
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Less than 9th grade

2023
Male Female
Educational attainment,  Number with Mean earnings Number with Mean earnings
year, and age earnings Current 2023 earnings Current 2023
(thousands) dollars dollars (thousands) dollars dollars

Total 2,611 42,800 42,800 1,329 28,750 28,750
18 to 24 years 151 31,060 31,060 54 (B) (B)
25 to 34 years 312 63,690 63,690 120 22,670 22,670
35 to 44 years 690 39,160 39,160 280 26,380 26,380
45 to 54 years 685 40,820 40,820 390 37,350 37,350
55 to 64 years 563 39,520 39,520 338 25,700 25,700
65 years and over 210 47,380 47,380 147 19,910 19,910

Figure 6.  Sample Data from 2024 Current Population Survey Table 28

A multilinear regression model was developed to analyze the relationship between
age, education, gender, and salary. The model is used to predict how changes in age and
educational attainment impact a woman’s salary. To ensure that model predictions are

accurate, several model assumptions were made:

Linearity: The relationship between variables is linear.

e Normality: Residuals are normally distributed.

e Homoscedasticity: Residual variance is constant.

e Multicollinearity: Independent variables are not highly correlated with

each other.

To confirm the assumptions, the data were plotted to check for linearity. Residuals
were plotted against the fitted values to check for homoscedasticity, and a correlation
matrix was used to ensure the independent variables were not highly correlated with each
other. Variance was also calculated to measure the variance of an estimated regression

coefficient.
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(RQ3) What is the rate of change in the gender pay gap in the U.S. private sector

workforce?

This research question is addressed by creating a simple linear regression model to
predict gender pay parity. Data were collated from the U.S. Census Bureau and the U.S.
BLS (CPS) Table P-28, which provides information on the mean earnings of workers aged
18 and over by educational attainment and age from 1991 to 2023. Data was engineered by
taking the difference between male and female mean earnings to create a new data field
that reflects gender pay disparity. Similar to multilinear regression models, to ensure that

model predictions are accurate, several model assumptions were made:
e Linearity: The relationship between variables is linear.
e Normality: Residuals are normally distributed.
e Homoscedasticity: Residual variance is constant.

These assumptions were confirmed by plotting the data to check for linearity.
Additionally, residuals were plotted against the fitted values to verify homoscedasticity.
Verification of model assumptions was necessary to rule out bias and inaccurate

predictions.

3.4 Data Pre-Processing

Data pre-processing is required to improve data quality and enhance model
performance. The sampling is extensive, covering millions of records from various sources.
Standard imputation techniques were employed to fill in the missing data, which did not
significantly impact the validity and robustness of the analysis. In this dataset, when the

minimum dataset requirements were not met, the CPS represented the datawith a letter. In
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the imputation process, this letter was replaced with a numerical value of zero. However,

to avoid artificially skewing the results by injecting salaries of zero, those values were

removed in their entirety from the dataset to ensure that the model only used actual salary

values.

Additional data cleansing, transformation, and reduction are performed to handle

data inconsistencies, make the data more manageable, and convert it into a format that

supports analysis. For data to be included in this research, it must satisfy the following

inclusion criteria:

34.1

The dataset must be complete for the calendar year.

The dataset must originate from a prominent U.S. federal organization whose

mission entails conducting statistical analysis of the U.S. populationand economy.
The dataset must include demographic data that is characterized by gender.
The data collection and analysis methodology must be available in addition to the

data.

Data Transformation

The datasets include categorical, ordinal, and numerical inputs. To prepare data for

analysis, all data was transformed to convert categorical data to binary and ordinal

encoding. Binary encoding is used for data that is categorized into two values, such as zero

or one. Ordinal encoding is used when data has an order. In Table 1, categorical education

data were transformed into ordinal factors ranging from zero to eight.
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Table 1.

Ordinal Representation of Education Categories

Educational Attainment

Ordinal Value

Less than 9th Grade

9th to 12th Grade (no diploma)

High School Graduate (includes equivalency)

Some College, No Degree

Associate Degree

Bachelor’s Degree or More

Master’s Degree

Professional Degree

Doctorate Degree

(N[O B|W[IN|FL]|O

Gender data was transformed, as shown in Table 2, into nominal factors of zero and

one, where male is represented by the number zero and female is represented by the number

one.
Table 2. Nominal Representation of Gender Categories
Gender Binary Value
Male 0
Female 1

Age data was provided as a range in the original dataset. To make these ranges

usable in regression modeling, they were converted by finding the midpoint of each range

to serve as a representative value. Table 3 illustrates a one-to-one representation of the

data.
Table 3. Numerical Representation of Age Categories
Age Range Ordinal Value
18 to 24 years 21
25 to 34 years 30
35 to 44 years 40
45 to 54 years 50
55 to 64 years 60
65 years and older 70

53



The transformation steps applied are consistent with best practices for pre-
processing data to ensure consistency and handle potential skewed distributions. Notably,
outliers and skewness were the primary elements to be addressed during pre-processing.
The interquartile range was used to identify outliers in the data, and extreme values were
either capped or discarded to prevent them from distorting the model assumptions (Field,

2018).

3.4.2 Independent Variable Selection for Model

Variable selection ensures that the most appropriate variables in the dataset are used
to build the model. To evaluate the statistical importance of variables, correlation analysis
was performed. Correlation analysis is one of the primary statistical methods used to
evaluate the suitability of the prospective independent variables. Such a technique enables
the assessment of the strength of relationships between variables. The results provide
insight to determine which variables are good predictors of salary and explain the

differences in pay by gender.

Pairwise correlation was performed to understand the strength of the relationship
between variables (Fox, 1991). Correlation values range from negative one (perfect
negative correlation) to positive one (perfect positive correlation), indicating the direction
of the relationship between two variables. A positive value indicates that the relationship
Is positive; when one variable increases, the other variable also increases. A negative value
indicates that when one variable decreases, the other variable decreases as well. A value of
zero indicates that there is no apparent relationship between the two variables. Correlation
should be assessed prior to making decisions on model parameters. A strong correlation

may indicate that a predictor variable is superior to others as a predictive parameter for a
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dependent variable. When modeling a dependent variable, the independent variables
should not only show correlation but also be statistically independent as represented in

Equation 4.

r = Y- yi-y)

X022y —9)? 4)

Where:
r is the Pearson correlation coefficient,

Xi is the x variable sample,

x is the mean of values in x variable,

yi is the y variable sample, and

y is the mean of values in y variable

Two datasets were used to estimate the contribution of variables to salary using
correlation analysis. The first dataset used ten years of the most recently available data,
from 2014 to 2023. The second dataset used aggregate data available from 1991 to 2023.
Tables were generated using the cor() function in R to assess the strength of correlation
between variables. The study aimed to determine the intensity of the correlation between
gender and salary, while controlling for other factors such as education and age. Such a
methodological choice ensured a profound understanding of the variables contributing to
gender pay disparity.

Multicollinearity is a severe issue in regression models because it can distort
estimates and make results less reliable. The Variance Inflation Factor (VIF) was calculated
to assess the level of multicollinearity. If variables show high multicollinearity, then they

are removed from the model.
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Recursive Feature Elimination (RFE) was employed to improve the selection of
independent variables. RFE is a variable reduction method that sequentially eliminatesthe
least significant variables based on the model's performance, ensuring that only the most
predictive variables are included in the final model (Hastie et al., 2009). The approach
helps minimize the model's complexity and reduce overfitting by removing irrelevant or
redundant features (Rahman et al., 2025).

In summary, the variable selection procedure, which involved correlation analysis,
detection of multicollinearity, and recursive feature elimination, was crucial in developing
a predictive model that accurately represents the factors contributing to gender-based pay
disparities. This combination of statistical reasoning and domain knowledge makes the

model highly predictive of gender pay gaps in the private sector.

3.4.3 Dependent Variables

For this Praxis, two predictive models were developed. One dataset was constructed
to predict salary based on gender. A second dataset was constructed to predict when gender
pay parity will be achieved in the U.S. Although both datasets were constructed from the
same raw data, the transformation process differed. The prediction of salary required a
comparison of data on mean earnings by gender over time. Predicting gender pay parity
required a comparison of data on the gender pay gap over time. Both models are designed
to serve as substantive tools that can inform debates around gender pay disparity, support

advocacy for pay equality, and track progress over time.

3.5 Methods and Models

Regression modeling is the primary analysis method used in this research to

investigate gender pay disparity. The methods described in this section include both linear
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and non-linear regression. These approaches were employed to develop models for
estimating and predicting gender pay equality and salaries. R Studio was used to import
datasets and develop the algorithms. Each model was trained, validated, and tested, and
this process was repeated to identify the best-fit models. Variables were selected to study
the relationship between salary and gender. Additional variables were also evaluated to
understand their impact on women's salaries, including age and educational attainment.
Statistical assessments were performed to examine multicollinearity among variables, the

model's fit, and residual plots. Outliers identified were removed from the dataset.

3.5.1 Multicollinearity of Variables

To assess multicollinearity, a correlation matrix was developed to identify the
relationships between variables. High correlation may indicate multicollinearity
(Wissmann et al., 2011). Additionally, the VIF was evaluated to measure the level of
multicollinearity inthe model. A VIF greater than five may also indicate multicollinearity
(Fox & Monette, 1992). Neither of the aforementioned methods revealed multicollinearity

between variables.

