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ABSTRACT 

 

My dissertation examines three factors that influence women’s workplace 

inequality: the Pregnancy Discrimination Act, the U.S. Supreme Court ruling in Meritor 

Saving Bank v. Vinson, and women “opting out” (i.e., voluntarily leaving) of work to take 

care of their families.  Each of the three essays attempts to resolve one or more 

fundamental questions in the literature on women’s workplace inequality.  Additionally, 

each of these factors is described in its own essay, and these essays are presented in 

chronological order of the events they discuss.   

The first substantive chapter, Chapter Two, examines the association between the 

1978 Pregnancy Discrimination Act (PDA) and women’s employment rates, men’s 

employment rates, and women’s disadvantage in employment rates.  The PDA declared 

pregnancy discrimination a type of sex-based discrimination, making it illegal under Title 

VII.  Among other provisions, the PDA extended temporary disability benefits (TDB) to 

pregnant workers who were already covered by TDB for non-pregnancy-related 

conditions.  This extension was designed to increase the likelihood of women’s returning 

to work after giving birth. There is a debate within the literature on whether the PDA 

positively affected women, hurt women, or had no effect on women.  This paper uses 

difference-in-difference modeling with Current Population Survey data from 1968 to 

2010 to weigh in on this debate.  There is a positive association between the PDA and the 

difference between men’s and women’s employment because it narrows the gap between 

women’s and men’s employment rates.  However, the PDA had no effect on women’s 

employment rates and a negative effect on men’s employment rates.  
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Chapter Three examines the association between wages and the 1986 U.S. 

Supreme Court decision in Meritor Savings Bank v. Vinson, which declared workplace 

sexual harassment illegal under Title VII of the 1964 Civil Rights Act.  I test two 

hypotheses, a “naïve hypothesis,” which argues that anti-sexual harassment policies 

increase women’s wages, and a “critical hypothesis,” which contends that these policies 

hurt or had no effect on women’s wages.  Using a difference-in-difference model with 

Current Population Survey data from 1977 to 2010, I find that there is a negative 

association between Meritor and women’s wages.  Furthermore, I find no association 

between Meritor and either men’s wages or the gender wage ratio. 

Finally, Chapter Four examines the association between women opting out and 

socioeconomic status (SES).  I explore two contrasting storylines within the opting out 

literature.  The first storyline focuses on the lives of high-SES women and the likelihood 

that they opt out.  The other storyline focuses on the lives of low-SES women and the 

likelihood that they opt out.   It is important to note that neither storyline denies the 

existence of the other, but research that focuses solely on one class of women may miss a 

significant part of the story.  Using the Current Population Survey from 1980 to 2009, I 

first describe the trends of opting out over this 30-year span.  I then test six SES-related 

variables (education of spouse, education of respondent, household income, below 

poverty line, receive welfare income, and receive food stamps).  I find that low-SES 

women are opting out at similar rates between 1980 and 2009, but the rates for high-SES 

women have declined.  Additionally, I find overwhelming evidence that low-SES women 

are more likely to opt out. 
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CHAPTER 1 

INTRODUCTION 

 

Introduction 

In 2014, Equal Pay Day fell on April 8, ninety-eight days into the year (Patten 

2014).  The date for Equal Pay Day, the annual celebration of the passage of the Equal 

Pay Act of 1963, is calculated to demonstrate how many extra days into the following 

year a woman must work to equal the earnings of a man in the previous year alone 

(Huffington 2013; U.S. Equal Employment Opportunity Commission 2013).  Women 

thus must work over three months more than men to earn the same wages.   

Equal Pay Day is symbolic because it represents an economic gender gap: the 

differences in pay between women and men in the workplace.  Another significant gender 

gap is the difference between women’s and men’s labor force participation rates.  Both of 

these gender gaps may reflect different facets of gender inequality in the workplace.  

Historically, both of these gaps have narrowed, suggesting an overall move toward 

gender equality.  However, both gaps still exist. 

These gender gaps are reflected in academic and governmental research on 

historical trends in the gender wage ratio. In 1890, women made 46 percent of men’s 

earnings (Goldin 2008).  This ratio grew until 1930 but then remained relatively constant 

from 1930 to 1980, hovering around 60 percent (Goldin 2008). Since that time, it has 

risen to 81 percent in 2010 when looking at weekly earnings (U.S. Department of Labor 

and U.S. Bureau of Labor Statistics 2011).  However, the gender earnings ratio has been 

relatively constant since the early 2000s (U.S. Department of Labor and U.S. Bureau of 
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Labor Statistics 2011).  Similarly, there has been a converging pattern when comparing 

women’s labor force participation rates to men’s rates (Goldin 2008).  While only 30 

percent of women worked outside of the home in 1940, by 2000 76 percent of women 

were participating in the labor force.  During that same time period, men’s labor force 

participation rates slowly declined but by only a few percentage points (Goldin 2008). 

Women’s wages and labor force participation rapidly increased during the 1980s, 

which was a period that was also characterized by multiple changes regarding women’s 

social and economic status.  For example, families experienced lower birth rates, 

increased divorce rates, increased need for dual earning families because men’s earnings 

dropped and could no longer support their families, and increased acceptance of women 

working (Bremmer and Kesselring 2004; Solis and Hall 2011; Wilkie 1991).  

Additionally, women’s educational attainments have overtaken men’s (Buchmann and 

DiPrete 2006).  All of these changes may be related to the rapid rise in women’s 

employment and earnings relative to men’s.  

Clearly, women have made significant gains relative to men.  However, a 

disparity still exists between women’s and men’s labor force experiences. Some 

academics even contend that women’s progress towards equality has stalled in recent 

years (e.g., Blau and Kahn 2006; Cha and Weeden 2014).  

There are many possible explanations for why women’s workplace inequality 

exists.  For example, women may have less or less continuous work experience than men 

(Reskin and Bielby 2005).  Women may be more likely to be employed in occupations, 

jobs, and/or industries that are less lucrative than those predominantly filled by men 

(Cohen and Huffman 2003; Kaufman 2002).  Moreover, women may be less likely to 
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bargain for salaries and raises (Babcock and Laschever 2003).  Additionally, some 

women may rationally choose different professions than men, while other women may be 

socialized to favor employment in caregiving and nurturing professions, which may pay 

less (England 2005).  Also, women may be victims of some form of employment 

discrimination (Bobbitt-Zeher 2011). 

Reskin and Bielby (2005) argue that a cultural understanding exists regarding jobs 

that are appropriate for each sex.  Even though hiring one sex or another for a specific job 

is illegal, Reskin and Bielby (2005) argue that such behaviors still exist.  Similarly, 

England (2005) explains that women and men differentially apply for and are selected for 

jobs that are gender appropriate for them.  On the supply side, women and men have 

internalized norms that direct them toward gender appropriate jobs.  Additionally, on the 

demand side, employers seek employees based on their own similarly internalized norms 

(England 2005).  These norms reflect widely held gender ideologies and stereotypes 

regarding the nature of women and men and how they should act (Bobbitt-Zeher 2011).   

Reskin and Bielby (2005) observe that sex segregation in employment is an 

acknowledgment of social difference between women and men.  Social difference 

frequently results in social stratification.  In the case of women’s employment, Cohen and 

Hoffman (2003) argue that skills that are attributed to women, such as nurturance, are 

undervalued.  As a result, women’s work receives less prestige and lower pay, but men 

earn more even in female-dominated occupations (Williams 1992).  Furthermore, as Cha 

and Weeden (2014) discuss, women’s jobs have a lower overwork premium (i.e., lower 

wages associated with working more than 50 hours a week) in comparison to men’s jobs.  
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Additionally, women face inequalities in promotion rates (Cotter, Hermsen, Ovadia, and 

Vanneman 2001).   

Many of these inequalities have been recognized, and there have been 

governmental attempts to remedy these problems.  However, despite these attempts 

problems still exist.  For example, there have been many attempts to remedy gender pay 

differences.  In 1963, the Equal Pay Act became law, requiring employers to pay all 

employees the same pay for the same work regardless of sex (U.S. Equal Employment 

Opportunity Commission N.d. B.).  This act was the first law to recognize that women 

are frequently paid less than their male counterparts when performing the same jobs.  

Unfortunately, “because of limited enforcement tools and inadequate remedies,” the 

Equal Pay Act never succeeded in closing the gender pay gap, either within occupations 

or in general (American Civil Liberties Union N.d.:1).  This is unsurprising because there 

are many reasons why the gender pay gap exists, and unequal pay for equal work is only 

one of these reasons.  Additionally, unequal pay for equal work may persist because 

employers may believe that male employees are breadwinners for their families, which 

rationalizes higher pay for men. 

The most recent attempt to improve the Equal Pay Act is the proposed but yet 

unpassed Paycheck Fairness Act.  First proposed in 2005—and rejected multiple times by 

Congress, most recently in 2014—the Paycheck Fairness Act would make several 

significant alterations to the Equal Pay Act (Cho and Kramer 2014).  These changes 

include the requirements that employers must now prove that unequal pay is not based on 

sex (whereas before, employees had to prove they were paid unequally), that employees 

must be able to freely discuss their own wages with others without employer retaliation, 
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and that the punishment of employers who violate the law must be increased (American 

Civil Liberties Union N.d.).  The Paycheck Fairness Act has been rejected four times by 

Congressional Republicans, who claim that this legislation would actually hurt women 

because employers would not hire women out of fear of lawsuits (Bassett 2014).  

In sum, there are many factors at the macro and micro levels and on both the 

supply side and the demand side for why women’s workplace inequality persists, despite 

great gains overall. The goal of my dissertation is to examine three of these potential 

factors and to determine their effects on women’s workplace inequality. 

My Research Questions 

My dissertation examines three factors that influence women’s workplace 

inequality.  Two of these factors, pregnancy discrimination and sexual harassment, are 

supply-side factors; the third factor, opting out (women leaving the labor force to take 

care of their families), is a combination of supply-side and demand-side factors.  Each of 

these factors is described in its own essay, and these essays will be presented in 

chronological order of the events they discuss.  Additionally, each essay will be a self-

contained discussion of its specific topic.  That is, each essay is independent of the others 

and may be read in any order because each is constructed similarly and contains its own 

literature review, data, methods, results, and discussion, mimicking the format of a peer-

reviewed journal article.  All three essays use data from the Current Population Survey 

(CPS), which is one of the datasets used most frequently to study work-related outcomes 

such as employment and earnings.  Finally, and most importantly, each of the three 

essays attempts to resolve one or more fundamental questions in the literature on 

women’s workplace inequality. The three fundamental questions for each essay are: 
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 Did the Pregnancy Discrimination Act have its intended consequence of reducing 

workplace gender disparities in employment and wage processes related to 

pregnancy?  I focus on employment and ask whether there is an association 

between the Pregnancy Discrimination Act and women’s employment rates, 

men’s employment rates, and women’s employment rates relative to men’s 

employment rates. 

 Did Meritor Savings Bank v. Vinson, which made sexual harassment illegal, have 

its intended consequence of reducing workplace gender disparities in employment 

and wage processes related to sexual harassment?  I focus on wages and ask 

whether there is an association between the Supreme Court ruling in Meritor and 

women’s wages, men’s wages, and the gender earnings ratio. 

 Is the popular media correct in its assertion that there is an opting out revolution, 

in which high-SES women are opting out at higher rates than previously?  I focus 

on the trends in the rates of low and high-SES women opting out.  I also examine 

if high-SES women are more or less likely to opt out than low-SES women. 

Chapter 2—One Step Forward, Two Steps Back: The Association between the Pregnancy 

Discrimination Act and the Reduction in Women’s Disadvantage in Employment Rates 

This essay examines the association between the 1978 Pregnancy Discrimination 

Act (PDA) and women’s employment rates, men’s employment rates, and women’s 

disadvantage in employment rates (i.e., difference between men’s and women’s 

employment rate).  Pregnant women’s employment rates were lower prior to the passage 

of the PDA than they were after the passage of the PDA (Laughlin 2011), but it is unclear 

whether this rise across time is associated with the passage of the PDA.  During the 
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1970s, it was common for pregnant women to leave the labor force upon becoming 

pregnant (Laughlin 2011).  The PDA declared pregnancy discrimination a type of sex-

based discrimination, making it illegal under Title VII of the Civil Rights Act of 1964.  