The Generalized VIF (GVIF) is used for regression terms that have more than one
degree of freedom (Df) (Fox & Monette, 1992). The GVIF can be calculated for each
predictor in a model by estimating the effect of a predictor while accounting for model
interactions (Fox & Monette, 1992). Results were created using the function car::vif to

assess multicollinearity of the data variables (Fox & Weisberg, 2019)

3.5.2 Model Fitness

The R? and adjusted R? values were evaluated to measure how well variance in the

dependent variable is explained by the independent variables. Higher R? and adjusted R?
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values indicate a good fit of the model. The salary data showed natural fluctuations over
time, which can create noise or errors when modeling. Additionally, the small dataset can
amplify noise in the model. For these reasons, to avoid overfitting, an R and adjusted R?

value of at least 0.8 was the threshold for model fitness.

The MAE was evaluated to measure the average difference between the actual data
values and predicted values. With MAE, outliers can impact the value. Data values were
plotted, and outliers were removed. The RMSE was also evaluated to measure the average
squared difference between actual data values and predicted values. Lower MAE and
RMSE values may indicate that the average error in model predictions is small (Fox, 1991).
The RMSE was calculated using the rmse function in R, while the MAE was calculated

using the mae function in R.

Non-normality of residuals was evaluated to assess the accuracy of the coefficients.
Residuals were displayed in a histogram to determine if the residuals show a pattern. If the
graphical representation of residuals shows a pattern, such as a curve or wave, then the
model may not be appropriate for the data. If the residuals show no clear pattern, then the
model is likely a good fit.

The tests of the hypothesis for the developed model relied on R?, MAE, and RMSE
to determine whether the noted differences between the predicted and observed values were
statistically significant. By doing so, this methodology ensured that a mathematically
sound regression model was developed, which can be used to provide credible information
on the gender pay gap issue. When assessed jointly, these metrics will provide a clear

picture of the model's predictive ability in evaluating gender pay gaps.
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3.6 Model Training and Validation

Model training is a process that uses a dataset to traina model to make predictions.
To effectively train the models, the validation set approach was implemented. The datasets
were split into two sets. One set was used to train the data. The other set was used to test
the model. The training set was generated by randomly selecting 80% of the dataset. The
remaining 20% was used as the test data. In R Studio, two data partitions were created. The
cross-validation method employed was k-fold cross-validation. This approach was selected
because it builds the model multiple times using different partitions of the data each time,
thereby reducing the likelihood of missing important data when building the model. The k-
fold cross-validation technique helps minimize the variance of the model. This technique
ensures that every data point is utilized in both training and validation, making the model's
performance more reliable. In particular, the 10-fold cross-validation was selected because
it balances the model's computation cost and the quality of the model validation (James et
al.,2017). As shown in Table 4, the following process was implemented for each regression

model training and validation evolution:

Table 4. Regression Model Training and Validation Evolution
Step 1. Step 2. Step 3. Step 4.
Data Partitioning Model Test Set Prediction | Model Evaluation
Development

The data was strata-
randomly divided
into 80 percent
training and 20
percent testing
portions, ensuring
both sets have a
proportional
representation of all

A new model was
developed using the
training dataset. The
training data was
used to develop a
regression model. A
regression model
was selected based
on its explainability

The new model was
used to make
predictions on the
test set data.

Model fithess was
measured using the
R?, RMSE, and MAE
as metrics.
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classes (Angrist & and capacity to
Pischke, 2015). illuminate the role
of predictors,
including gender,
education, and age,

in the pay gap.

Model evaluation and refinement, or tuning, occurred after the model was trained, tested,

and validated.

3.7 Empirical Data Evaluation

Empirical data analysis was conducted to support the first hypothesis, which states
that the pay disparity of women in computer and math occupations in the private sector is
higher than in equivalent occupations in the federal government. Data sets from 2014 to
2023 were exported from FedScope and the CPS. The dataset was exported in table format
to Microsoft Excel. The dataset was reduced and normalized to minimize the impact of
differences on the analysis. Once the data transformation was complete, the delta between
the mean salaries for both men and women in computer and math occupations inthe private
sector and those in DoD technology and math occupations in the public sector was
calculated. The results provided an estimated value for gender pay disparity across sectors,

which was used to address the hypothesis.

3.8 Correlation Evaluation

Data was collected from 1991 to 2023 from the CPS. The covariance was measured
to assess how much the variables in the dataset changed together. Covariance is further
interpreted by computing the correlation of variations. While covariance measures change,
correlation measures the strength and direction of change in the relationship. The dataset

was imported into R, and a pairwise correlation matrix was created to support the second
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hypothesis, which states that there is a strong correlation between the variables of gender,
education, age, and salary. The Pearson’s product-moment correlation coefficient is the
default method used in R. The cor( ) function was used to measure positive and negative

correlation between variables.

3.9 Model Performance Evaluation

Using the dataset generated from the CPS, a model was developed to support the
hypothesis that, at the current rate of change, it will take several decades to achieve pay
parity in the United States. For analysis, 33 rows of data were used, spanning from 1991 to
2023, which contained two variables: asingle numerical dependent variable (pay disparity)
and a single interval independent variable (time in years). A concern in the development
process was determining whether the dataset was large enough to develop a regression
model (Fox, 1991). Research indicates that a reasonable number to plan for is 10 to 20
observations per variable (Harrell, 2016), and the dataset met this guideline. No method
can compensate for weak data (Fox, 1991); therefore, judgment is used to balance precision
and simplicity of the model.

To understand the model, the variables were plotted using a scatterplot. From the
graphical representation, the trend toward pay parity is evident. A line that trends
downward indicates a decline in values, while a line that trends upward indicates an
increase in value. Additionally, when data points are scattered close to the regression line,
it may indicate that the model is a good fit.

Other metrics, such as R?, MAE, and RMSE, were used to evaluate and explain

model output. The coefficients estimated in the output form the regression model. The
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coefficients are interpreted for the slope intercept, which is a constant term that is applied

in the model, and the independent variable rate of change over time.

3.10 Summary and Conclusions

Data was collected from PAI sources provided by the government to assess gender pay
disparity in the private and public sectors. Three research questions were analyzed:

(RQ1) To what extent does the private sector exhibit greater gender-based pay
disparities than the federal government in computer and mathematics occupations?

(RQ2) How do gender, education, and age predict salary differences in the private
sector?

(RQ3) What is the rate of change in the gender pay gap in the U.S. private sector
workforce?

Empirical evidence was used to assess the first research question, comparing gender
pay disparity between the private and public sectors. Additional data was collected to build
predictive models for salary and gender pay disparity. Data cleansing, transformation, and
reduction were performed to address data inconsistencies, make the data more manageable,
and convert it into a usable format. Correlation, GVIF, and multicollinearity were assessed
to select appropriate independent variables. Each model was trained and tested to evaluate
performance against data. After fine-tuning, the models were used in the assessment of the
second and third research questions. Table 5 provides a summary of the research that was

conducted.

62



Table 5.

Research Summary

Research Question

Research Hypothesis

Methodology

Validation

To what extent does
the private sector
exhibit greatergender-
based pay disparities
than the federal
governmentin
computer and
mathematics
occupations?

Empirical data will
show that the pay
disparity of womenin
computer and
mathematics
occupationsinthe
private sectoris 10
cents higher for every
dollar thanin the
federalgovernment.

Case Study

Multiple-pass data
quality reviews

How do gender,
education, and age
predict salary
differencesinthe
private sector?

The regression model
will demonstrate a
statistically significant
relationship between
gender, education,
age, and payinthe
private sector, with
gender exerting a
measurable influence
on pay disparities.

Multilinear Regression
Model

Correlation,
multicollinearity, RFE,
R2, RMSE, and MAE

What is the rate of
change in the gender
pay gapinthe U.S.
private sector
workforce?

The predictive model
estimates that, at the
current rate, it will
take severaldecades
for the private sector
to achieve pay parity
inthe U.S.

Linear Regression
Model

R?, RMSE, and MAE
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Chapter 4. Case Study: Pay Parity in STEM Occupations

4.1 Introduction

This case study has three objectives: (1) examine and compare the gender pay
disparity inthe private and public sectors; (2) identify compensation practices that promote
pay equality; and (3) determine if the public sector is an exemplar model.

Although the U.S. has implemented several laws and legislation to support pay
equality, little progress has been made in narrowing the gender pay gap (Dalrymple, 2023).
The gender pay gap is higher in the private sector when compared to the public sector
(Choi, 2011). This disparity is particularly notable in the computer and mathematical
occupation group, which is part of the Standard Occupational Classification (SOC) system
and encompasses high-demand STEM jobs.

This chapter conducts a selective case study on the pay disparity issue in computer
and mathematical occupations in both the public and the private sectors. It will seek to
explain the role of structural variations in oversight, such as the impact of federal pay
schedules like the General Schedule (GS) system, in creating differences in gender pay
equity. Through these sectoral differences, this case study generates evidence that supports
the hypothesis presented in Chapter 1 —that greater regulatory oversight and standardized
compensation structures in the government sector are associated with smaller gender pay
gaps. Additionally, the results provide empirical knowledge that guides the modeling
approach presented in the previous section and establishes a practical foundation for

forecasting trends in the gender pay gap.
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4.2 Importance of Sector Comparison

Comparing the public and private sectors is crucial for understanding the differences
in gender pay patterns, especially in STEM fields. This comparison provides a unique
perspective on examining the structural and institutional differences in pay practices and
their impact on gender equity. One of the key differences is the way compensation systems
are structured within the two sectors. The federal government, also known as the public
sector, tends to have very standardized pay systems, like the GS system. These structures
provide simplicity, predictability, and little room for pay negotiations, resulting in narrower
gender pay gaps. In contrast, the private sector is more flexible, with pay often determined
by market competition, institutional preferences, and personal bargaining, which can lead
to larger pay disparities, particularly in high-demand fields like STEM (Jergins, 2023).