Broadly speaking, the Civil Rights Act of 1964 makes any type of discrimination illegal; 

Title VII of this act prohibits workplace discrimination based on sex (and other 

demographics such as race or religion) (U.S. Equal Employment Opportunity 

Commission N.d. E.).  

The PDA is intended to make it illegal to discriminate against pregnant workers in 

hiring, promotion, firing, and wage discrimination on the basis of pregnancy and 

pregnancy-related conditions.  I test whether the PDA protects pregnant workers’ 

employment.  Additionally, the PDA extends employer health insurance to cover 

pregnancy. This essay tests one specific attribute of the PDA:  temporary disability 

benefits (TDB).  The PDA extended TDB to pregnant workers who were already covered 

by TDB for non-pregnancy-related conditions.  This extension defined pregnancy to be a 

disability, which may be controversial because not everyone views pregnancy as a 

disability since it is generally considered to be a voluntary condition and, of course, 

pregnancy shows an ability to reproduce rather than a disability.  The TDB component of 

the PDA was designed to increase the likelihood of women returning to work after giving 

birth; therefore, I study the PDA in relation to employment rather than other measures of 

women’s workplace equality (e.g., earnings).  

There is a debate within the PDA literature regarding whether the PDA helped 

women, hurt women, or had no effect on women.  For example, some proponents of the 

PDA argue that receiving maternity leave will allow more women to return to work after 
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giving birth.  On the other hand, critics of the PDA maintain that employers may be less 

likely to hire women because of the increased costs related to extending the TDBs to 

cover pregnancies.  Also, in the broader sex discrimination literature, there is 

disagreement as to what effect—positive or negative—making sex discrimination illegal 

will have on men (i.e., men may be viewed as more desirable employees if the 

employment costs of female employees increases).  I use difference-in-difference (DID) 

modeling (which is an econometric technique that utilizes quasi-experimental groups) 

with CPS data from 1968 to 2010 to weigh in on these debates.  I find there to be a 

positive association between the PDA and women’s employment rates relative to men’s 

However, this was due not to a positive (or any) effect on women’s employment rates but 

instead through a negative effect on men’s employment rates, which may be related to the 

fact that men are still more expensive to employee than women are.  As a result, some 

employers may hire fewer men in order to remain competitive with employers that hire a 

larger percentage of women.   

Chapter 3—A Victory Worse than Defeat: The Negative Association between Meritor v. 

Vinson, Sexual Harassment, and Women’s Wages 

This paper examines the association between women’s wages and the 1986 U.S. 

Supreme Court decision in Meritor Savings Bank v. Vinson (Meritor), which declared 

workplace sexual harassment illegal under Title VII of the 1964 Civil Rights Act.  

Meritor involved the allegation by Mechelle Vinson that the vice president of Meritor 

Savings Bank, her employer, coerced her into a sexual relationship.  Vinson argued that 

the vice president exposed himself to her, groped her, had sex with her, and forcibly 

raped her.  Vinson alleged in her lawsuit that this was an example of a hostile work 
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environment, which, up to that point, was not considered sex discrimination.  A hostile 

work environment occurs when a worker is subjected to inappropriate, sexually oriented 

behaviors or conditions, which is distinct from quid pro quo sexual harassment, which 

refers to when sexual acts are demanded to keep one’s job or to receive positive job 

evaluations or other job benefits.  In Meritor, the Supreme Court declared that Vinson’s 

experience was an extreme case of a hostile work environment, and the Court also 

decided that a hostile work environment was sexual harassment and that sexual 

harassment is a type of sex discrimination and therefore illegal under Title VII.  

Additionally, the Meritor ruling stipulated that the victim must demonstrate that the 

harassing behavior was not welcome, the employer must have an internal protocol for 

reporting a sexual harassment incident, and the victim must follow this protocol (Lawton 

2005; Marshall 2005).  Prior to the Meritor ruling, some states had already defined sexual 

harassment as a type of sex discrimination, and for these states very little changed after 

the Meritor ruling.  However, other states that did not previously define sexual 

harassment as a type of sex discrimination were forced to do so after the Meritor ruling. 

In this essay, I test two hypotheses: what I call “the naïve hypothesis,” which 

argues that anti-sexual harassment policies increase women’s wages; and what I call “the 

critical hypothesis,” which contends that these policies hurt or have no effect on women’s 

wages.  When women are sexually harassed in the workplace, multiple negative 

consequences may occur.  For example, sexually harassed women often quit their jobs or 

change careers in hopes of escaping harassment.  These changes generally result in 

women’s losing seniority or being unemployed; if they stay in their jobs, they are less 

productive.  All of these scenarios result in women either losing or at best maintaining 
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their wages as a result of sexual harassment in the workplace.  If sexual harassment is 

significantly reduced or eliminated, then women’s wages may increase since women may 

be more likely to maintain their jobs, be more productive, and gain seniority at work.   If 

Meritor is effective in reducing sexual harassment of women in the workplace, and 

therefore helps to equalize women and men at work, these negative scenarios should not 

happen; therefore, women’s wages should increase (“the naïve hypothesis”).  If Meritor 

is ineffective in its goal, sexual harassment will continue to hurt or have no effect on 

women’s wages (“the critical explanation”). 

Using a DID model with CPS data from 1977 to 2010, I find a negative 

association between Meritor and women’s wages.  Additionally, I find that there is no 

association between Meritor and the gender wage ratio, nor is there an association 

between Meritor and men’s wages (although both associations were negative, neither was 

significant). I find overwhelming support for “the critical explanation.”   

Chapter 4—It Ain’t Pretty, but It’s True: The Negative Association between 

Socioeconomic Status and Opting Out 

This paper examines the association between women’s opting out and their 

socioeconomic status (SES).  According to the media, “opting out” refers to women’s 

voluntarily leaving their jobs to take care of their children.  The media and many 

scholarly articles depict opting out as a behavior reserved for women who hold 

professional jobs, have elite educations, and are married to equally successful spouses.  

This phenomenon has only come to light in the past decade or so, implying that this is a 

change in the behaviors of professional working women.  However, women’s not 

working in order to take care of their children is nothing new.  The fundamental issue 
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involves who, in fact, is opting out—all women, only upper class women, or only 

working class women? 

I test two hypotheses that appear in the literature: the high-SES storyline and the 

low-SES storyline.  The high-SES storyline argues that high-SES women—elite women 

who are highly educated, are married to equally educated spouses, and had high-paying 

jobs—are opting out at higher rates than they had previously.  In contrast, the low-SES 

storyline contends that low-SES women—working-class women with little education, 

who are not married or are married to someone with equally little education, and who did 

not have high-paying jobs—continue to be likely to opt out.  The high-SES storyline 

implies that high-SES women are more likely to opt out than low-SES women, while the 

low-SES storyline implies that lower SES women are more likely to opt out than high-

SES women.  Using the CPS from 1980 to 2009, I first describe the trends of opting out 

over this 30 year span for both low and high-SES women.  I then test six SES-related 

variables (education of spouse, education of respondent, household income, being below 

the poverty line, receiving welfare income, and receiving food stamps) to determine 

whether high-SES women are more or less likely to opt out than low-SES women.   

I find that low-SES women opt out at similar rates between 1980 and 2009, but 

the opting out rates for high-SES women have declined during this period.  Additionally, 

I find overwhelming evidence that low-SES women are more likely to opt out than high-

SES women.  My results suggest that the media hype is misleading—there is no opt out 

revolution since neither low-SES nor high-SES women are opting out at higher rates than 

previously.  Additionally, viewing opting out as a high-SES phenomenon masks the real 
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problems faced by working class women in their struggles to balance work and family 

obligations. 

My Contributions 

To the best of my knowledge, no studies have examined the three topics that I 

examine using the same approaches that I use.  In studying the PDA, I use DID modeling 

to see if the PDA’s TDB component affected women’s employment.  As I will discuss in 

more detail in Chapter 2, two other papers have used DID modeling to study the PDA; 

however, one paper studied the PDA’s extension of employer health insurance to cover 

pregnancy and the other paper did not isolate any specific aspect of the PDA to test.  

Studying the isolated effect of TDB coverage is an important missing component in the 

PDA literature.   

In studying Meritor, I also use DID modeling.  In this case, I do not test a specific 

aspect of Meritor, as I do when studying the PDA, because Meritor’s most important 

consequence was redefining sex discrimination to include sexual harassment.  No paper 

that I am aware of has quantitatively measured (through DID or otherwise) the effect of 

Meritor or any other anti-sexual harassment policy.   

 Unlike on the PDA and Meritor, there is a large amount of scholarly research on 

opting out.  However, the majority of this research has been either qualitative studies or 

quantitative work that either operationalizes opting out too broadly (i.e., using labor force 

participation as a proxy for opting out) or defines the relevant population too narrowly 

(i.e., only professional and well-educated women).  My opting out essay more narrowly 

defines opting out and places no restrictions on the population about which I make 

inferences, enabling me to make more generalizable conclusions regarding the opting out 
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population.  The PDA, Meritor, and opting out are important because they represent 

ongoing problems faced every day by large numbers of women in workplaces throughout 

the U.S. 

Studying gender-based workplace inequality is an important topic of research for 

several reasons.  First, inequality that imposed upon others is detrimental both to anyone 

who is adversely affected and to society as a whole.  Second, on a national level, a high 

degree of gender inequality in a country is correlated with decreased democracy, 

decreased gross national product, reduced economic growth, increased levels of poverty, 

and decreased family well-being (Inglehart, Norris, and Welzel 2002; Klasen 2000; 

United Nations Population Fund N.d.; United Nations Women 2011).  Finally, businesses 

that have gender equality are more successful than those with less equality, which is 

attributed both to gender-equal companies’ (i.e., companies that treat female and male 

employees equally in terms of pay, promotion, and hiring) ability to attract high quality 

employees and reduce expenses, and to increased performance at work (Workplace 

Gender Equality Agency 2013). Gender-equal companies also tend to have more women 

in management, which helps businesses make more profitable decisions because having a 

balance of women and men in senior positions “extend[s] the portfolio of skills at the top 

of the organization” (Thomson 2009:4); consequently, investors use the percentages of 

female managers as criteria for investment (Thomson 2009; United Nations Women 

2011). 

Given the clear benefits associated with increasing women’s equality in the 

workplace, one must wonder why inequality persists.  Public opinion research reflects 

this contradiction.  For example, 67 percent of Americans believe that the U.S. has not 
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made sufficient changes to bring about equality in the workplace (Pew Research 2013 

A.).  However, a 2014 Huffington Post poll revealed that only 32 percent of its 

respondents believed that the government should enact more laws to ensure gender 

equality at work (YouGov 2014).  Similarly, the 2012 General Social Survey showed that 

only 35 percent of respondents believed that women should receive preferential treatment 

in terms of hiring and promotion (General Social Survey 2012).  These statistics suggest 

a dichotomy in public opinion; despite recognizing that women are not treated equally to 

men, most Americans are opposed to public or private measures designed to reduce sex 

discrimination.  Americans recognize that women and men should be equal, but there is 

no clear vision as to how to make equality a reality.   

The goal of my dissertation is to shed light on previously unsolved or 

unrecognized problems.  The three workplace inequalities that my dissertation examines 

are still problems despite laws, court rulings, and increases in women’s human capital 

and employment, all of which were designed to end sex-based discrimination.  The PDA 

and Meritor were supposed to benefit women by making pregnancy discrimination and 

sexual harassment illegal, thus preventing employers and coworkers from further 

discriminating against female workers.  The misrepresentation of opting out as a luxury 

afforded to successful women conceals the reality that working class women are more 

likely to be caught in a bind between work and family.  These women are not “opting 

out” because for them it has never been about choice.  Unless the plight of these women 

is recognized, it can never be alleviated, and inequality will remain a significant problem.  

Regrettably, neither the PDA nor Meritor helped to increase women’s equality.  
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Additionally, the media’s representation of opting out masks the real inequality faced by 

low-SES women. 
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CHAPTER 2 

 

ONE STEP FORWARD, TWO STEPS BACK:  

THE ASSOCIATION BETWEEN THE PREGNANCY  

DISCRIMINATION ACT AND THE REDUCTION IN WOMEN’S  

DISADVANTAGE IN EMPLOYMENT RATES 

 

 

 

Introduction 

The experience of Guadalupe Hernandez is by now an old and familiar one.  

Viewed by her managers as an employee destined for success in the fast-food restaurant 

where she prepared and served food, Guadalupe found herself in a difficult position when 

she got pregnant.  After she got pregnant, she was no longer perceived to be a desirable 

employee, and she was fired (National Women’s Law Center and A Better Balance 

2013). 

There is more to Guadalupe’s story than this.  Once she informed her manager 

that she was pregnant, she was required to get his permission to use the bathroom, even 

though none of her coworkers needed permission.  She ate snacks during her breaks, so 

her manager stopped allowing her to take breaks.  She drank water while she was 

working, and her boss prohibited this behavior also, even though her coworkers were 

permitted to drink water whenever they chose. When she left for a needed doctor’s 

appointment (after notifying her boss several days earlier), her boss threatened to fire her 

if she left.  When she returned the next day (with a medical excuse from her doctor, 

which her boss refused to examine), her boss publicly berated her and fired her on the 

spot (National Women’s Law Center et al. 2013).  When she went to other places looking 
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for work, she never got hired because, as she states, potential employers “looked at my 

belly and said ‘no’” (National Women’s Law Center et al. 2013:4). 

Women’s becoming pregnant is not new.  Women’s being in the labor force is not 

new.  Women’s receiving lower pay or not being hired because they have the potential to 

become pregnant is not new (Spalter-Roth, Withers, and Gibbs 1990). On the other hand, 

women’s staying in the labor force longer into their pregnancies and returning to work 

soon after giving birth is relatively new.  The longer a woman works into her pregnancy, 

the more likely she is to return to work after giving birth (Han, Ruhm, Waldfogel, and 

Washbrook 2008).  Additionally, more women are working through their third trimesters 

and up to their due dates, making their pregnancies very visible in the workplace (Corse 

1990; Yue 2008).  This change in women’s work patterns allows for increased 

opportunities for management and coworkers to discriminate against pregnant women 

(Yue 2008).  Therefore, this change in women’s working patterns can be seen as both as 

cause (i.e., increased exposure of pregnant women in the workplace) and a beneficial 

outcome (i.e., ability of women to work longer into their pregnancies) of civil rights 

legislation.    

My Contribution 

What makes Guadalupe Hernandez’s story particularly significant is not that it 

happened but when it happened.  In generations past, her story would not surprise 

anyone, but Guadalupe gave birth to her baby in 2012 (National Women’s Law Center et 

al. 2013), 34 years after the passage of the Pregnancy Discrimination Act (PDA), a law 

designed to prevent the very situation faced by Guadalupe.  The PDA expanded the 

definition of sex discrimination to include discrimination based on pregnancy and 
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pregnancy-related conditions.  This law should have protected Guadalupe and her job, but 

it failed to do so.  The story of Guadalupe’s losing her job reveals that pregnancy 

discrimination is still a problem for many women in the U.S., suggesting that the PDA is 

imperfect.  This study determines the effect of one key element of the PDA on women’s 

employment.  After the PDA was passed, temporary disability benefits (TDB) covering 

pregnancy and pregnancy-related conditions were required of any employment-based 

insurance policy offering these benefits in non-pregnancy-related situations.  As a result, 

employees who were pregnant or had pregnancy-related medical conditions were now 

able to receive temporary disability leave because of these situations.  Consequently, 

female employees were more easily able to come back to work after using their 

temporary disability leave instead of possibly quitting or being fired and having to search 

for a job or stay out of the labor force completely.  The goal of this provision was to 

ensure that women would have jobs to return to after giving birth, thereby increasing 

women’s employment rates; men’s employment rates were not the target of this 

provision. 

Since only women’s employment rates were targeted by the TDB provision of the 

PDA, I test to see if the TDB extension was effective in raising women’s employment 

rates, both absolutely and also when compared to men’s employment rates.  I study 

employment rates rather than other job-related outcomes (e.g., wages) because the TDB 

extension provision of the PDA relates specifically to women’s employment and their 

ability to keep their jobs. To do this, I construct three difference-in-difference (DID) 

models that use quasi-experimental groups.  These models predict the gender difference 

in employment rates, which represents women’s employment disadvantage (i.e., men’s 
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employment rate – women’s employment rate); women’s employment rates; and men’s 

employment rates.  This analysis is performed at the state-year level, so employment 

rates refer to those of states in particular years. 

Significance of My Contribution 

This paper is significant because it examines the effectiveness of an anti-

discrimination law that is expressly designed to protect women of childbearing age.  This 

group of women has been repeatedly singled out and discriminated against by employers, 

coworkers, and customers because of actual or potential pregnancies.  Pregnancy-based 

discrimination is fundamentally linked to all other types of sex-based discrimination 

because it is grounded in the basic distinction between men and women since women 

bear children.  That is, women have always been treated as interlopers in the workplace 

because their social identities are tied to the household and the family; historically, social 

norms have attempted to prevent women from establishing their legitimacy outside of the 

home (Adams and Coltrane 2005).  Some types of sex-discrimination—including pay 

discrimination, hiring discrimination, and sexual harassment—seem to arise in part from 

women’s culturally defined roles as mothers and child bearers.  Consequently, studying 

the effectiveness of the PDA is essential because it protects the fundamental right of 

women to be both mothers and workers. 

To the best of my knowledge, there are only three nationally representative 

quantitative studies that examine the effects of the PDA on women’s workplace equality.  

In 1990, the Institute for Women’s Policy Research studied the association between the 

PDA’s passage and women’s employment rate; however, they were unable to control for 

other time-related variables that might have influenced women’s employment rate 
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(Spalter-Roth et al. 1990).  In 1994, Gruber, an economist, published a paper that focused 

on the PDA’s effect on health insurance using DID, which allowed him to test for the 

effect of the PDA.  More recently, Mukhopadhyay (2012), another economist, also used 

DID to determine whether the PDA affected women’s employment; however, he did not 

test any specific attributes of the PDA.   

To date, no paper has been published that examines the issue that this paper 

evaluates: the effect of the PDA’s mandate for TDB on women’s employment.  This 

paper also investigates whether men’s employment was affected by the PDA, which as 

far as I know has never been tested.  While studying the effect of the PDA on women’s 

employment is important in and of itself, it is equally important to study its effects on 

men’s employment and on women’s employment relative to men’s. These two additional 

indictors tell a more complete story about gender inequality in the workplace.  Simply 

looking at women’s employment rates does not reveal whether or not inequality has been 

reduced; this can only be seen when women are compared to men.  Therefore, women’s 

and men’s employment need to be studied together and not in isolation. 

Guadalupe’s story raises an important question:  why is research needed about a 

law that was enacted over three decades ago?  First, on a technical level, a law’s effect 

cannot be quantifiably measured right after its passage because researchers need data 

from many years after a law was passed.  Enough time has now passed since the PDA.  

Second, on a cultural level, qualitative research reinforces Guadalupe’s story that 

pregnancy is still a main reason that women leave or lose their jobs (Levine 2013; 

National Partnership for Women and Families 2003).  Even three decades after 

pregnancy discrimination was made illegal, pregnancy discrimination still seems to exist. 
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Literature Review 

The Pregnancy Discrimination Act of 1978 

The Pregnancy Discrimination Act of 1978 (PDA) amends Title VII of the 1964 

Civil Rights Act by defining discrimination based on pregnancy and pregnancy-related 

conditions as a type of sex discrimination (Spalter-Roth et al. 1990).  Specifically, the 

PDA states that women cannot be discriminated against “on the basis of pregnancy, 

childbirth, or related medical conditions; and women affected by pregnancy, childbirth, 

or related medical conditions shall be treated the same for all employment-related 

purposes, including receipt of benefits under fringe benefits programs, as other persons 

not so affected but similar in their ability or inability to work” (U.S. Equal Employment 

Opportunity Commission N.d. C.:1).  This act does not identify a new type of 

discrimination; instead, it clarifies the meaning of sex discrimination by including 

pregnancy-related issues (Spalter-Roth et al. 1990).   

The passage of this act was the result of several pregnancy discrimination court 

cases, but it was primarily in reaction to the 1976 U.S. Supreme Court case ruling in 

General Electric Co. v. Gilbert (Gilbert) (Spalter-Roth et al. 1990).  There were several 

medical conditions that General Electric would cover under its temporary disability 

insurance plan, which paid workers for a period of time to recover from a disability and 

allow them to come back to work afterwards. Some of these conditions were relevant 

only to men (e.g., vasectomies). Pregnancy, which was relevant only to women, was not 

covered (Spalter-Roth et al. 1990).  The Supreme Court ruled that General Electric’s 

policy was constitutional because at that time pregnancy was not considered to be a type 

of disability.  The day after the Gilbert ruling, many activists joined to form the 
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“campaign to end discrimination against pregnant workers” (Spalter-Roth et al. 1990:5).  

Two years later – 1978 – Congress passed the PDA (Spalter-Roth et al. 1990). 

The PDA protects pregnant women in all aspects of employment (e.g., pay, 

promotions, firing, training, and job assignments).  Most importantly, the PDA extended 

temporary disability insurance and health insurance to pregnant women workers; if a 

company offers disability leave insurance (paid or unpaid) or health insurance to its 

workers, both types of insurance must also be offered to women with pregnancy-related 

conditions (U.S. Equal Employment Opportunity Commission 2011).  If a company did 

not offer TDB or health insurance to its workers, then the PDA would not apply and 

women would not receive pregnancy-related TDB or pregnancy-related health insurance.  

Consequently, the female workers affected by the General Electric Co. v. Gilbert 

decision would now be protected.i 

Evidence That the Pregnancy Discrimination Act Helped Women 

During the two-year push for the passage of the PDA, many scholars and activists 

testified before Congress about why the act was necessary to eliminate sex-based 

discrimination.  Their arguments typically fell into three camps.  First, without passage of 

the PDA, the view of all women as potential child bearers—and therefore more expensive 

employees, despite evidence to the contrary—would continue to be used as a 

rationalization for not hiring women of childbearing age (Spalter-Roth et al. 1990).  

                                                 

i It is important to note that there is a debate within the literature on whether or 

not pregnancy should be considered (and discussed) as a type of disability.  Pregnancy is 

commonly thought to be voluntary, natural, and temporary, while disabilities are typically 

involuntary and abnormal.  For example, while the PDA extends disability benefits to 

pregnant women, the Americans with Disabilities Act does not mention pregnancy as a 

type of disability (Millsap 1996).   
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Second, without passage of the PDA, women’s income would continue to be hurt, as 

employers would either not hire them or pay them less since eventually they are going to 

“get pregnant and leave” (Spalter-Roth et al. 1990).  Third, when women’s income is 

hurt, the welfare of their children is also endangered (Spalter-Roth et al. 1990).  Twelve 

years after the PDA was passed, the Institute for Women’s Policy Research empirically 

tested the effects of the PDA on women and found mixed results (Spalter-Roth et al. 

1990), but at this point I will examine only the positive results (negative and no effect 

results are discussed in the next section).   

First, for women who already had temporary disability insurance, coverage was 

increased to include pregnancy-related conditions.  Second, for these same women, 

weekly wages increased an average of $50 in comparison to women who did not have 

temporary disability insurance.  Third, these same women were more likely to keep their 

jobs and seniority after giving birth.  Fourth, the cost to businesses that had already 

offered temporary disability insurance was minimal and offset by savings in retraining 

and hiring (Spalter-Roth et al. 1990).  Ultimately, the Institute for Women’s Policy 

Research concluded that these positive effects would not have happened without the 

passage of the PDA because the ruling in General Electric Co. v. Gilbert would have 

resulted in no company being required to have pregnancy disability coverage (Spalter-

Roth et al. 1990). 