The comparative analysis helps identify key elements that promote pay equity,
including the presence of diversity, equity, and inclusion (DEI) policies, merit-based
promotions, and the degree to which gender biases are embedded in hiring and pay
decisions. The difference between public and private sector compensation practices serves
as a basis for developing a more refined, multidimensional approach to modeling the
gender pay gap, with clear implications for policy reformsaimed at reducing pay disparities
in both sectors (Choi, 2018). The results of these comparative analyses can be used to
design interventions that aim to achieve pay equality across sectors, offering valuable
insights into how best practices in the public sector can be adapted for the private sector to
help reduce pay inequities.

Figure 7 compares the gender pay gaps in the public and private sectors based on
female earnings relative to male earnings (U.S. BLS, 2023; U.S. OPM, 2024) The pay gap

in the public sector, especially in federal jobs, is significantly smaller (about 99 cents per
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dollar) because the compensation systems are standardized. On the contrary, the gender
pay gap in the private sector is higher, with women earning approximately 82 cents for
every dollar that men earn. This gap highlights the role of flexible pay structuresin the
private sector, which is attributed to market pressure and individual bargaining, thereby

increasing the gender-based pay gap.

2023 Gender Pay Gap Comparison

Public Sector Private Sector

120

100

80

60

40

20

B Male B Female

Figure 7. 2023 Gender Pay Gap Comparison: Public vs Private Sectors (U.S. BLS,
2023; U.S. OPM, 2024)

4.3 Overview of STEM Occupations

STEM occupations are connected to the fields of Science, Technology, Engineering,
and Mathematics. These occupations include Medical Scientists who conduct research to
develop new medicines and treatments; Data Scientists who analyze and interpret complex
data; Civil Engineers who design and build critical infrastructure, such as roads and
bridges; and Mathematicians who create and apply mathematical theorems to solve

problems (Terrell, 2007). STEM careers are vital for innovation and economic growth, as

66



most require advanced education or training and are highly sought after (O’Rourke, 2021).
These careers also offer opportunities for well-paid, prosperous jobs (U.S. DOL, 2022). In
2021, the U.S. DOL estimated that about 10 million people worked in STEM fields.
Furthermore, the U.S. DOL projects that STEM careers will grow twice as fast as other
jobs (2022). Despite strong demand, workforce projections indicate that the U.S. is facing
a shortage of STEM professionals, which is expected to reach approximately 3.5 million
by 2025 (Sayed, 2023). Even more concerning, women are underrepresented in STEM
careers (Kochhar, 2023; U.S. EEOC, 2021). The World Economic Forum estimates that

women make up only 28.2% of the STEM workforce (2024).

4.4 Private and Public Sector STEM Occupations

The private sector and public sector are two distinct parts of the U.S. economy. The
private sector includes for-profitbusinesses and organizations that compete to earn revenue
for their shareholders. The public sector, also known as the government sector, primarily
aimsto serve the public rather than generate profits. The public sector consists of local and
federal agencies operated by the U.S. government and funded through taxpayer dollars.

For this study, only federal government jobs within the public sector are examined.
Additionally, the dataset only includes data for full-time, permanent federal employees
working for the Department of Defense (DoD). This boundary was set because there is
accessible, organized data on the DoD workforce, which maintains detailed records related
to STEM fields in federal jobs. However, studying just one federal department does not
allow for generalizing the findings to the broader public sector, as agencies vary
significantly intheir job classifications and pay systems (Andersson et al., 2021; R. Graves,

personal communication, February 8, 2025).
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Although there are many similaritiesbetween the private and public sectors in terms
of demand and employment for various occupations, the categorization of occupations
varies. This variation poses a problem for conducting data comparisons. Private and public
sector occupation descriptions were compared and mapped to standardize data for

comparison and analysis.

Table 6.  Mapping of Private and Public Sector Occupations

PRIVATE SECTOR PUBLIC SECTOR

15-1211: Computer Systems Analysts 2210: IT Management
15-1212: Information Security Analysts 2210: IT Management
15-1221: Computer and Information Research Scientists 2210: IT Management
15-1231: Computer Network Support Specialists 2210: IT Management
15-1232: Computer User Support Specialists 2210: IT Management
15-1241: Computer Network Architects 2210: IT Management
15-1242: Database Administrators 2210: IT Management
15-1243: Database Architects 2210: IT Management
15-1244: Network and Computer Systems Administrators 2210: IT Management
15-1251: Computer Programmers 2210: IT Management
15-1252: Software Developers 2210: IT Management
15-1253: Software Quality Assurance Analysts and Testers 2210: IT Management
15-1254: Web Developers 2210: IT Management
15-1255: Web and Digital Interface Designers 1550: Computer Science
15-1299: Computer Occupations, All Other 2210: IT Management
15-2011: Actuaries 1510: Actuary

15-2021: Mathematicians 1520: Mathematics
15-2031: Operations Research and Analysts 1515: Operations Research
15-2041: Statisticians 1529: Mathematical Statistician
15-2051: Data Scientists 1560: Data Scientist
15-2099: Mathematical Science Occupations, All Other 1501: General Mathematics
No civilian match 1541: Cryptanalysis

Occupation descriptions from the American Community Survey (ACS) and U.S.

OPM were used for mapping. Common words and phrases were reviewed to map
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occupations. Occupation descriptions have changed over the years. Therefore, some
occupations were combined to reflect these changes. For example, Data Administrators
(15-1242) and Database Architects (15-1243) were combined. Computer Network Support
Specialists (15-1231) and Computer User Support Specialists (15-1232) were also
combined. Additionally, although Cryptanalysis (1541) is recognized as an occupation in
the DoD, there was no civilian match that could be reasonably equated, and therefore was
not included in the cross-sector comparison. Within the broader list of STEM occupations,
Table 6 shows the mapping of a subset of STEM occupations across both sectors, which
was required to create a common taxonomy of occupations. Findings revealed that twenty -
one computer and math occupations in the private sector align with nine technology and
math occupations in the federal government. This mapping enabled a more cohesive
occupational taxonomy, on which a stronger analysis of pay gaps in STEM positions across

sectors can be based.

45 Private Sector STEM Workforce

Despite the high demand and low supply of STEM professionalsin the U.S., women
working in STEM jobs still earn less than men (Beroiza-Valenzuela, 2025; U.S. DOL,
2022). Figure 8 shows gender pay trends in computer and math jobs in the private sector
over the past decade (U.S. BLS, 2025). According to the 2023 U.S. Bureau of Labor
Statistics, women in private-sector STEM roles earn approximately 82 cents for every
dollar men earn in similar positions, a slight increase from 81 cents in 2014.

The pay inequality may point to a deeply rooted systemic problem in income equality
in the U.S. (Blau, 2025). Such a slow rate of change suggests a lack of progress toward

gender pay equity, particularly given that the technology sector experienced rapid growth
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during the same period. Notably, there was no significant change in the gap in 2017 and
2019, which may suggest stagnation in pay equity efforts despite increased awareness and
diversity initiatives in companies (Blau, 2025; U.S. BLS, 2024). These patterns may reflect
ongoing structural and organizational barriersin the private sector's hiring, evaluation, and

compensation systems.

U.S. Women Annual Earnings Compared to Men
Computer and Math Occupations
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Figure 8.  U.S. Women Earnings Compared to Men Earnings in Computer and Math
Occupations in Private Sector from 2014 to 2023 (U.S. BLS 2013, 2014, 2015,
2016, 2017, 2018, 2019, 2020, 2021, 2022, 2023; U.S.OPM, 2024)

Even amid a severe shortage of workers in STEM, the modest improvements
indicate that systemic issues—such as biased promotion policies, lack of mentorship, and
occupational segregation—may be deeply rooted in the private sector (Blau, 2025; Choi,
2018). To close these gaps, simply increasing the number of women in STEM fields is not
enough; the compensation and promotion systems must also be restructured to ensure equal

opportunities.
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4.6 Public Sector STEM Workforce

The federal government is the largestemployer in the U.S. (U.S. EEOC, 2021; U.S.
OPM, 2025a). As a model employer, it must attract and retain a diverse workforce and
address pay inequality (U.S. EEOC, 2021). The federal government employs workers in
various SOCs, including STEM. Figure 5 shows gender pay differences in technology and
math jobs within the federal government.

While the gender pay gap in STEM jobs has remained relatively stable in the private
sector over the past decade, the federal government has made progress in reducing and
eliminating the gender pay difference in technology and math roles. In 2014, the federal
government paid women in these fields on average 3 cents less than men (U.S. OPM,
2024). By 2023, the government had made evident progress, paying women more than 99
cents for every dollar paid to men in these occupations (U.S. OPM, 2024). Compensation
methods differ between the private and public sectors. Looking at federal government pay

practices can help the private sector identify obstacles that prevent achieving pay equality.

Figure 9 shows the trend in annual earnings of women compared to men in U.S.
Federal Technology and Math Occupations (public sector) from 2014 to 2023, with data
points given as ratios (e.g., 0.936, 0.978). During this period, the earnings gap between
women and men has been decreasing, as reflected by the rising trend in the ratios, and by
the end of the decade, it has nearly closed (0.993). The largest increases occurred in years
when the ratio jumped significantly, such as the rise to 0.978 in 2020 and the peak of 0.993
in 2023, suggesting specific policy changes or systemic shifts. Fluctuations may indicate

temporary stagnation, which could be caused by economic or organizational factors.
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U.S. Women Annual Earnings Compared to Men
Federal Technology and Math Occupations
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Figure 9.  U.S. Women Earnings Compared to Men Earnings in Technology and Math
Occupations in Public Sector from 2014 to 2023 (U.S. OPM, 2024)

Therefore, this upward trend indicates that the public sector is moving toward pay
equity in STEM roles and could achieve full parity if the current trajectory continues.
However, the plateaus in the data show that progress is not steady and may need stronger
efforts, such as stricter pay audits or better disclosure. The public sector seems to be closing
the gender pay gap faster than the private sector, which might be due to standardized pay
scales or stronger equity rules. This contrast emphasizes how policy plays a key role in

driving change that can influence compensation practices in the private sector.