Additionally, the EEOC reports that the number of federal and state level 

pregnancy discrimination claims has increased fairly consistently from 1992 (3,385 

claims) through 2011 (5,797 claims) (U.S. Equal Employment Opportunity Commission 

N.d. D.; National Partnership for Women and Families 2003).  Moreover, the number of 
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women employed also increased during that same time period.  As a result, there was one 

pregnancy discrimination claim filed for every 11,000 female employees in 2011 but in 

1992 one claim was filed for every 16,000 female employees (U.S. Bureau of Labor 

Statistics 2014).  Among other things, this trend may indicate many things, including an 

increased awareness and enforcement of pregnancy fair labor laws, suggesting that the 

PDA has had some positive effect on reducing pregnancy discrimination. 

Recently, Mukhopadhyay (2012) ran simulations and a difference-in-difference 

model to estimate the effect that the PDA had on women’s labor force participation rates 

using the National Longitudinal Survey of 1968 and the 1979 National Longitudinal 

Survey of Youth.  Overall, he finds that women’s labor force participation rates increased 

as a result of the PDA.  Specifically, he finds that pregnant women’s participation rate 

increased by 8.2 percent, women with children under the age of one increased by 3.3 

percent, and women with children between the ages of one and six increased by 1.5 

percent.   

Evidence That the Pregnancy Discrimination Act Hurt or Did Not Affect Women 

Posner (1989) makes several arguments for why anti-sex discrimination laws, 

including the PDA, are ineffective.  He maintains that as more women enter the labor 

market, sex discrimination will be less economically advantageous and would be a source 

of inefficiency that business owners would choose to eliminate.  In this sense, the labor 

market will correct its own discriminatory practices.  He cites three reasons for this claim.  

First, historically discrimination has occurred when women have begun working in male-

dominated workplaces.  Because women were viewed as outsiders and their abilities were 

questioned, they were typically paid less than their male counterparts; however, as more 
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and more women entered these workplaces, this discrimination was gradually reduced but 

not eliminated.  As a result, women’s economic and social status in the workplace started 

to approach equality to that of men’s.  Second, as technology advanced, fewer jobs 

required physical strength, allowing women to compete with men for better paying jobs.  

Finally, because more women are in the workforce, many women want to increases their 

competitive worth, so they invest in human capital.  However, Posner (1989) argues that 

enforcement of anti-sex discrimination legislation is prohibitively expensive for both 

employees and employers and from a logistical standpoint with enforcement, record 

keeping, and preventive measures.  Ultimately, these costs reduce employers’ abilities to 

compensate their employees.   

On the other hand, some sociological scholars have argued more broadly that sex 

discrimination will never cease. For example, Paula England and Peter Lewin (1989) 

argue that the effects of sex discrimination are long lasting and continue throughout the 

career of any female employee who is discriminated against.  They explain that female 

employees who are hired into low-status jobs frequently change jobs, so they never 

accumulate seniority that will help them advance.  Similarly, because women face sex 

discrimination in the labor market, they often have inferior jobs when compared to their 

husbands.  As a result, these couples commonly place priority on the husbands work at 

the expense of the wife’s career (England and Lewin 1989).  

England and Lewin (1989) and Barbara Reskin (1988) argue that sex 

discrimination will endure despite attempts to eradicate it.  Reskin (1988) argues that 

because men are the dominant group in society, they will find new ways to ensure that 

their dominance continues.  Reskin (1988) contends that the primary mechanism that will 
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be used to maintain sex discrimination is differentiation between the sexes.  Men 

emphasize the differences between women and men by perceiving “women’s ‘natural’ 

roles as wife, mother, or sexual partner” (Reskin 1988:68).  Reskin (1988) finds that 

despite women’s advancements into male dominated occupations, they are still inferior 

within these occupations.  Additionally, many occupations that are increasing in numbers 

of female employees become less attractive to men, resulting in the perpetuation of sex 

segregation within employment.   

Several studies agree with England and Lewin (1989) and Reskin (1988) and have 

shown that Posner (1989) was incorrect in his assumption that, over time, sex-based 

discrimination would disappear as women solidified their positions in the workplace.  In 

fact, they show that despite the passage of the PDA, pregnancy discrimination still 

persists, indicating that Posner (1989) is correct when he claimed that that anti-sex 

discrimination legislation is ineffective.  For example, Byron and Roscigno (2014) 

studied firings of pregnant workers in Ohio and concluded that two forces were operating 

within organizations that fired pregnant workers.  First, they found that organizations 

deemed pregnant workers as less competent, less committed, and not ideal.  Second, the 

organizations stressed the importance of efficiency and profit making.  Essentially, 

pregnant women were vilified because, despite their actual performance, they were 

perceived to threaten the efficiency and profitability of the company.  Additionally, Hebl, 

King, Glick, Singletary, and Kazama (2007) found that organizations viewed pregnant 

female workers as mothers first and workers second.  These two roles are seen as 

incongruent—a mother should not work.  If workers are pregnant, then they should stop 

working.  Corse’s (1990) research, which was one of the first empirical studies to look at 
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how pregnant workers are viewed, also found that pregnant workers tend to be viewed 

negatively. 

Some research has also been conducted to determine specifically if the PDA has 

actually helped women or not.  Two such studies are of interest.  First, research discussed 

previously that was conducted by the Institute for Women’s Policy Research (Spalter-

Roth et al. 1990) found several effects relating to the PDA that were either insignificant 

or negative.  First, the employment rate of women of childbearing age was not affected 

by the passage of the PDA.  Similarly, even though temporary disability insurance 

expanded to cover pregnancy-related disabilities, the total number of women who were 

covered by temporary disability insurance did not change.  This is because the PDA 

extended pregnancy-related TDB only to those women who were already covered by 

TDB for other conditions.  Finally, because not all women were covered for pregnancy-

related disabilities, women who became pregnant after the PDA was passed still 

frequently lost their jobs and incomes because of their pregnancies.  

Four years later, Gruber (1994) ran a difference-in-difference model to estimate 

the effect that the PDA had on whether the employee or the employer bore the cost of 

increased pregnancy-related health insurance premiums.  He limited his analysis to two 

years before and after the PDA passed (due to not having key variables available) and to 

eight states (due to the way his dataset grouped states together).  He found that female 

employees of childbearing age, not their employers, paid the increased pregnancy-related 

health insurance premiums.  This suggests that employers were not hurt from the passage 

of the PDA because their cost to employ these women did not go up.  At the same time, 

this suggests that the real wages of all women of childbearing age were hurt by the 
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passage of the PDA because they absorbed the cost of their own increased insurance 

coverage without receiving a corresponding increase in pay. 

Methods—How Difference-in-Difference Modeling Works 

Figure 2-1 depicts a hypothetical difference-in-difference model of how the PDA 

may affect the difference between male and female employment rates (i.e., the male 

employment rate minus the female employment rate). DID modeling requires that data be 

broken up into two time periods—pre-event and post-event, or in this case years before 

and after the passage of the PDA.  These time periods are represented on the x-axis, while 

the y-axis represents the difference between male and female employment rates for states.   
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Figure 2-1. Graphical representation of how a difference-in-difference model may 

predict the effect of the PDA on the difference between male and female 

employment rates 

 

DID models also require a control group (represented by the slope of the small 

triangle with the dotted-line) and treatment group (represented by the slope of the larger 

triangle with the dashed-line).  In this case, the control group is composed of states that 

had a state-level TDB policy that covered pregnancy and pregnancy-related conditions 
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prior to the passage of the PDA.  The treatment group is made up of states that did not 

have any such state-level TDB policy that covered pregnancy; consequently, after the 

PDA passed, only the states in the treatment group were required to extend pregnancy 

and pregnancy-related TDBs to any employee who had TDBs for non-pregnancy related 

conditions since states in the control group had already done so.   

The distance between the two triangles at the “before PDA” point (demarked by 

the two dots on the left side of Figure 2-1) is the initial employment rate difference 

between the treatment and control groups.  The right-hand side of the graph represents 

the time after the PDA policy is put into effect at the national level.  The distance 

between the tops of the two triangles (demarked by the X at the top of each) is the 

employment rate difference between the treatment and control groups after the policy is 

put in place.  

DID modeling is very useful in studying the effect of an event on an outcome 

because it is very difficult to find alternative hypotheses that could explain the final result 

from a DID model.  DID models assume that the event in question is the only factor that 

affects the dependent variable at the specific time of the event for the treatment group and 

not the control group (Wolfers 2006).  For an alternative hypothesis to be credible for a 

DID model, the alternative event, which might also explain the results, would have to 

happen at approximately the same time as the event used in the initial model.  

Additionally, the alternative hypothesis must also use the same control and treatment 

groups.   In my paper, that means a credible alternative hypothesis would have to revolve 

around an event that happened during the same time as the passage of the PDA and use 
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the same control and treatment group states.  Finding an alternative hypothesis that meets 

these two criteria is not impossible but unlikely.  

Data 

Data for this paper come from two sources: (1) Data from an article published in 

the Labor Law Journal (Miller and Zitwer 1977), which identities which states had TDB 

that covered pregnancy before the PDA was passed, and (2) Data from the Current 

Population Survey (CPS). 

State Temporary Disability Benefit Laws 

As mentioned earlier, DID modeling requires that data be divided into treatment 

and control groups.  For this research, the control group consists of states that had 

mandated TDB laws that covered pregnancy before the PDA was passed in 1978.  

According to Miller and Zitwer (1997), six states had TDB that included benefits for 

pregnancy-related conditions before the PDA was passed:  Alaska, California, 

Connecticut, Hawaii, New Jersey, and New York. 

However, due to limitations in the CPS, some state-year combinations are not 

used in this analysis. This means that my models are unbalanced, where some states are 

represented for every year while other states are represented in only some years.  Crossed 

random effects models with unbalanced data are commonly used within the social 

sciences (for a discussed of its common uses and applications see, for example, 

Raudenbush 1993).ii  During part of the 1960s and 1970s, the CPS grouped multiple 

states into single state codes.  Sometimes these combined state codes changed.  For 

                                                 

ii I also ran my models with only the states that I had every year of data for, and 

the results did not change in any significant way.  I report the unbalanced results because 

they are more generalizable since they are based on more states. 
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example, in some years Hawaii is grouped with Alaska, while in other years it is grouped 

with Alaska and Washington. 

Given this limitation, I had to exclude any state-years in which pregnancy TDB 

states were merged with non-pregnancy TDB states.  Additionally, because some 

treatment states were merged together in some years in the CPS, I had to keep them 

merged in all other years.  In this analysis, some states are kept separate from each other, 

while others are merged with at least one other treatment state.  For simplicity, I refer to a 

state that is merged with at least one other as a singular “state,” representing one 

observation.  Therefore, I have a total of 24 states (15 of which are single states and 9 of 

which are two or more states merged into one state category). 

CPS Data 

In addition to the state-level TDB information that I collected, I also used data 

from the March supplements of the CPS from 1968 to 2010.  The CPS, a repeated cross-

sectional survey, is one of the most commonly used datasets to study labor force-related 

variables such as employment status and income, and is co-sponsored by the U.S. Census 

Bureau and the U.S. Bureau of Labor Statistics.  For each month, the CPS collects data 

from approximately 60,000 U.S. housing units, with a response rate of roughly 90 percent 

(U.S. Census Bureau N.d.). 

When predicting women’s employment rates, men’s employment rates, and the 

women’s disadvantage in employment rates, the data is restricted to individuals who were 



 33 

18 to 64 years old.iii  Additionally, individuals who are self-employed or who are in the 

armed forces are excluded.  These restrictions are similar to those implemented by 

Neumark and Stock (2006), who also predict employment with DID modeling. 

Then individual-level data are aggregated to each state-year combination, yielding 

a total of 1,001 units of observation.  For each state year, means (for quantitative 

variables) and proportions (for qualitative variables) are calculated for all of the 

dependent variables and control variables. I conduct this analysis at the state-year level 

rather than at the individual level because variation associated with the key independent 

variables (treatment versus control group and before versus after the PDA) happens 

between and within states from year to year.  