4.6.1 Compensation Practices
The U.S. OPM is tasked with developing and implementing pay policies across the

federal government (2025). The federal system involves a complex process that includes a
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pay band structure with set minimums and maximums, locality pay adjustments, pay
increases, education-based adjustments, job classification, and workforce surveys (U.S.
OPM, 2025d). A standardized pay band system is used to compensate federal employees.
Several pay scales exist within the federal system, based on job classification or type of
work. The Federal Wage System is designed for blue-collar workers, while the Law
Enforcement Officer pay scale covers personnel in law enforcement roles. The Executive
and Senior pay scale compensates senior executives and managers. The GS pay scale is
used for most civilian white-collar federal employees (U.S. OPM, 2025d). This scale
features 15 grades, each with 10 steps. Each federal position is assigned a pay grade based
on factors such as job difficulty, responsibilities, and qualifications (U.S. OPM, 2025d).
Positions requiring advanced education can qualify for higher pay grades. Typically, jobs
requiring a Bachelor’s degree start at the GS-5 level, and those requiring a Master’s degree
begin at the GS-9 level (U.S. OPM, 2025d).

Most new GS employees are hired at Step 1 of a pay grade (U.S. OPM, 2025d). On
average, it takes 18 yearsto advance from Step 1 to Step 10 within a pay grade (U.S. OPM,
2025d). Locality pay is set by the Office of Managementand Budget (U.S. OPM, 2025d).
There are 47 locality pay areas that may be available to federal employees working in high-
cost-of-living regions (U.S. OPM, 2025d). The federal government also offers uniform
annual pay raises to all employees. Special compensation can be provided for outstanding
performance, as determined by employee ratings (U.S. OPM, 2025d). All these factors and
procedures promote pay transparency and fairness, helping to reduce discretionary salary

negotiations that often lead to gender pay gaps in the private sector (Jergins, 2023).
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4.6.2 Hiring Process

There are notable differences between the private and public sectors. The U.S. OPM
manages a database called USAJOBS, which lists federal job openings in the public sector
(U.S. DOL, 2025). The federal government employs three types of hires: competitive
service, excepted service, and Senior Executive Service (U.S. OPM, 2025b). Federal
agencies can use various appointing authorities to hire candidates, including direct hire
authority, disabled veterans authority, and pathways programs for students and recent
graduates (U.S. OPM, 2025c). Congressional civil service laws govern positions in the
competitive service, while excepted service positions follow Presidential statutes or are
managed by U.S. OPM (U.S. OPM, 2025c). Most jobs are in the competitive service (U.S.
DOL, 2025), and applicants go through a competitive hiring process (U.S. OPM, 2025b).
Vacant positions are announced on USAJOBS, with each listing providing details about
the salary range, pay grade, location, duties, requirements, qualifications—including
knowledge, skills, and abilities—and education (R. Graves, personal communication,
February 8, 2025; Bornstein, 2022). These standard postings help ensure salary
transparency and fairness, implying that all applicants, regardless of gender, receive equal
information during the application process (U.S. DOL, 2025).

As a result, public sector hiring processes can be lengthy. Although there are faster
routes into the competitive service, most competitive service jobs still take 2-6 months
because of background checks, multiple testing stages, and internal clearance steps (R.
Graves, personal communication, February 8, 2025; U.S. OPM, 2025c). Although these
delays are often criticized, they are an integral part of a system that aims for transparency

and fairness. One study indicates that this careful process might make gender pay gaps in
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the public sector more equitable compared to the private sector, where gender pay gaps can
be widened through salary negotiations and informal hiring practices (Choi, 2018).
After receiving applications, automated systems and HR experts screen candidates
to evaluate their eligibility and qualifications. The top candidates are invited to participate
in panel interviews and suitability tests. For STEM roles, panel interviews are often used
to ensure consistency and minimize bias. These panels usually include multiple subject
matter experts and HR representatives, which helps standardize evaluation criteria and
reduces potential differences in salary offers based on gender and race (R. Graves, personal
communication, February 8, 2025; Bornstein, 2020). Several rounds of interviews are
standard and help ensure fair treatment, especially for high-demand STEM positions in
cybersecurity and data science (R. Graves, personal communication, February 8, 2025;

U.S. OPM, 2025b).

Conversely, the recruitment process in the private sector is typically faster and less
regulated, often lacking official oversight that can lead to disparitiesin initial salaries and
job assessments, especially for women and disadvantaged minorities in STEM (Diaz,
2024). Therefore, the panel-based and structured recruitment process in the public sector

not only improves transparency but can also help reduce gender pay gaps (Choi, 2018).

4.6.3 New Federal Legislation

In 2021, President Joe Biden issued Executive Order (EO) 14035, which pertains to
Diversity, Equity, Inclusion, and Accessibility (DEIA) initiatives in the federal
government. The order emphasized the importance of removing systemic barriers that
prevent underrepresented communities from joining the federal workforce (EO 14035,

2021). EO 14035 (2021) also seeks to reaffirm that organizations benefit from achieving
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DEI in the workplace. An organization that includes employees from different cultural,
social, and religious backgrounds is considered diverse (Chen & Hamilton, 2015). An
organization that provides equal access and treatment promotes equity (Ferdman, 2014).
An organization that fosters a sense of belonging, makes employees feel valued, and
ensures they feel safe supports inclusion (Ferdman, 2014; Shore et al., 2011). DEI policies
and initiatives benefit employees with disabilities, employees of color, women, and
marginalized employees who identify as lesbian, gay, bisexual, transgender, or queer
(Hays-Thomas, 2022). Moreover, more than 60% of women believe that focusing on
increasing DEI at work adds value to the organization (Minkin, 2023). By promoting DEIA
policies, organizations can reduce discrimination and unconscious bias, while enhancing
organizational performance (EO 14035, 2021), and demonstrating their support for the fair

treatment of all individuals.

In 2025, President Donald Trump signed EO 14151 to end DEI and DEIA programs
and initiatives in the federal government, which aimed to support women who might face
biases and barriers in the workplace. Employees in DEIA roles or organizations were laid
off (EO 14151, 2025). DEI and DEIA offices and budgets were shut down (EO 14151,
2025). EO 14151 also urges the Private Sector to eliminate DEI preferences (2025). These
DEI programs and initiatives were designed to create a more inclusive and equitable
workplace for everyone (Choi, 2011, 2018). This step back from promoting equality
indicates that federal government policies are shifting away from gender-conscious

approaches (Alkadry & Towers, 2006).

Studies indicate that structural barriers, such as negative gender biases, racial

discrimination, social norms, overreliance on limited networks, and economic inequality,
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significantly hinder the growth and progress of talent. These barriers also contribute to the
misplacement of skilled individuals in unsuitable industries (Pande, 2025). Progressive
legislation, affirmative action, and DEI initiatives have reduced obstacles for women in the
workforce (Pande, 2025). However, following EO 14151, many large corporations have
discontinued DEI initiatives aimed at increasing diversity, which may undermine efforts
toward pay equality (Pande, 2025). Currently, the full effects of EO 14151 on pay equity
are unknown. Nevertheless, these regressive changes could further entrench gender pay

disparities and oppose the progress of women's rights in the workplace.

4.7 Summary and Conclusions

Equal pay for equal work remains a key issue in the U.S., yet little progress has
been made in the private sector to close systemic pay gaps. Comparing pay for women in
STEM fields across private and public sectors shows notable gender pay disparities. The
federal government, as a leading employer, has shown that achieving gender pay parity is
possible through consistent compensation and promotion policies. Adopting similar
policies in the private sector could promote pay transparency and help reduce biases that

hinder pay equality.

The comparative study highlights the impact of the public sector's regulatory
framework, with its standardized pay scales and unified hiring procedures, in fostering a
more equitable wage distribution. Conversely, pay systems in the private sector—which
rely on negotiations, market forces, and organizational discretion—contribute to a
persistent gender pay gap. This case study underscores the importance of standardized
structures in reducing pay disparities, suggesting that the private sector could benefit from

adopting a similar approach to the public sector to improve gender pay equity.
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Chapter 5. Results

This chapter presents the results of the analysisand evaluation of the performance
of the models developed and the case study conducted for this Praxis. Descriptive statistics
and regression analysis were employed to analyze the data, addressing the three objectives

and research questions.

5.1 Context
This Praxis aimed to achieve three objectives in support of the hypotheses.
1. Demonstrate that the federal government can serve as a model for pay equity.
2. ldentify variables that are correlated to pay.
3. Develop, train, validate, and test a predictive model that will forecast pay parity.
Three hypotheses were developed to examine the aforementioned objectives, focusing on
gender pay disparity in the private and public sectors, identifying predictors of salary, and

forecasting salary and the achievement of pay parity.

5.2 Hypothesis 1 Results
(H1) Empirical data will show that the pay disparity of women in computer and
mathematics occupations in the private sector is higher by 10 cents for every dollar than

in the federal government.

5.2.1 Data Processing

To test the former hypothesis, the researcher compared pay for women in STEM
fields across both the private and public sector. An assessment of mean salaries for men
and women working in a subset of STEM occupations was conducted to compare gender

pay disparity across the public and private sectors. Data from computer and math
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occupations was explored. Due to differing occupational labels and descriptions, the work
roles of public and private sector occupations were reviewed and mapped to create a
common taxonomy. Subsequently, mean salaries were collected by occupation and gender.
Using that data, the gender pay gap was calculated. Figure 10 depicts the cents per dollar
that women receive for every dollar men receive. The data show a notable disparity in pay

equality for women working in the private sector.

In the private sector, in 2014, women were paid 81.1 cents for every dollar that men
received. Ten years later, women were paid 82.4 cents for every dollar that men received.
The data demonstrates that little change has occurred in achieving pay parity over the ten
years observed. However, in the public sector, women received 97 cents for every dollar
that men received in 2014. Ten years later, women received 99.3 cents for every dollar that

men received.
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Figure 10. 2014 — 2023 Gender Pay Disparity in Private and Public Sectors
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Using a null hypothesis, a two-sample t-test was performed in Excel to compare the
means of the two sectors. As shown in Table 7, the sample size consisted of 10
observations. The degrees of freedom are 18, which is consistent with the number of
observations for each sector minus two. With a significance level of 0.05, the results
indicate a persistent and substantial difference in gender pay equality between sectors. The
means were .829 and .975 for the private and public sectors, respectively. The variance in
each sector is slight, with values of 0.00054 in the private sector and 0.00026 in the public
sector. When pooling the variances of each sector together, the average variance is 0.0004.
The average variance of both sectors is minimal. Furthermore, the p-value for the two-
tailed t-test is 0.000000000003097, which is extremely low. The low p-value (< 0.05)
indicates rejection of the null hypothesis and suggests a statistically significant difference
in the means between sectors. Most significantly, the absolute value of the t-statistic is
16.326, indicating a significant difference between sectors relative to the variation in the

data.

Table 7. T-Test: Two-Sample Assuming Equal Variances
Private Sector Public Sector
Mean 0.8288 0.9748
Variance 0.000536844 0.000262844
Observations 10 10

Pooled Variance

Hypothesized Mean

0.000399844

Difference 0
df 18
t Stat -16.32647114
P(T<=t) one-tail 1.54865E-12
t Critical one-tail 1.734063607
P(T<=t) two-talil 3.09731E-12
t Critical two-tail 2.10092204
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These findings indicate that gender pay disparity is a more significant problem in
the private sector than in the public sector. Further exploration of public sector hiring and
pay structure provided insight into how organizational and cultural norms can create

opportunities for fairness and pay equity in the workplace.

5.2.2 Summary of Results

The findings support the first hypothesis, as gender pay disparity is higher in the
private sector than in the public sector. In 2023, women earned 99 and 82 cents for every
dollar that men earned. Data analysis revealed that gender pay disparity remains a
significantissue in the private sector. In the private sector, over the last decade, the gender
pay disparity has remained relatively unchanged, increasing by only one cent. Inversely, in
the public sector, gender pay disparity is almost nonexistent. Pay equity is a complex issue
(Choi, 2018). However, additional formalized processes, stronger protections against
discrimination, and more transparency in disclosing salaries provide an opportunity to

address pay disparities.

5.3 Hypothesis 2 Results

(H2) The regression model will demonstrate a statistically significant relationship
between gender, education, age, and pay in the private sector, with gender exerting a

measurable influence on pay disparities.

5.3.1 Regression Analysis

Several regression models were used to estimate the relationship between gender,
education, age, and pay. To create a multiple polynomial regression model, critical

parameters were determined to ensure the best model had the lowest number of required

81



parameters while providing maximum accuracy. Models were evaluated using adjusted-
R?, RMSE, and MAE. Model generalizability was evaluated using a k-fold cross-validation
method to reduce variance in predictions. To implement the model, the dataset included
1,023 observations. Due to the complex nature of compensation, this research assumed that
predictor variables, including age, education, and gender, would not independently affect
salary. Interaction terms were included to handle the non-independence of these variables

in the model.

A polynomial model with interactions (see Table 8) was selected to predict salary
to improve fit and accuracy, displaying the highest R? at 0.858 and low RMSE and MAE
values at 9674.246 and 7136.299, respectively. To further interpret the model, residuals—
the difference between the observed and predicted values—are evaluated. This model
displays the minimum residual as -36925 and the maximum residual as 43717. However,
the residual standard error is 9758, which indicates the average distance from observed
values. A small residual standard error, RMSE, and MAE suggest that the model fits the
dataset. Additionally, the F-statistic of 2037 is high, which indicates that the regression
model is significantand useful as a whole. Furthermore, all the coefficients, including the
interaction terms, are statistically significant, having a p-value < 0.001. In regression
analysis, a high F-statisticand a low p-value are strong indicators that the model is a good

fit.

The model uses a combination of orthogonal polynomials and interactions. The
degree of the orthogonal polynomial represents the complexity of the relationship, and in
R, it is called the poly(x, degree) function. The coefficient of orthogonal polynomials

represents a matrix with rows corresponding to the variable points and their respective
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degrees (Kennedy & Gentle, 1980). Orthogonal polynomials are computed for both age

and education.

The intercept of the regression model is 26660, which represents the baseline salary
for a woman with the lowest educational attainment of less than 9th grade and the youngest
age group, 18 to 24 years. The significance of the model implies that the predictors of age,
education, and gender are jointly significant in explaining variation in salary. Year is used
as a predictor variable to facilitate predicting salary over time. The model estimates that

salary increases approximately 1035 per year.

Table 8.  Multilinear Regression Analysis for Salary Predictions by Gender, Age, and

Education

Residuals:

Min 1Q Median 3Q Max
-36925 -5946 -910 4386 43717
Coefficients:

Estimate Std. Error t value Pr(>|t])

(Intercept) 26660 967.8 27.543 < 2e-16 ***
poly(Age, 2)1 192817 19170 10.057 < 2e-16 ***
poly(Age, 2)2 -422095 9877 -42.735 < 2e-16 %=
poly(Education, 2)1 872103 31620 27.580 < 2e-16 ***
poly(Education, 2)2 195958 9875 19.844 < 2e-16 *¥*
Year 1034.6 20.56 50.318 < 2e-16 ***
Education:Age 38.24 5.417 7.059  2.14e-12 *%*
Education:Genderl -1834 147.5 -12.430 < 2e-16 ***
Age:Genderl -210.4 12.93 -16.275 < 2e-16 ***

Signif. codes: 0 ‘***’ (0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 9758 on 2625 degrees of freedom
Multiple R-squared: 0.8613, Adjusted R-squared: 0.8609
F-statistic: 2037 on 8 and 2625 DF, p-value: < 2.2e-16

A residual plot (see Figure 14) was created to visualize the differences between
actual and predicted salaries generated from the regression model—the spread of the
residuals that the regression model trend line moves through most of the data. Outliers from

the model are located at the floor and ceiling of the dataset. This is a result of the sparse
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data that was available for extremely low- and high-salary earners. Subsequently, no issues

with random scatters or heteroscedasticity were identified.

5.3.2 Feature Importance Results

Sensitivity analysis was performed by rerunning the analyses with interval
sampling lengths of 10 years and 33 years to assess if longer sampling periods influence

the estimates.

Additionally, correlation was evaluated to assess the linear relationship between the
two variables. Tables 9 and 10 were generated to evaluate the correlation of variables.
Although there were slight variations in the strength and direction of variable relationships,
both datasets revealed a strong positive correlation between education and salary.
Additionally, both datasets reveal a negative correlation between gender and salary,

suggesting that gender may have a negative impact on salary.

Table 9.  Pairwise Correlation Matrix using 2014-2023 Data
Salary Age Education Gender
Salary 1.0 0.2235509 0.7911041 -0.210818
Age 0.2235509 1.0 0.05559253 0.01367174
Education 0.7911041 0.05559253 1.0 0.07921747
Gender -0.210818 0.01367174 0.07921747 1.0
Table 10.  Pairwise Correlation Matrix using 1991-2023 Data
Salary Age Education Gender
Salary 1.0 0.1499547 0.7050296 -0.2218363
Age 0.1499547 1.0 -0.001985213 0.01935478
Education 0.7050296 -0.001985213 1.0 0.07505418
Gender -0.2218363 0.01935478 0.07505418 1.0
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Correlation coefficients range from negative one to positive one. It is generally
accepted by academia that the closer the correlation coefficient is to zero, the weaker the
correlation. Table 11 presents a widely accepted framework for determining the strength

of correlation.

Table 11.  Strength of Correlation Coefficient

Correlation Range (Absolute Value)
Strong 1 0.5<1.0
Moderate \ 0.3<0.5
Weak 10.1<0.3

5.3.2.1 Salary and Gender Significance

Based on Tables 9 and 10, the correlation between salary and gender is considered
statistically weak, with coefficients of -0.211 and -0.222 for 10 and 33 sampling years,
respectively. However, when interpreting the correlation results, the research problem
statement and questions must be considered. Using workforce data, a graphical
representation of the data (see Figure 11) is provided to show a clear linear relationship
between salary and gender. Every year of data showed that the mean salary women receive
is less than that of men. These findings imply that, although the correlation coefficient
shows a statistically weak negative correlation between salary and women, the negative

correlation remains significant.

Furthermore, Table 8 shows that gender is a significant predictor of salary and
shows strong interaction with both age and education, with a p-value < 0.001. Additionally,
the standard errors are approximately 147.5 (interaction with education) and 12.9
(interaction with age), indicating that slight differences may exist between actual and

observed salaries. Notably, the coefficients for both interactions are negative at -1834 and
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Salary

1210.4, which indicates that the salary for women is less than that of menwhen controlling

for age and education.
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Figure 11.  Graph of Mean Salaries for Males and Females from 1991-2023

5.3.2.2 Salary and Age Significance

Tables 9 and 10 show the correlation coefficients between salary and age, which
are statistically weak at 0.150 and 0.224 for 10 and 33 sampling years, respectively.
However, using workforce data, Figure 12 was generated to assist in further interpretation
of the results. The results show a clear relationship between mean salary and age. The mean
salary increases with age until approximately age 60, after which there is a slight decrease
in the mean salary. The mean salary further decreases when reaching the age of 65. This
trend represents a non-linear relationship and may indicate that there are additional
variables that are not directly observed, such as systemic biases, increased retirement, or

diminished health. The results also suggest that, although the correlation coefficient
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indicates a statistically weak, positive correlation between salary and age, this positive

correlation remains significant.