Variables and Models 

As mentioned earlier, this paper’s primary goal is to measure the causal 

relationship between the PDA and women’s disadvantage in employment rates.  

However, after getting this result, I wanted to break down the initial association by 

examining the association between the PDA and women’s employment rate as well as the 

PDA and men’s employment rate.  Women’s employment rates are calculated by 

determining the proportion of women who are currently employed for each state-year 

combination.  Men’s employment rates are calculated the same way, except using men’s 

current employment.  Women’s disadvantage employment rate is calculated by 

subtracting women’s employment rate from men’s employment rate for each state-year.  

                                                 

iii Although some studies use a stricter age limit of 25 to 54 to avoid schooling and 

retirement related effects, my broader restriction allows for me to generalize my findings 

to all working-age individuals. 
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Table 2-1 shows how I operationalize my three dependent variables, independent 

variables, and control variables.   
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Table 2-1. Operationalization of Variables 

Variables  Definition 

   

Dependent Variables   

   

Difference Between Men's and Women's 

Employment Rates 

 

Continuous indicator. Calculated by 

subtracting the proportion of women 

employed from the proportion of men 

employed. 

 

Women's Employment Rate 

 

Continuous indicator.  The proportion of 

women employed. 

 

Men's Employment Rate 

 

Continuous indicator.  The proportion of men 

employed. 

 

Independent Variables   

   

Treatment Group Post 

 

Categorical indicator. 1= States that did not 

have temporary disability insurance 

requirements before the PDA and corresponds 

to data after 1979, 0=Otherwise.  
 

Control Group Pre 

 

Categorical indicator. 1= States that did have 

temporary disability insurance requirements 

before the PDA and corresponds to data 

before or in 1979, 0=Otherwise.  
 

Control Group Post 

 

Categorical indicator. 1= States that did have 

temporary disability insurance requirements 

before the PDA and corresponds to data after 

1979, 0=Otherwise.  

   

Control Variables   

   

Marital Status3
 

 

Five continuous indicators.  Proportions of 

those who are married, separated, divorced, 

widowed, and never married/single. 
 

White3 

 

Continuous indicator. Proportions of those 

who identified as white. 
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Table 2-1, Continued. Operationalization of Variables 

   

Educational Attainment3 

 

Four continuous indicators.  Proportions who 

have less than high school degrees, high 

school degrees, some college or bachelor's 

degrees, and graduate degrees. 

 

Age 

 

Continuous indicator.  Mean age. 

 

Age Squared 

 

Continuous indicator.  Mean squared age. 

 

Metropolitan Status3 

 

Three continuous indictors.  Proportions of 

those who live in the central city, outside the 

central city, and not in the metropolitan 

area/unknown. 

 

Occupation3 

 

Nine continuous indicators. Proportions of 

those in different occupational categories, 

which are coded by the 1950 Census Bureau's 

system and are based on the previous year.  

 

Industry3 

 

Sixteen continuous indicators. Proportions of 

those in different industries categories, which 

are coded by the 1950 Census Bureau's system 

and are based on the previous year.  

Notes:   

1. All variables are calculated for each state-year combination. 

2. All control variables are gender specific. When predicting the difference between men's and 

women's employment rates, these control variables represent the difference between women and 

men (e.g., the mean age of women is subtracted from the mean age of men).  When predicting 

women's wages, I use female-based control variables (e.g., the mean age of women). When 

predicting men's wages, I use male-based control variables (e.g., the mean age of men).  

 3.  Marital status, metropolitan status, educational attainment, metropolitan status, occupation, 

and industry variables exclude the first proportion listed (e.g., married for marital status) from 

predictive models. 

 

My independent variable is called a DID estimator, which measures the effect of 

the PDA. This DID estimator measures the difference in employment rates between the 

treatment group after the PDA in comparison to all other state-year observations.  This 
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estimator can be broken down into three dummy variables (which are also described in 

Table 2-1): (1) treatment group after the PDA, (2) control group before the PDA, and (3) 

control group after the PDA.  The reference group for all three dummy variables is the 

treatment group before the PDA.  Alone, these dummy variables cannot speak to the 

overall effect of the PDA since they do not control for unobserved alternative 

explanations.  However, the DID estimator resolves this problem.  To calculate the DID 

estimator from the three dummy variables, I first subtract the coefficient of the control 

group before the PDA from the coefficient of the control group after the PDA.  This 

difference estimates the effect of time and other unmeasured variables. Then I subtract 

this difference from the difference in the treatment group before and after the PDA 

(which is the coefficient of the treatment group after the PDA).  The final number I get 

after subtracting represents the overall effect of the PDA (see Figure 2-1).  In the tables 

that present the regression results, I show the three dummy variables and the DID 

estimator.  All of the control variables listed in Table 2-1 are commonly used when 

predicting employment.   

Table 2-2 shows the means of the women’s disadvantage in employment rates, 

women’s employment rates, and men’s employment rates for each quasi-experimental 

group.  When looking at women’s disadvantage in employment rates, both experimental 

groups had higher differences before the PDA was passed.  When looking at women’s 

employment rates, women were employed at lower rates in the two before groups than in 

the two after groups.  However, men’s employment rates do not vary significantly 

between the four quasi-experimental groups.  These figures are purely descriptive and do 

not control for any of the variables in my regression models.  
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Table 2-2. Mean Difference in Employment Rates by Quasi-Experimental Groups 

Quasi-Experimental Groups 
 

Mean Difference 

Between Men's 

and Women's 

Employment 

Rates 

 

Mean Women's 

Employment 

Rates 
 

Mean Men's 

Employment 

Rates 
 

Number 

of State-

Years in 

Group 

Treatment Group Before PDA 
 

0.1242 
 

0.7658 
 

0.8900 
 

185 

Treatment Group After PDA 
 

0.0287 
 

0.8584 
 

0.8871 
 

576 

Control Group Before PDA 
 

0.1018 
 

0.7846 
 

0.8863 
 

48 

Control Group After PDA   0.0190   0.8627   0.8816   192 

ANOVA Results:   
F=450.67, df=3, 

p<0.000 
  

F=367.43, df=3, 

p<0.000 
  

F=2.74, df=3, 

p=0.0425 
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All three sets of models use two-way crossed random effects modeling, which 

allows random effects to be included for both states and years within the same model.  

This allows for error terms to be correlated within states (e.g., all years of California 

observations are related) or within years (e.g., all state observations in 1980 are related), 

which helps to take into account the unmeasured characteristics that vary across states or 

across years.iv 

Here is an example of what each model looks: 

𝑌𝑠𝑡 =  𝛽0 +  𝛽1(𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐺𝑟𝑜𝑢𝑝 𝑃𝑜𝑠𝑡) +  𝛽2(𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝐺𝑟𝑜𝑢𝑝 𝑃𝑟𝑒)

+  𝛽3(𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝐺𝑟𝑜𝑢𝑝 𝑃𝑜𝑠𝑡) +  Χ𝑠𝑡𝛽𝑥 +  𝜀𝑠𝑡 

Where, 𝑌𝑠𝑡 represents the dependent variable for each state-year (women’s 

employment rates, men’s employment rates, and the difference between men’s and 

women’s employment rates), 𝛽0 represents the intercept, 𝛽1 represents the coefficient for 

the treatment group after the PDA was passed, 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝐺𝑟𝑜𝑢𝑝 𝑃𝑜𝑠𝑡 represents a 

dummy variable for if a state-year was in the treatment group after the PDA passed, 𝛽2 

represents the coefficient for the control group before the PDA was passed, 

𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝐺𝑟𝑜𝑢𝑝 𝑃𝑟𝑒 represents a dummy variable for if a state-year was in the control 

group before the PDA passed, 𝛽3 represents the coefficient for the control group after the 

PDA was passed, 𝐶𝑜𝑛𝑡𝑟𝑜𝑙 𝐺𝑟𝑜𝑢𝑝 𝑃𝑜𝑠𝑡 represents a dummy variable for if a state-year 

was in the control group after the PDA passed, Χ𝑠𝑡 represents control variables for state-

                                                 

iv When I ran my models with balanced data, I did not use fixed effects modeling 

because I had a collinearity problem with including year dummies, state dummies, and 

the DID variables.  This lead to my standard errors and coefficients being unstable across 

nested models. 
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years, 𝛽𝑥 represents the corresponding coefficients of these control variables, and 𝜀𝑠𝑡  

represents state-year level error terms. 

The three employment models are nested.  The first set of nested models includes 

only the three dummy variables for the quasi-experimental groups.  The next model adds 

general demographic variables for states (e.g., mean age of individuals in a specific state-

year).  The last set of nested models includes work-related characteristics for states (e.g., 

proportion of workers in a certain occupational grouping). The purpose of the nested 

models is to add similar control variables one set at a time to see if the initial association 

found between the PDA and employment changes (i.e., changes significance, changes 

direction, or becomes stronger or weaker) as a result.  It is not sufficient to have a model 

that includes only DID predictors because such a model does not control for alternative 

explanations for changes in employment rates.  These alternative explanations could be 

associated with the PDA, employment, or the PDA and employment.  Variables like the 

ones used in this paper are commonly used as control variables when predicting 

employment in DID models measuring anti-sex discrimination policies’ effectiveness 

(e.g., Neumark and Stock 2006).  As a result, the last models presented in the nested 

sequences are the most valid since they control for many alternative explanations. 

All of the control variables are gender-specific to what models are predicting.  

When predicting women’s disadvantage in employment rates, I use gender-differenced 

control variables.  For example, in terms of age, I use the mean age of men minus that of 

women for a state-year when predicting the employment rate difference.  When 

predicting women’s employment rates, I use the mean age of women in that state-year, 

and I use the mean age of men when predicting men’s employment rates.  These gender-
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specific control variables help to control for gendered alternative explanations better than 

non-gender specific controls would. Collectively, these three sets of models explain not 

only if women’s disadvantage in employment rates changed in relation to the PDA but 

also whether this change was related to changes in women’s and/or men’s employment 

rates.  

Results 

Overall, the models suggest that the PDA significantly closed the employment 

rate gap between men’s employment rates and women’s employment rates.  However, 

when predicting women’s and men’s employment rates separately, the PDA had no 

association with women’s rates in the women’s model and a negative association with 

men’s in the men’s model.  While the PDA seems to have helped women’s relative 

equality when compared to men, this is due to men’s employment rates weakening rather 

than women’s rates being strengthened.   

Model Fit Statistics for All Modelsv 

For all models, R1
2, which represents the proportional reduction in level-one 

prediction errors, is calculated.  This is similar to the traditional R2 in that it measures 

“how well we can predict the outcome of Yij for a randomly drawn level-one unit i within 

a randomly drawn level-two unit j” (Snijders and Bosker 2012:112).  With reference to 

the models in this paper, Yij represents women’s disadvantage in employment rates, 

women’s employment rates, and men’s employment rates.  Level one refers to states (i) 

and level two refers to years (j).  The R1
2’s are larger when predicting women’s 

                                                 

v I did not conduct Hausman tests on any of the models to see if fixed effects 

models were preferred over random effect models because some of the predictors (e.g., 

being in the treatment or control group) are constant within states or within years. 
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disadvantage in employment rates and women’s employment rates and are somewhat 

smaller when predicting men’s employment rates. 

BIC and AIC values are also shown for all of the models.  As more predictors are 

added to nested models, these values tend to either stay roughly the same or decrease in 

size.  When comparing the first model in a nest to the last, the last typically has smaller 

BIC and AIC values (except for the BIC values when predicting men’s employment 

rates), suggesting that for the most part the last models are significant improvements 

upon the first models.   

  Additionally, the likelihood ratio test versus the linear regression results are also 

shown for all of the models.  All of the models reject the null hypothesis of the linear 

regression with a single intercept in favor of the random effects model.  