Upon examining the regression model in Table 8, age is shown to be a useful
predictor variable, with statistically significant interactions with education and gender.
Both interactions showa p-value < 0.001 and standard errors of approximately 5.4 and 12.9
for education and gender, respectively. The coefficient for the interaction of age and gender
is -210.4, indicating that women receive less pay as they age compared to men. However,
the model shows a positive relationship between education and age, albeit slight at 38.24,

which suggests that for aging workers, education can lead to a higher salary.
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Figure 12.  Boxplot of Mean Salaries by Age from 1991-2023
5.3.2.3 Salary and Education Significance
As shown in Tables 8 and 9, the correlation between salary and educational
attainment was statistically strong, with coefficients of 0.791 and 0.705 for 10 and 33

years, respectively. This was further substantiated by graphically displaying the data.
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Figure 13 presents the data in a boxplot. As the educational attainment level increased,
the median salary also increased. The data demonstrates that, with higher educational
attainment, there is an increased earning potential in salary. As a result, the data suggest a

strong, positive correlation between salary and education.

Moreover, the regression model in Table 8 indicates that age is a strong predictor
of salary. As outlined in Sections 5.3.2.1 and 5.3.2.2, education exhibits statistically
significant interactions with age and gender. Both interactions show a p-value < 0.01 and
standard errors of approximately 5.4 and 147.5 for age and gender, respectively. This
suggests that higher educational attainment can lead to increased salary with age. However,

women do not benefit from education as much as men.
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Figure 13. Boxplot of Mean Salaries by Education from 1991-2023

5.3.3 Multicollinearity of VVariables

Multicollinearity occurs when independent variables are highly correlated with

each other. Multicollinearity can make it difficult to interpret model results and reduce
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the stability of model predictions. When multicollinearity occurs between independent
variables, removing one or more variables is a way to stabilize the model. Pearson’s
correlation is one statistical method used to assess correlation and detect
multicollinearity. Another method used to assess multicollinearity is to measure the
GVIF. The GVIF values range from one to infinity. Values closer to one indicate low
multicollinearity. Table 12 shows the GVIF values for the selected regression model with
interacted terms. Based on the GVIF values, there is little multicollinearity between the

independent variables of age, education, and gender.

Table 12.  Generalized Variance Inflation Factor Results with Predictor

GVIF  Df GVIFA(1/(2*Df)) Interacts With
Age 1.007163 7 1.000510 Education, Age, Gender
Education 1.007163 7 1.000510 Education, Age, Gender
Gender 1.007163 7 1.000510 Gender, Age
YearCt 1.007163 1 1.003575

5.3.4 Multilinear Regression Results

Multilinear regression analysis was conducted to predict salary using age, gender,
and education as independent variables. Several models were developed and evaluated to
determine the best model. The R?, RMSE, and MAE were compared to determine if a
model was a good fit. The polynomial model with interactions was considered the most fit.
As shown in Table 13, the polynomial model with interactions yielded the highest R? and
the lowest RMSE. The R? value indicated that a high proportion of the data, approximately

85.8%, can be accurately predicted using the model.
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Table 13.

Regression Analysis Comparison

REGRESSION ANALYSIS R? RMSE
LINEAR 0.726 13444.332
POLYNOMIAL 0.844 10141.582
POLY WITH INTERACTIONS 0.858 9674.246
LASSO 0.711 13805.328
RANDOM FOREST 0.813 11114.404

The R? value does not account for the interaction of independent values. In addition

to assessing the R? value, the RMSE and MAE were also calculated (see Table 14). Both

variables indicated that the average difference between the predicted and actual values was

lower than that of comparative models. The results further confirmed that the polynomial

model with interactions is the best model.

Table 14.  Indicators of Model Fitness for Polynomial Model with Interactions

R_squared

0.8582995

RMSE

9674.246

MAE

7136.299

Another factor considered in selecting the best model was complexity. An overly

complex model is not only difficult to understand, but it can also be difficult to validate.

While some of the models explored were complex, the polynomial model with interactions

proved more straightforward in understanding the nature of the relationships between

independent variables. Table 14 shows the interaction effects of each independent variable

when used to predict salary for women based on age and educational attainment level.
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5.3.5 Summary of Results

In summary, three independent variables were selected for the regression model:
age, gender, and education. Although age and gender statistically show a weak correlation
with salary, further analysis revealed that they are significant in this research. Graphical
representation of the data shows clear relationships between salary and age, as well as
between salary and gender. Analysis of the correlation between salary and education
indicates a strong, positive relationship. In conclusion, findings suggest that age, gender,

and education are significant variables for predicting salary.
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Figure 14.  Residual Plots of Regression Analysis
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5.4 Hypothesis 3 Results

(H3) The predictive model will estimate that at the current rate, it will take several

decades in the private sector to achieve pay parity in the U.S.

5.4.1 Data Pre-Processing

U.S. Census Bureau data from 1991 through 2023 was remediated to generate 33
data points, which reveal gender pay disparity. Mean salaries by gender were used to
calculate the pay disparity. The mean salary reflects the salary received across the U.S.
workforce, which accounts for the averages across workforce age and educational

attainment level. The result was a table with two columns: year and gender pay parity.

5.4.2 Linear Regression Results

A simple, linear regression model (see Table 15) was developed to predict gender
pay disparity. Although the dataset was small, only 33 observations, the relationship
between the dependent and independent variables was easy to interpret. The pay disparity

regression model was generated in Excel and is represented as such in Equation 5.
Pay Disparity = 43.5 - 0.0048 x (# of years from 1991) (5)

The adjusted-R? is 0.929, which is high, indicating a near perfect linear relationship
between variables. The intercept is 43.5 cents, which is relatively close to the expected
value. Additionally, the model predicts that pay disparity will decrease by 0.0048 cents
each year. The p-value <0.001, which indicates statistical significance. The standard error
is small, indicating that observed values fall on average within 0.01278 of the regression
line. The analysis of variance table further shows that the sums of square and the mean

square are 0.07332 and 0.00016, which are small values.
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Table 15.

Regression Statistics

Linear Regression Analysis for Gender Pay Parity

Multiple R 0.964857682
R Square 0.930950347
Adjusted R Square 0.928722939
Standard Error 0.01277943
Observations 33
ANOVA

df SS MS F Significance F
Regression 1 0.068257394 0.068257394 417.9522945 1.49392E-19
Residual 31 0.005062729 0.000163314
Total 32 0.073320124

Coefficients  Standard Error t Stat P-value

Intercept 0.435071803 0.004552311 95.57163172 7.187E-40
PayDisparity -0.00477632 0.000233631  -20.4438815 1.49392E-19

The residual plot (see Figure 16) also indicates a linear relationship in the data and
that the error in predicted and actual values is small. As shown in Table 16, the RMSE and
MAE are low. Based on these statistical results, the regression model is a good predictor

of pay disparity.

Table 16. Indicators of Model Fitness for Linear Model
R_squared RMSE MAE
0.9309503 0.01238612 0.00997118

Although the linear regression model proved to be statistically significant, other
models were evaluated. As shown in Figure 15, logarithmic, power, and exponential
models were used to predict pay parity. However, none of those regression models

outperformed a simple linear regression model.
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Figure 15.  Regression Model Comparison

5.4.3 Summary of Results

Using mean salaries for workers, Figure 16 shows that the model predicts that

gender pay parity will be achieved in the year 2082. However, it is crucial to emphasize

that the gender pay parity projection is based on mean salaries. Therefore, some women

may achieve pay parity sooner, while it will take longer for others to do so.

95



Estimated parity year: 2082.1

02

Gender Pay Disparity

2

Figure 16.  Gender Pay Parity Forecast
5.5 Findings
This research derived the following findings for each hypothesis:
(H1) Empirical data will show that the pay disparity of women in computer and
mathematics occupations in the private sector is higher by 10 cents for every dollar than
in the federal government.

» Gender pay disparity has remained relatively unchanged in the private sector over
the past thirty years, while gender pay disparity isalmost non-existent in the public
sector (federal government). The results of the comparative analysis confirm that,
on average, women in the private sector earn 16.3 cents less than women working
in STEM occupations in the public sector. Findings support the hypothesis and
suggest that, to narrow the gender pay gap, compensationand hiring policies inthe
public sector can serve as a model for the private sector.

(H2) The regression model will demonstrate a statistically significant relationship between

gender, education, age, and pay in the private sector, with gender exerting a measurable
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influence on pay disparities. There is a negative correlation between pay and gender (in

favor of men).

The regression model confirms that education, age, and gender are statistically
significant predictor variables for salary. The negative coefficients for salary
indicate a negative relationship between pay and gender, which supports the second
hypothesis. When examining the interaction of education and age with gender,
coefficients reveal -1834 and -210 values, indicating that salary is lower or

penalized for women.

(H3) The predictive model will show that at the current rate, it will take several decades

to achieve pay parity in the U.S.

The pay gap for women has seen minimal reduction over the past several decades,
when other factors are considered. A regression model was developed to predict
parity. The model suggests that without additional reforms and organizational
changes to bolster pay equality, the average woman will not achieve pay parity

until 2082. This finding confirms the third hypothesis.
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Chapter 6. Discussion and Future Work

This chapter presents a detailed overview of Praxis results. The results indicate that
gender pay disparity is a persistent issue in the U.S. workplace and that, without additional
reforms, the gender pay gap will remain relatively unchanged. Section 6.1 presents the
conclusions derived from this research. Section 6.2 describes new contributions. Section

6.3 identifies research limitations, and Section 6.4 recommends areas for exploration.