Predicting Women’s Disadvantage in Employment Rates of State-Years 

Table 2-3 shows the models for predicting the difference between men’s and 

women’s employment rates for state-years.  This table shows the results for two sets of 

independent variables.  As discussed above, the first set of independent variables (i.e., 

Treatment Group Post, Control Group Pre, and Control Group Post) is used to calculate 

the second set of results (i.e., DID Estimator).  Interpreting any individual coefficient 

from the first set of independent variables is misleading because they do not take into 

account the results from the other two quasi-experimental groups (for full interpretations 

of these coefficients, see their corresponding footnotes).  When looking at Model A, 

which is the baseline model, the DID Estimator is calculated from the other three 

independent variables using the following steps:  (1) Subtract the coefficient of the 
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Control Group Pre (-0.0247)vi from the coefficient of the Control Group Post (-0.1056)vii, 

which equals -0.0809.  This difference represents the effect of time and other unmeasured 

variables. (2) Subtract this difference (-0.0809) from the Treatment Group Post 

coefficient (-0.0959)viii, which equals -0.0150.ix  Because the Treatment Group Post 

coefficient is the difference between the treatment group pre-versus post-treatment, this 

step removes the effect of time and unmeasured variables from the pre-post comparison.  

The resultant number is the DID estimator, which means that the states in the treatment 

group after the passage of the PDA had a difference between men’s and women’s 

employment rates that was 1.48 percent smaller than those in the control states, and it is 

statistically significant.x    

                                                 

vi The interpretation for this coefficient is as follows:  If states were the same with 

respect to all other predictors, the states in the control group before the passage of the 

PDA (i.e., those that did have a state TDB policy before the PDA and corresponds to data 

before or in 1978) had a difference between men’s and women’s employment rates that 

was 2.44 percent smaller than states in the treatment group before the PDA. 

vii The interpretation for this coefficient is as follows:  If states were the same with 

respect to all other predictors, the states in the control group after the passage of the PDA 

(i.e., those that did have a state TDB policy before the PDA and corresponds to data after 

1978) had a difference between men’s and women’s employment that was 10.02 percent 

smaller than states in the treatment group before the PDA.  

viii The interpretation for this coefficient is as follows:  If states were the same 

with respect to all other predictors, the states in the treatment group after the passage of 

the PDA (i.e., those that did not have a state TDB policy before the PDA and corresponds 

to data after 1978) had a difference between men’s and women’s employment that was 

9.14 percent smaller than states in the treatment group before the PDA. 

ix The DID Estimator coefficient shown in Table 2-4 does not match the DID 

Estimator presented in this sentence because they disagree in the fourth decimal place.  

This is because of rounding. 

x 1.48 percent is calculated by using this formula:  eb – 1, where b equals the DID 

estimator coefficient (-0.0149). 
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Table 2-3. Predicting the Difference between Men's and Women's Employment 

Model A 
 

Model B 
 

Model C 

 
b 

 
s.e. 

 
b 

 
s.e. 

 
b 

 
s.e. 

Treatment Group Post -0.0959* 
 

0.0079 
 

-0.0797* 
 

0.0072 
 

-0.0755* 
 

0.0072 

Control Group Pre -0.0247* 
 

0.0083 
 

-0.0286* 
 

0.0082 
 

-0.0202* 
 

0.0089 

Control Group Post -0.1056* 
 

0.0110 
 

-0.0905* 
 

0.0105 
 

-0.0796* 
 

0.0111 

            
DID Estimator -0.0149* 

 
0.0039 

 
-.0179* 

 
0.0037 

 
 -.0161* 

 
0.0038 

            
Log Likelihood 2342.797   2427.946   2475.036 

Likelihood Ratio Statistic, d.f.  156.47, 3   
 

410.67, 15   
 

566.95, 38   

LR test v. Linear Regression X2, p-value 769.45, p<0.000 
 

 516.57 p<0.000 
 

343.45, p<0.000 

BIC -4637.233 
 

-4724.625 
 

-4659.903 

AIC -4671.595 
 

-4817.891 
 

-4866.071 

R1
2 0.587 

 
0.667 

 
0.685 

N 1001   1001   1001 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

Notes: 

1.  Model A does not include any predictors other than what is presented. 

2.  Model B builds on Model A by including gender-differenced predictors (i.e., mean or proportion for men minus 

mean or proportion for women in state years) for each of the following: four marital status proportions (separated, 

divorced, widowed, and never married/single), proportion white, three educational attainment proportions (high 

school degree, some college or bachelor's degree, and graduate degree), mean age, mean squared age, and two 

metropolitan areas (outside the central city and not in metropolitan area/unknown). 

3.  Model C builds on Model B by including gender-differenced predictors for each of the following: eight 

occupation proportions from last year and fifteen industry proportions from last year. 
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This initial DID estimate is not as valid as it could be because it does not control 

for other variables, such as demographics or work-related characteristics, which are 

controlled for in nested Models B and C, respectively.  When predicting the difference 

between men’s and women’s employment rates, the addition of demographic variables 

does not change the coefficient of the DID Estimator very much.  The DID Estimator 

becomes slightly more negative (-1.77 percent).  Adding work-related characteristics did 

not change the DID Estimator much either, as the DID Estimator is now a -1.60 percent 

and remained statistically significant, indicating that with the addition of all controls, the 

states in the treatment group after the passage of the PDA had a difference between 

men’s and women’s employment rates that was 1.60 percent points smaller than those of 

all other states.  This final DID coefficient is the most valid of the three, and it suggests 

that women’s employment rates became closer to men’s employment rates, suggesting 

that PDA helped to close the gendered employment gap, unfortunately at the expense of 

men.  However, it is unclear from this analysis if the employments rates aligned more 

closely with each other because women’s employment rates rose, because men’s 

employment rates declined, or because of both.  The only way to disaggregate this 

finding is to predict women’s and men’s employment rates separately, which I describe 

below. 

Predicting Women’s Employment Rates of State-Years 

Table 2-4 shows the models for predicting women’s employment rates for state-

years.  The method for computing the DID Estimator coefficient is the same as that 

described above for women’s disadvantage in employment rates.  In Model A, the DID 

Estimator coefficient is significant and positive (0.0988), and in Model B, the coefficient 
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remains significant when demographic controls are added in (0.0134).  However, the DID 

Estimator coefficient becomes insignificant in Model C (0.0041), when work-related 

characteristics are added in as control variables.  As is true with predicting women’s 

disadvantage in employment rates, Model C is the most validxi, and suggests that there is 

no significant association between the passage of the PDA and women’s employment 

rates, suggesting that the PDA had no effect on women’s employment. This finding lends 

support for the literature that the PDA did not help women. 

  

                                                 

xi This is the best estimate because it comes from the model with the lowest AIC 

value (the BIC value is roughly the same as the previous model) and has the highest r-

squared. 
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Table 2-4. Predicting Women’s Employment Rates 

 
Model A 

 
Model B 

 
Model C 

 
b 

 
s.e. 

 
b 

 
s.e. 

 
b 

 
s.e. 

Treatment Group Post 0.0925* 
 

0.0092 
 

0.0451* 
 

0.0063 
 

0.0417* 
 

0.0064 

Control Group Pre 0.0143 
 

0.0094 
 

0.0079 
 

0.0099 
 

-0.0042 
 

0.0088 

Control Group Post 0.0988* 
 

0.0128 
 

0.0396* 
 

0.0116 
 

0.0334* 
 

0.0107 

            
DID Estimator 0.0988* 

 
0.0033 

 
0.0134* 

 
0.0033 

 
0.0041 

 
0.0033 

            

Log Likelihood 2475.726   2624.765   2693.051 

Likelihood Ratio Statistic, d.f. 111.09, 3   
 

 888.82, 15   
 

 1104.76, 38   

LR test v. Linear Regression X2, p-value 1154.51, p<0.000 
 

 533.03 p<0.000 
 

414.01, p<0.000 

BIC -4903.090 
 

-5118.264 
 

-5095.934 

AIC -4937.451 
 

-5211.531 
 

-5302.102 

R1
2 0.549 

 
0.736 

 
0.784 

N 1001   1001   1001 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

Notes: 

1.  Model A does not include any predictors other than what is presented. 

2.  Model B builds on Model A by including female-specific predictors for each of the following: four marital 

status proportions (separated, divorced, widowed, and never married/single), proportion white, three educational 

attainment proportions (high school degree, some college or bachelor's degree, and graduate degree), mean age, 

mean squared age, and two metropolitan areas (outside the central city and not in metropolitan area/unknown). 

3.  Model C builds on Model B by including female-specific predictors for each of the following: eight 

occupation proportions from last year and fifteen industry proportions from last year. 
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Predicting Men’s Employment Rates of State-Years 

Table 2-5 shows the models for predicting men’s employment rates for state-

years. In Model A, the DID Estimator coefficient is not significant (-0.0049), and in 

Model B, the coefficient becomes significant when demographic controls are added in (-

0.0090).  The DID Estimator coefficient remains significant and negative in Model C (-

0.0132), when work-related characteristics are added in as control variables. Model C is 

the most valid, and suggests that there is a negative and significant association between 

the passage of the PDA and men’s employment rates, indicating that the PDA had a 

negative effect on men’s employment.  The states in the treatment group after the passage 

of the PDA had male employment rates that were 1.31 percent smaller than control group 

states. 
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Table 2-5. Predicting Men’s Employment Rates 

 
Model A 

 
Model B 

 
Model C 

 
b 

 
s.e. 

 
b 

 
s.e. 

 
b 

 
s.e. 

Treatment Group Post -0.0013 
 

0.0062 
 

-0.0090 
 

0.0068 
 

-0.0037 
 

0.0070 

Control Group Pre -0.0104 
 

0.0091 
 

-0.0140 
 

0.0098 
 

-0.0141 
 

0.0091 

Control Group Post -0.0068 
 

0.0107 
 

-0.0140 
 

0.0120 
 

-0.0046 
 

0.0115 

            

            
DID Estimator -0.0049 

 

0.0030 
 

 -0.0090* 
 

0.0033 
 

-0.0132* 
 

0.0032 

            

Log Likelihood 2590.324   2619.599   2694.361 

Likelihood Ratio Statistic, d.f. 3.21, 3  
 

 67.40, 15   
 

236.51, 38   

LR test v. Linear Regression X2, p-value 942.49, p<0.000 
 

654.48, p<0.000 
 

555.02, p<0.000 

BIC -5132.286 
 

-5107.931 
 

-5098.554 

AIC -5166.647 
 

-5201.198 
 

-5304.721 

R1
2 0.007 

 
0.085 

 
0.192 

N 1001   1001   1001 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

Notes: 

1.  Model A does not include any predictors other than what is presented. 

2.  Model B builds on Model A by including male-specific predictors for each of the following: four marital status 

proportions (separated, divorced, widowed, and never married/single), proportion white, three educational 

attainment proportions (high school degree, some college or bachelor's degree, and graduate degree), mean age, 

mean squared age, and two metropolitan areas (outside the central city and not in metropolitan area/unknown). 

3.  Model C builds on Model B by including male-specific predictors for each of the following: eight occupation 

proportions from last year and fifteen industry proportions from last year. 
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Discussion 

Comparing My Results with Gruber (1994) and Mukhopadhyay (2012) 

As mentioned earlier, the PDA extended two work-related benefits to cover 

pregnancy: (1) temporary disability benefits and (2) health insurance.  I did not test the 

effectiveness of the PDA’s health insurance outcomes, but Gruber (1994) did, and our 

results complement each other.  He found that because the PDA expanded employer 

health insurance benefits to pregnant women, women experienced a reduction in their 

real wages in order to pay for this benefit.  His quasi-experimental groups were 

determined by whether state laws had previously mandated that employer health 

insurance cover pregnancy.  The design of his quasi-experimental groups is consistent 

with those in this paper, and his results reflect the same general trend as this paper’s—the 

PDA did not help women in the workplace. 

On the other hand, Mukhopadhyay (2012) also conducted a DID model on the 

PDA and found that it helped women’s employment, which runs counter to my findings.  

There are several possible reasons for why we have opposing results.  For example, his 

estimation uses person-level data, while my analysis is conducted at the state-year level.  