6.1 Discussion

This Praxis explored gender pay disparity. Using data spanning 1991 through 2023,
regression models were developed to identify various factors that can impact salary.
Regression analysis was conducted to predict when gender pay parity will be achieved in
the U.S. workforce without the implementation of workforce reforms. Furthermore, this
Praxis identified variables that can be used to forecast salary using gender, education, and
age as predictors. This research is beneficial to organizations, leaders, and activists who

want to assess gender pay disparity in the U.S. workforce. Conclusions are outlined in

Table 17.
Table 17.  Hypotheses and Conclusions

Hypothesis Method Key Metrics Conclusion
Hypothesis 1: Two sample t- | Private sector mean = 0.829, | The gender pay gap
Empirical data will test Public sector mean = 0.975, | is significantly
show that the pay Observations = 10, greater in the private
disparity of women in Pooled variance = 0.0004, sector, with women
computer and p-value < 0.001, earning, on average,
mathematics t-Stat = 16.326 82.9 cents less than
occupations in the men, while women in
private sector is the public sector, on
higher by 10 cents for average, earn < 1 cent
every dollar than in less than men, when
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the federal adjusting for

government. education and age.

Hypothesis 2: The Multilinear R2=0.858, Education, age, and

regression model will | Regression RMSE = 9674.246, gender are significant

demonstrate a MAE = 7136.299, predictors of salary.

statistically p-value < 0.001,

significant coefficients

relationship between

gender, education,

age, and pay in the

private sector, with

gender exerting a

measurable influence

on pay disparities.

There is a negative

correlation between

pay and gender (in

favor of men).

Hypothesis 3: The Linear R2=0.931, Pay parity in the

predictive model will | Regression RMSE =0.01239, private sector is

show that at the MAE = 0.00997, expected to be

current rate, it will p-value < 0.001 achieved around

take several decades 2082, indicating a

to achieve pay parity slow improvement

in the U.S. rate due to market-
driven pay systems.

(H1) A case study of STEM occupations was conducted to compare gender pay
disparity inthe public and private sectors. Despite the enactment of workplace reforms and
legislation to address gender pay disparity, the gender pay gap persists in the private sector.
The study confirmed that the gender pay gap remains considerably higher in the private
sector than in the public sector. This result is consistent with previous research findings
that subjective hiring and compensation practices are important factors in deep-rooted

gender discrimination (Choi, 2018).
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(H2) Using empirical data, a regression model was developed to predict the
dependency and interaction of gender on mean salary. Regression analysis indicates that
the negative coefficient for gender, combined with a low p-value, suggests a strong
association between women receiving lower pay when controlling for educational
attainmentand age. Contrary to expectations, age and education did little to reduce the pay
gap, suggesting that gender discrimination may be a significant factor.

(H3) A predictive model was developed, indicating that current practices will not
achieve gender pay parity until 2082. Most men will continue to benefit from higher
earnings, while women will remain at risk of living in poverty and a future of lower lifetime
earnings. Despite DEI reform initiatives, systemic inequalities persist, and the gender pay
gap has remained relatively flat for the last 10 years.

This Praxis reveals that gender pay disparity is a complex issue with wide-reaching
societal effects. It suggests that a comprehensive approach is essential to eliminate the
gender pay gap, which involves more assertive policies and reforms, organizational
changes in hiring and pay practices, and addressing societal biases in high-earning roles.
This research highlights potential factors affecting women’s salaries. It provides a case
study that can serve as a model for employers to remove barriers to pay equity and foster
an environment of pay equality within the workforce. Although a working model existsin
the public sector, the private sector requires intervention at all levels, including the
implementation of ethical machine learning, policy changes, and cultural shifts in hiring
and compensation practices. Overall, the findings highlight the value of a data-driven

modeling approach in identifying the presence of concealed biases and providing

100



empirical, constructive instruments to transform compensation procedures into more

equitable ones.

6.2 Research Contributions

Thisresearch is beneficial to organizations, leaders, and activists seeking to eliminate
gender pay disparity in the U.S. workforce. This Praxis demonstrates that gender pay
disparity remains a persistent issue, raising concerns about workplace equality. The
research offers the following novel contributions.

The first contribution involved evaluating the impact of gender on mean salary. The
findings showed a negative correlation between salary and the female gender. This revealed
the existence of pay inequality in the U.S. workforce. Additional analysis was conducted
to identify other predictors of salary, including education and age. Findings established a
positive correlation between education, age, and salary. Using these predictors, a regression
model was developed to predict salary by gender based on education and age.

Novel contributions include the development of a simple and accurate multilinear
regression model trained on high-quality governmental data. Previous pay disparity studies
used highly complex models that are difficult to understand and validate. Prior studies
differ in the predictor variables used, as well as in the machine learning techniques
employed. This Praxis offers a new model to measure the gender pay gap and inequality
between men and women in the workplace, contributing to a better understanding of the
gender pay gap for specific groups of women.

Secondly, a comparative analysis of gender pay disparity in equivalent public and
private sector occupations was performed. Research has shown that increased transparency

in hiring practices and salaries can lead to greater pay equality in the workplace. The federal
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government is an exemplary employer, and its framework can be used to guide
organizational practices to address gender pay disparity in the private sector. Drawing on
the federal government’s success in offering equal pay for equal work, the private sector
can identify and address disparity problems.

New contributions include a comparative analysis of the gender pay disparities for
women working in STEM occupation fields in private and public sectors. This case study
introduces a mapping of public and private sector STEM occupations to establish a baseline
for the data and results. This research outlines compensation and hiring practices used in
the federal government that promote pay transparency and equality. To narrow the gender
pay gap in the private sector, this study recommends that the federal government serve as
an exemplar model for the private sector. This research builds upon previous studies that
suggest the occupational field and sector are crucial in examining the gender pay gap (Blau
& Kahn, 2017; Choi, 2018).

Lastly, a linear regression model was developed to predict gender pay disparity.
Results offer new insights into examining progress toward achieving gender pay parity if
current policies and reforms remain unchanged. Analysis predicts that, for the average
woman, the gender pay disparity will be eliminated by 2082.

This research presents a new linear regression model that uses PAI from the leading
workforce agencies to predict when pay parity will be achieved in the private sector. Using
average age and education data for men and women, a model was created that can
accurately predict approximately 93% of observed variance. The distinctive feature of this
contribution is that it models the rate of change in gender pay disparity over time, a vital

yet insufficiently researched area. Previous research indicates that there has been no
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marked decline in the gender pay gap in the private sector (Blau, 2025); however, it does
not address how long it will take to achieve pay parity.

In summary, this Praxis explores several foundational engineering management
concepts, including team leadership, management, resource allocation, and compliance
with laws and regulations. Although federal laws prohibit pay inequality, this research
confirms the existence of gender pay disparities in the workforce. Furthermore, research
suggests that gender pay disparities are persistent and widespread. This Praxis aims to
address this problem by promoting fair treatment, ensuring compliance with laws, and
fostering diversity in the workplace. Engineering managers have the opportunity to oversee
teams and manage resources effectively. This model can be used to better understand

workforce gender issues and identify disparities in the workplace.

6.3 Research Limitations

Despite the strengths of this study, several limitations need to be addressed to put
the findings into perspective and inform future research. These limitations can be
categorized into three broad areas: data limitations, modeling limitations, and concerns

regarding external validity.

6.3.1 Data Limitations

This Praxis uses data from several publicly available sources spanning from 1991
through 2023. This encompasses a small dataset. For more than 150 years, gender pay
disparity has remained a prevalent issue (Alter, 2015). Thirty-three years of data is a
relatively small sample set. More observations on mean salaries for men and women may
improve the accuracy of the regression model. The impact of outliers would be reduced,

and standard errors would decrease, which would increase confidence in the results.
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Research used publicly available data provided in non-standard formats.
Subsequently, all data underwent data cleansing and remediation to standardize the data
formats and remove errors from the data. Although this step was necessary to improve the
quality and usability of the data, there is a risk that valuable data was removed from the
dataset. The data cleansing and remediation process was carefully designed and executed;

however, a risk remains that too much data was removed or altered.

6.3.2 Modeling Limitations

A limited number of predictors for salary were reviewed in this research. This Praxis
developed a simple model that uses education, gender, and age as predictors for salary. The
model does not account for factors such as experience, race, or location. Salary may vary
disproportionately across different demographics, geographical areas, and employee
experience levels. Withimproved data and predictors, the model's predictions may become

more accurate.

6.3.3 External Validity Concerns

Additionally, statistical findings could be further validated with the augmentation of
qualitative research, such as interviews or surveys. This research was based on PAI, which
leading U.S. population and workforce organizations generated. However, interviews or
surveys may capture nuances in human behavior or other phenomena that are not outlined
in this research. These research findings are useful for identifying patterns and trends, but
the scope of this research does not explore causality in depth.

Lastly, the mapping of private and public sector occupations was manually
orchestrated. Due to the small dataset used in the case study, manual analysis was

employed to facilitate a deeper understanding of the data content. More importantly,
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occupation descriptions were sparse and broad. To ensure high-quality results, manual
analysis was selected as the most effective method, enabling domain expertise to be applied
effectively. However, semantic analysis could be explored to further validate the results of

the manual analysis.

6.4 Areas of Exploration for Future Research

Future research should be conducted to explore additional predictors of salary. This
research should be expanded to include other predictors, data findings, and regression
analysis methods. Additionally, the inclusion of more robust data may improve the
accuracy of predictions. The following subsections propose research questions for future

work.

6.4.1 Methodological and Empirical

Methodological areas of exploration are related to improvements to the systematic

approach, while empirical areas of research involve testing theories or models.