Additionally, he uses the NLS, which follows the same individuals across time, while this 

analysis uses a repeated cross-sectional dataset.   

The largest difference in our analyses is in how he defines his quasi-experimental 

control and treatment groups, which I argue is problematic.  He uses women without 

children and who are not pregnant as his control group and women who are pregnant or 

with children as his treatment group.  Additionally, he does not examine how men’s 

employment is affected by the PDA.  He explains that, “[t]he underlying assumption is 



 51 

that pregnant women and women with children would be affected by the PDA, whereas 

women who do not have children and are not pregnant would not be affected by the law” 

(Mukhopadhyay 2012:1148). 

Unfortunately, this is an oversimplification on Mukhopadhyay’s (2012) part, as 

much of the feminist scholarship on the PDA argues that the PDA affected all women, or 

at the very least all women of childbearing age.   Feminist scholars maintain this position 

because employers, fellow employees, and customers may judge and discriminate against 

women because of their potential to become pregnant (Spalter-Roth et al. 1990; Yue 

2008).  By dividing his treatment and control groups the way he did, Mukhopadhyay 

created a false dichotomy.  He tested one half of the target population against the other 

half despite the fact that both of his groups were affected by the PDA.   

Overall, doing DID analysis at the state-year level, such as is done in this paper, 

avoids the problem of Mukhopadhyay’s (2012) quasi-experimental groups because this 

analysis does not divide women who are affected by the PDA into two opposing groups.  

Instead, by analyzing states, women can be divided on the basis of whether or not they 

already had TDB coverage for pregnancy. 

Why the Pregnancy Discrimination Act Hurt Men 

A weakness of both Gruber (1994) and Mukhopadhyay (2012) is that neither of 

them tested to see if the PDA had a significant effect on men.  Testing men as well as 

women is useful because there is an argument in the workplace discrimination literature 

that when one group of employees (in this case women) is perceived to be too 

burdensome or expensive to hire, employers will hire and favor individuals from other 
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groups of employees (in this case men) (Mitchell and Mikalauskas 1987).  This could 

result in statistical discrimination.  

Statistical discrimination suggests that from a pre-hiring stance, in order to 

maximize profit, employers use facts about an applicant’s demographic group to quickly 

evaluate and make decisions about that applicant as a potential employee (Arrow 1998; 

Phelps 1972). If employers believe that the majority of women become less productive 

when they are pregnant or are likely to leave when they have children, then the employers 

may be more inclined to hire men; if they do hire women, they may pay women less than 

men since they are seen as a liability both because of low productivity and the added 

expense of TDB.  When women and men have equal human capital and work ability, 

women are either not hired or are hired into less demanding, and therefore typically less 

lucrative, positions (Bielby and Baron 1986).  

Statistical discrimination suggests that more men may be hired in reaction to the 

passage of the PDA; however, men’s employment rates fell as a result of the PDA, while 

women’s employment rates were not affected.  Gary Becker’s (1957 [1971]) famous 

work on racial employment discrimination may explain why men’s employment rates 

were negatively affected. 

Becker (1957 [1971]) proposed a theory for understanding the effects of 

workplace discrimination in which members of both desirable and undesirable groups 

lose wages.  Specifically, Becker (1957 [1971]) compares two employers: (1) an 

employer who discriminates and as a result hires only employees from the desirable 

group and (2) an employer who does not discriminate and is willing to hire employees 

from both the desirable and undesirable groups.  These two employers are in competition 
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with one another, and as a result their overall costs must be similar in order to maintain 

competition.  Since the non-discriminating employer hires undesirable workers, who 

command lower wages, the non-discriminating employer has lower costs (Becker 1957 

[1971]).  In order to maintain competition, the discriminating company must either 

reduce its workforce or hire cheaper workers; otherwise, it will go out of business.  No 

matter which option the discriminating company chooses, the result will be lower 

employment rates for the more expensive workers in the short to medium term.  In the 

long run, according to Becker (1957 [1971]) discrimination will cease to exist and 

employment rates between desirable and undesirable employees should equalize as a 

result.  However, as discussed earlier, some sociologists are skeptical about whether 

discrimination will ever cease to exist (e.g., Reskin 1988).  

Groups opposed to the passage of the PDA frequently warned that the increased 

insurance premiums that the PDA would mandate would make women too expensive to 

hire; however, Spalter-Roth et al. (1990) found that the expense of TDB insurance 

premiums were offset by several benefits to companies.  For example, employees with 

TDB insurance who take pregnancy leave were more likely to return to work than 

employees without this insurance.  This reduced employers’ costs in terms of recruitment 

and training for replacement employees.  Additionally, workers without TDB used more 

state unemployment insurance benefits than those with TDB; this new reduction in 

unemployment benefits offsets increased employer TDB insurance costs because 

employers are taxed less for unemployment insurance.   

My findings reflect how Becker’s (1957 [1971]) discrimination theory might play 

out in the context of the PDA’s TDB requirement.  Even though the threat of high TDB 
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insurance was well publicized at the time of the PDA’s passage—which would imply that 

women would be replaced by “cheaper” male employees—I find that men’s employment 

rates have fallen while women’s remain flat, which would result in a lower overall 

expenditure on payroll.  Since women earn less than men—even when including the 

small the net costs of the additional TDB—men are still the higher-priced option for 

employers; consequently, hiring fewer men would result in lower costs for employers.  

Although women and men may not be perfect substitutions for one another, in many jobs 

the gender of the worker is not relevant.  As a result, significant substitution should be 

possible.  Therefore, the cost of the worker to the employer should be a determining 

factor in the hiring process.  

Why the Pregnancy Discrimination Act Had No Effect on Women 

Although there is no direct discussion of the PDA’s effect on men in the PDA 

literature, there is ample literature discussing PDA’s effect on women.  My results show 

support for the critical feminist scholarship that maintained that the PDA would be 

ineffective in helping women make gains towards equality in the workplace.  There are 

two key reasons for why the PDA may have been ineffective.  Perhaps the most salient 

factor challenging the PDA’s effectiveness involves who precisely is covered by and 

benefits from this Act and its feared cost to employers.  That is, only those working 

women whose employers already provided TDB coverage for other disabilities gained 

coverage for pregnancy and pregnancy-related conditions after the PDA passed (Spalter-

Roth et al. 1990).  In other words, women whose employers did not provide TDB for 

other disabilities before the PDA received no pregnancy disability benefits after the PDA 

passed.   
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This dichotomy is particularly important because the women least likely to gain 

from the passage of the PDA—those in low-wage, low-prestige, and low-skill jobs with 

no benefits—are also the women who were most in need of the coverage.  These women 

work in jobs and industries that have little to no flexibility and are least likely to tolerate 

the disruptions and time off commonly associated with pregnancy (Spalter-Roth et al. 

1990).  In other words, women in jobs that did not have TDB coverage are like 

Guadalupe, who works at a fast food restaurant; these women frequently lose their jobs if 

they became pregnant, even after the PDA passed, because they still did not have TDB 

converge for their pregnancies since they were not included in the PDA mandate 

(Spalter-Roth et al. 1990).  Consequently, although some women benefited from the law, 

others did not benefit at all, suggesting that the PDA did not affect enough women to 

make a noticeable difference. 

Another reason the PDA could have been ineffective is that it does not provide 

any affirmative action component for pregnant female employees (Millsap 1996; Spalter-

Roth et al. 1990).  Unlike other provisions in Title VII, the PDA does not mandate either 

increased salary or increased employment of women.  Therefore, all the PDA is designed 

to accomplish is maintaining employment of women who become pregnant.  The 

affirmative action components of other sections of Title VII mandate new opportunities 

for employment, pay, and promotion of disadvantaged groups.  As Spalter-Roth et al. 

(1990) argue, without the PDA women would have lost significant ground in the 

workplace after Gilbert, in which the U.S. Supreme Court ruled that pregnant women 

were not entitled to disability benefits due to their pregnancies through their employers; 

the only purpose of the PDA was to reverse the negative effects associated with Gilbert.  
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Therefore, it was not meant to create new benefits for women but to prevent workplace-

related harm.  

Limitations 

One limitation of my study is that some women who lived in states that did not 

have state-wide TDB legislation before the PDA passed could have had TDB for 

pregnancy through their employers.  As a result, some of the women in the treatment 

group states may not have been affected by the PDA.  However, this limitation makes my 

findings conservative and is also a limitation of Gruber’s (1994) study.  

Because of their interrelated natures, the PDA and the Family and Medical Leave 

Act of 1993 (FMLA) (discussed in more detail below) should be studied together in order 

to fully measure the effectiveness of U.S. legislation on pregnancy and family-related 

discrimination, but my research focuses solely on the PDA.  Additionally, studies on 

these two laws together could focus on multiple workplace inequality-related outcomes, 

such as sex segregation, earnings, promotions, and retention.     

Conclusion 

The PDA was enacted with a noble goal—to right the wrong created by Gilbert.  

To that end, it largely succeeded.  The PDA represents the U.S.’s official stance against 

pregnancy discrimination in the workplace and upholds the rights of women to fair and 

equal treatment in comparison to their male counterparts.  Because of the PDA, pregnant 

women did not lose the rights that Gilbert threatened to take away.  The PDA did narrow 

the gap between women’s and men’s employment rates, but women’s employment rates 

were not affected by the PDA and men’s employment rates fell in relation to the PDA. 
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Unfortunately, the PDA accomplished nothing more than this.  It did not help 

women’s employment rates.  It did not help men’s employment rates.  It did not eliminate 

pregnancy discrimination in the workplace.  It did not help Guadalupe or the countless 

women like her. 

Fortunately, although the PDA was a step forward for women’s rights, activists 

and Congress realized that the PDA fell short.  As a result, in 1993 the FMLA became 

law.  It provided qualified employees with the opportunity to take twelve weeks of 

unpaid leave from work to tend to family medical issues (U.S. Department of Labor 

N.d.), the most important element of which is that it provides maternity leave.  However, 

the FLMA didn’t resolve the class problem associated with the PDA.  That is, poor 

female workers in low skill and low prestige jobs without TDB and/or health insurance 

were still not given TDB and/or health insurance related to their pregnancies, and these 

women were the most in need of such coverage since they lacked the resources to 

overcome the financial and work-related obstacles associated with pregnancy.   

Furthermore, DID studies on this act find unclear effects.  Waldfogel (1999) finds mixed 

results—women at large firms in states without prior maternity leave laws saw an 

increase in wages, but women’s wages at small firms were negatively affected.  Baum 

(2003) finds that this act did not significantly affect women’s employment or their wages.  

Goodpaster (2010) finds that this act negatively affected women’s overall labor force 

participation.  What is clear from these three studies is that the FMLA did not solve all of 

the problems of pregnancy discrimination that many had hoped the PDA would solve. 

Can pregnancy discrimination ever be eliminated?  Is there any way to help the 

most vulnerable pregnant female workers?  Would more pregnancy legislation help or 
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harm women?  All of these questions remain unanswered.  What is clear is that the status 

quo has been ineffective so far in eliminating pregnancy discrimination.  This paper and 

other papers on pregnancy discrimination are attempts to identify the problems with 

current laws and policies.  Hopefully, the research spurred by the PDA and FMLA will 

provide answers to some of these questions and lead to more effective anti-pregnancy 

discrimination policies.   
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CHAPTER 3  

 

A VICTORY WORSE THAN DEFEAT: 

THE NEGATIVE ASSOCIATION BETWEEN THE 

MERITOR V. VINSON RULING ON SEXUAL HARASSMENT 

 AND WOMEN’S WAGES 

 

Introduction 

In the 1990s, Anne Lawton (2005) was a tenure-track professor in a male-

dominated school and department.  She was sexually harassed by a male colleague who 

had recently been awarded tenure, and was a member of Lawton’s tenure committee.  At 

first, she took no active measures against her harasser, but the harassment escalated; 

finally, she felt no alternative but to file a complaint according to her university’s policy.  

Even though this action stopped the harassment (since they found him guilty), his only 

punishment was a written reprimand. The real punishment was for Lawton. 