6.4.1.1 Model Improvement

Proposed research question: How do ensemble machine learning models compare

to traditional linear regression models in predicting gender-based salary disparities?

Various regression models can be used to predict future values. Several models
were researched and tested prior to the selection of the models used in this Praxis. Although
the selected models are considered suitable for the datasets used, there may be other models
and methods that can produce similar results or provide more accurate predictions.
Although linear and multiple regression models have served well in explaining gender pay

gaps, ensemble learning techniques, such as Random Forest and Gradient Boosting, should
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be explored in the future. Such models might enhance the precision of the prediction, along
with revealing nonlinear and intricate relationships. Ensemble methods behave differently
from linear models and are capable of capturing hidden interactions among variables
related to gender, education, and sector-specific factors. Furthermore, various time-series
models can be implemented when multi-year datasets are available, allowing for the
analysis of the trend in pay alterations over the years. It is also necessary to utilize post-
hoc explainability tools, such as LIME (Local Interpretable Model-agnostic Explanations)
and SHAP (SHapley Additive exPlanations), to make models more transparent and guide
data-driven policy suggestions (Lundberg & Lee, 2017). Improvements from LIME and
SHAP would boost the transparency and interpretability required for adoption at an
institutional level. Unlike existing models, the proposed approach promotes not only

predictive power but also the ethical and practical implications of gender pay equity.

6.4.1.2 Salary Predictors

Proposed research question: What other predictors should be used to forecast

salary?

A multitude of factors can influence salary. This Praxis assessed the interaction of
a subset of potential factors that influence salary. Further research should consider
additional individual factors. Work experience and skills may be positively correlated with
salary. Racial and ethnic disparities in salary should also be explored. Racial discrimination
and biases in hiringand promotion can resultin pay inequality. In 2022, Kochhar reported
that, when compared to men, White women earned 83 cents for every dollar. However,
Black and Hispanic women earned 70 and 65 cents, respectively (Kochhar, 2023). Lastly,

instead of comparing national mean salaries, location should be assessed as a predictor of

106



salary. Large or high-cost-of-living cities may offer higher salaries than smaller, low-cost-

of-living cities.

6.4.2 Theoretical

Theoretical areas of exploration involve understanding concepts or frameworks.

6.4.2.1 Societal Norms and Biases

Proposed research question: Do more men work in high-earning positions than
women?

Gender pay inequality has been a longstanding issue in the workplace, and men
continue to dominate high-paying positions. The Standard & Poor's (S&P) 500 is a stock
index of the 500 largest publicly traded companies in the U.S. In 2020, the U.S. Census
Bureau reported that women comprised less than 6% of S&P 500 Chief Executive Officer
(CEO) positions. Further research should investigate how society favors men in high-
earning positions, examining societal norms, biases, stereotypes, and other barriers that
hinder women's earning potential. The use of interviews or surveys may help capture

complex phenomena, providing more substantial evidence for conclusions drawn.

6.4.2.2 Systemic Barriers

Proposed research question: Is gender pay disparity a systemic problem?

Little progress has been made toward achieving gender pay parity. Men continue
to dominate the workplace in high-earning positions. Women remain underrepresented in
high-paying occupations, with a higher proportion of women employed in caregiving and
administrative roles (U.S. GAO, 2023). Women's overrepresentation in low-paying

occupations may be due to social norms and stereotypes (Dalrymple, 2023). Men have
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consistently held positions of power, such as CEOs and world leaders, which may
perpetuate the notion that men are encouraged and rewarded for pursuing high-earning
occupations (Alkadry & Tower, 2006). Additional research should explore the ratio of men

to women in high-earning positions and investigate systemic barriers that contribute to the

gender pay gap.
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Appendix A.

Private Sector Work Role Descriptions

Taken from the 2025 U.S. Bureau of Labor Statistics Occupational Outlook Handbook and
O*NET Computer and Mathematical Science Occupations, All Other Descriptions

WORK ROLE

DESCRIPTION

15-1211

15-1212

15-1221

15-1231

15-1232

15-1241

15-1242

15-1243

15-1244

15-1251

15-1252
15-1253

15-1254
15-1255

15-1299

15-2011

15-2021

15-2031

15-2041

Computer Systems Analysts

Information Security
Analysts

Computer and Information
Research Scientists
Computer Network Support
Specialists

Computer User Support
Specialists

Computer Network
Architects

Database Administrators
Database Architects
Network and Computer
Systems Administrators
Computer Programmers

Software Developers
Software Quality Assurance
Analysts and Testers

Web Developers

Web and Digital Interface
Designers

Computer Occupations, All
Other

Actuaries
Mathematicians
Operations Research and

Analysts
Statisticians

Study an organization’s current computer systems and
design ways to improve efficiency.

Plan and carry out security measures to protect an
organization’s computer networks and systems.

Design innovative uses for new and existing computing
technology.

See Computer User Support Specialist.

Maintain computer networks and provide technical help to
computer users.

Design and implement data communication networks,
including local area networks, wide area networks, and
intranets.

See Database Architect.

Create or organize systems to store and secure data.
Install, configure, and maintain organizations’ computer
networks and systems.

Write, modify, and test code and scripts that allow
computer software and applications to function properly.
Design computer applications or programs.

Identify problems with applications or programs and
report defects.

Create and maintain websites

Develop, create, and test website or interface layout,
functions, and navigation for usability.

“All Other” titles represent occupations with a wide range
of characteristics which do not fit into one of the detailed
Occupational Information Network (O*NET)-Standard
Occupational Classification (SOC) occupations.

Use mathematics, statistics, and financial theory to
analyze the economic costs of risk and uncertainty.
Analyze data and apply computational techniquesto solve
problems.

Use mathematics and logic to help solve complex issues.

See Mathematician.
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15-2051 | Data Scientists Use analytical tools and techniques to extract meaningful

insights from data.

15-2099 | Mathematical Science “All Other” titles represent occupations with a wide range

Occupations, All Other of characteristics which do not fit into one of the detailed
O*NET-SOC occupations.
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Appendix B.

Public Sector Work Role Descriptions

Taken from the 2018 U.S. Office of Personnel Management Occupational Handbook
and 2021 Data Science Series 1560 Flysheet (U.S. OPM, 2018, 2021)

WORK ROLE

DESCRIPTION

1501

1510

1515

1520

1529

1530

1541

1550

General Mathematics

Actuarial Science

Operations Research

Mathematics

Mathematical Statistics

Statistics

Cryptanalysis

Computer Science

Manage, supervise, lead, or perform scientific work of a
mathematical, statistical, or actuarial nature.

Manage, supervise, lead, or perform scientific work in the
field of actuarial science. Actuarial science involves
professional knowledge of the disciplines of mathematics,
statistics, business, finance, economics, and insurance.
The work requires applying this knowledge to programs or
problems related to the financial risks posed by life, health,
retirement/pension, and property/casualty entities and
contingencies.

Manage, supervise, lead, or perform scientific work that
involves  designing, developing, and adapting
mathematical, statistical, econometric, and other scientific
methods and techniques. The work also involves analyzing
management problems and providing advice and insight
about the probable effects of alternative solutionsto these
problems.

Manage, supervise, lead, or perform scientific work that
involves: ¢ conducting research on basic mathematical
principles, methods, procedures, techniques, or
relationships; or ¢ developing mathematical methods to
solve a variety of scientific, engineering, economic, and/or
military problems where precise specification of the
relationships, rigor and economy of mathematical
operations, and logical deduction are the controlling
considerations.

Manage, supervise, lead, or perform: ¢ scientific work that
involves  designing, developing, and adapting
mathematical methods and techniques to statistical
processes; or ¢ research that relates to the basic theories
and science of statistics.

Manage, supervise, lead, or perform scientific work or
provide professional consultation in applying statistical
theories, techniques, and methods to gather, analyze,
interpret, and/or report quantified information.

Supervise or perform subordinate technical work in the
solution or analysis of secret communication codes and
ciphers.

The application of, or research into, computer science
methods and techniquesto store, manipulate, transform or
present information by means of computer systems. The
primary requirements of the work are (a) professional
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1560

2210

Data Science Series

Information Technology
Management

competence in applying the theoretical foundations of
computer science, including computer system architecture
and system software organization, the representation and
transformation of information structures, and the
theoretical models for such representations and
transformations; (b) specialized knowledge of the design
characteristics, limitations, and potential applications of
systems having the ability to transform information, and of
broad areas of applications of computing which have
common structures, processes, and techniques; and (c)
knowledge of relevant mathematical and statistical
sciences.

Professional positions which primarily involve work
related to identifying the methods, processes, algorithms,
tools, and systems to extract and interpret findings from
varied structured and unstructured data sets related to the
data science lifecycle. Work also involves the
development of algorithms and/or tools to support data
manipulation and processing as well as the use of data
visualization techniques to articulate findings. The
primary requirements of the work are applying
professional knowledge of computer science and
mathematical and statistical theories, techniques, and
methods to gather, analyze, design and construct new
processes for modeling, interpret, and/or report
guantitative information, trends, relationships and
correlations among or within data sets.

Administrative positions that manage, supervise, lead,
administer, develop, deliver, and support information
technology (IT) systems and services; positions for which
the paramount requirement is knowledge of IT principles,
concepts, and methods; e.g., data storage, software
applications, networking. Information technology refers to
systems and services used in the automated acquisition,
storage, manipulation, management, movement, control,
display, switching, interchange, transmission, assurance,
or reception of information. Information technology
includes computers, network components, peripheral
equipment, software, firmware, services, and related
resources.
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Appendix C.

Data and Source Code

Data and source code are available on Github at the following link:

https://github.com/gravessa/GenderPayDisparity.
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