She felt compelled to transfer to a different department within her school because 

of the negative relationships that her complaint had caused.  Unfortunately, even this shift 

of positions did not solve her problem, as she was negatively reviewed, with the 

unspoken but understood message that it would be difficult, if not impossible, for her to 

receive tenure and/or promotion.  It was no coincidence that all of her negative reviews 

came from the same university official (the provost) who was responsible for her 

harassment case after it had been reviewed by the affirmative action committee of the 

university.   

 Lawton’s story is noteworthy because her experience exemplifies all that is 

wrong with the 1986 Supreme Court ruling in Meritor Savings Bank v. Vinson (Meritor), 

which concluded that sexual harassment violated Title VII of the 1964 Civil Rights Act.  
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Her university had created a policy and set of procedures for violations of the anti-sexual 

harassment policy.  She followed the procedures.  Even though her harassment stopped, 

her harasser was not punished in any meaningful way.  Her adherence to the school’s 

procedures had negative professional and economic consequences for her.  While Meritor 

was a step forward for women’s workplace equality because it recognized that sexual 

harassment is discriminatory and established the U.S.’s official stance against sexual 

harassment, Meritor did not create adequate provisions that protected victims and 

deterred harassers. 

Would Lawton have been better off had she simply left her position and found 

work elsewhere?  This is the essence of the dilemma faced by victims of intolerable 

sexual harassment in the post-Meritor era:  Complain, be labeled a troublemaker, and 

suffer negative consequences; or quit.  Either way she would lose.  More importantly, 

Lawton’s story runs counter to what is generally expected to be the results of anti-

discrimination policies.  These policies, at least on the surface, are designed to protect 

those being discriminated against—not hurt them.  However, as much of the literature 

that will be discussed in this paper suggests, Meritor contains provisions that hurt Lawton 

instead of help her.    

Fitzgerald and Shullman (1993) estimate that fifty percent of all women will be 

sexually harassed at school or at work at least once in their lifetimes.  Despite differences 

in context and perspective, there is general agreement that sexual harassment can be 

subdivided into two different conceptual categories. Sexual harassment within the 

workforce usually refers to sexual acts that are demanded as job requirements or in 

exchange for job benefits (i.e., quid pro quo), but it may also refer to the production of 
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unpleasant working conditions that are the result of sexual language, touching, or 

materials (i.e., hostile work environment) (U.S. Equal Opportunity Employment 

Commission 1990).  

Sexual harassment differs from other forms of discrimination in that other forms 

of discrimination may be easier to define, observe, and prevent (Claypoole 1987).  While 

employment discrimination is often difficult to identify and prove, it can be even more 

difficult to quantify discrimination’s effects.  However, social scientists commonly use 

wages and wage differences as indicators of employment discrimination (Becker 1957 

[1971]).   

This paper has four goals (in order of importance): (1) examine women’s wages 

in relation to Meritor,  (2) examine the association between Meritor and men’s wages,  

(3) examine the association between Meritor and the gender wage ratio, and (4) see what 

role, if any, state liberalism (i.e., where state-years fall on a liberalism scale) plays in the 

above associations.  I use difference-in-difference (DID) modeling on Current Population 

Survey (CPS) data collected between 1977 and 2010. 

I study sexual harassment as opposed to other types of discrimination for three 

reasons.  First, although sexual harassment has received widespread public and scholarly 

attention, its effect on earnings is not as thoroughly examined as are the effects of more 

obvious and direct forms of discrimination, such as hiring, wage, and promotion 

discrimination.   Second, it is possible that these cases of overt discrimination (i.e., hiring, 

wage, and promotion) are easier to recognize and eliminate quickly, while other cases of 

discrimination, such as sexual harassment, may be more complex, therefore more 

difficult to identify and eliminate.  Third, I have yet to find a study that examines the link 
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between sexual harassment and wages.  Testing whether women’s wages, men’s wages, 

and the gender wage ratio changed after Meritor will allow me to determine whether 

there is a link between sexual harassment policies and women’s equality to men.   

Some studies attempt to examine the effectiveness of sexual harassment policies.  

They focus on the number of claims filed, on policy implementation in individual 

companies or industries, or on anti-sexual harassment training programs that companies 

create (e.g., Basu 2003).  While interesting, these studies are not generalizable to a 

national-level assessment of policy effectiveness.  That is, the intent behind making 

sexual harassment illegal was to eliminate a form of discrimination and increase gender 

equality in the workplace (Brown 1988; Lawton 2004).   Unfortunately, these studies 

cannot determine whether making sexual harassment illegal accomplished this important 

goal.  My study addresses whether making sexual harassment illegal in the workplace 

leveled the playing field between women and men nationally.  As discussed below in 

more detail, this outcome could occur in multiple ways.  For example, compliance with 

anti-sexual harassment policies could make male-dominated, higher-paying occupations 

more accepting of and welcoming to female employees. Similarly, women may be more 

inclined to stay in their jobs for longer periods of time, thereby increasing their seniority 

with an employer, which could increase their earnings. 

Literature Review 

Defining Discrimination and the Problem with Its Measurement 

Inequalities between women and men in the workforce arise from a myriad of 

sources, but one frequently studied area revolves around demand-side explanations, 

which suggest that some characteristics of the labor market lead to negative labor market 
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outcomes for disadvantaged groups, such as women (Marini 1989).  A commonly 

investigated demand-side explanation involves examining how women are negatively 

affected through sex segregation, comparable worth, and employer evaluation of 

employees, all of which may be results of discrimination.   The U.S. Equal Employment 

Opportunity Commission (EEOC) defines discrimination as unfavorable or less favorable 

treatment of applicants or employees because of traits that are unrelated to employment 

(U.S. Equal Employment Opportunity Commission N.d. A.).   

Gender discrimination is generally considered to be a significant factor in 

explaining the gender earnings gap, albeit a rather slippery one.  In most analyses, a 

significant portion of the gender earnings gap is unexplained, and the typical conclusion 

drawn is that this unexplained component is the result of gender discrimination (The 

Council of Economic Advisors 1998); this kind of analysis is not unique to studying 

gender discrimination, as it is also performed when studying other types of discrimination 

(e.g., race).  This account is unsatisfying, however, because the actual contribution of 

gender discrimination may be higher or lower when including other related areas of 

possible discrimination, such as educational discrimination.  At the same time, true 

discrimination may be greater or less than the unexplained part of the earnings gap if it 

fails to consider additional contributing factors that are not directly linked to 

discrimination because other gender-based differences controlled for may in part also 

reflect gender discrimination even though they are not labeled as such (The Council of 

Economic Advisors 1998).  It is also possible, of course, that some contributing factors 

may have no relationship to discrimination. 
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A History of Sexual Harassment and Its Relationship to Women’s Workplace Inequality 

Sexual harassment is an important type of discrimination that can directly and 

indirectly affect many gendered work-related outcomes, especially since women are more 

likely to be sexually harassed than men (Siegel 1995).  Furthermore, sexual harassment is 

subtly pernicious because its demeaning of women contributes to the perception that 

women are undeserving of fair and equal standing with men in the workplace (Claypoole 

1987).  Sexual harassment may also be a major contributing factor in the gender pay gap 

(Hunter 1993), as women who are sexually harassed in the workplace are more likely to 

quit their jobs or to lose their jobs that are men, even men who are sexually harassed 

(Siegel 1995).  If women quit or lose their jobs because of sexual harassment, their career 

trajectories could be truncated, which could lead to corresponding loses in future earnings 

(Hunter 1993).  As a result, men’s career trajectories and their earnings are less likely to 

be negatively affected by sexual harassment (Siegel 1995).  Together, these factors may 

suggest that the gap between women’s and men’s earnings may widen because of sexual 

harassment.  Similarly, sexual harassment could be related to keeping women out of 

higher paying occupations for two reasons (Hunter 1993).  First, as noted above, the 

career interruptions associated with sexual harassment may reduce women’s work 

experience and create a more unstable work history; as a result, these women may be less 

qualified for these higher-paying occupations (Hunter 1993).  Additionally, past 

harassment and/or the fear of future harassment may be discouraging factors preventing 

women from applying for or showing interest in higher paying occupations because they 
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are often male-dominated.  With all else being equal, if women are kept out of higher-

paying occupations, then the gender earnings gap will be maintained. 

The preceding discussion regarding the effects of sexual harassment refers to 

direct effects, but the indirect effects, while not obvious, may be even more significant.  

For example, sexual harassment victims suffer a wide range of psychological and 

physiological afflictions, such as lower self-esteem, depression, loss of appetite, and 

sleeplessness (Stockdale 1998). Additionally, Basu (2003) explains that the effects of 

sexual harassment are not confined to the overt victim of the behavior.  In fact, Basu 

(2003) claims that existing legislation ignores a large segment of hidden victims.  These 

hidden victims are those who suffer economic losses because they elect to work in 

“otherwise-inferior jobs” (21) (i.e., lower-wage jobs) if they can be free from sexual 

harassment.  Still others stay out of the labor market altogether to avoid harassment (Basu 

2003).  Basu (2003) observes that these hidden victims cannot be compensated for their 

loss because they do not meet the strict definition of the law.   

Part of the reason sexual harassment is a significant workplace problem is because 

it is difficult to regulate.  First, sexual behavior between individuals is not, in and of 

itself, illegal, but the specific nature of the behavior and the context in which it occurs 

can be problematic.  As a result, distinguishing behavior that is sexual harassment from 

non-harassing actions is complex and open to interpretation.  As Claypoole (1987) notes, 

the Supreme Court has acknowledged that individuals have a right to marry and choose a 

partner, which is tantamount to an interpersonal association that is, at least in part, sexual.  

Since behaviors that are intended as “traditional premarriage courtship activity” 

(Claypoole 1987:1155) are protected acts, the problem of separating these from harassing 
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acts is a thorny one.  Second, Congress has not specified precisely what constitutes sexual 

harassment, instead leaving that decision to courts and agencies (Claypoole 1987).  The 

result is a wide range of rulings and guidelines that are frequently contradictory and, in 

the case of court opinions, typically very narrow in focus.  Finally, the commonly-used 

guidelines—those developed by the EEOC in 1980 (Basu 2003)—lack the binding force 

of law (Claypoole 1987).  It was not until the Supreme Court case of Meritor in 1986 that 

sexual harassment was ruled illegal per Title VII of the Civil Rights Act of 1964, which, 

as discussed below, resulted in limited legal guidelines (Basu 2003; Claypoole 1987).  

Furthermore, since the EEOC is composed of political appointees, its interpretations and 

guidelines are subject to change (Claypoole 1987).     

While sexual harassment has been a long-standing problem, Meritor represented a 

turning point through the official legal recognition of sexual harassment as a form of sex 

discrimination.  Consequently, individuals who endure sexual harassment are now 

acknowledged as victims.  This recognition of victim status could have two opposite 

effects on wages.  On the one hand, it provides an opportunity to help alleviate 

discrimination.  I call this the naïve hypothesis, where Meritor had positive effects on a 

variety of women’s job-related outcomes, such as their wages.  On the other hand, for 

discriminatory employers, Meritor increases the undesirability of having female 

employees because of the increased financial risk associated with newly created sexual 

harassment liability; such employers would pay women lower wages to offset this risk.  I 

call this the critical hypothesis, under which Meritor had a negative effect on a variety of 

women’s job-related outcomes. 
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The Naïve Hypothesis: The Meritor Decision Would Improve Women’s Standing 

In this section, I outline an argument in which the Meritor decision would have a 

positive effect on women’s wages and, ceteris paribus, the gender income ratio.  That is, 

since sexual harassment is so harmful to women, making it illegal would increase 

women’s overall standing in the workplace, thereby increasing women’s incomes and 

possibly their earnings relative to men, as well. 

Given the extensive negative effects of sexual harassment, making it illegal could 

reduce sexual harassment and the negative effects associated with it (Stockdale 1998).  

Additionally, human resource experts often encourage sexual harassment victims to take 

assertive action against their harassers (Knapp, Faley, Ekeberg, and Dubois 1997).  It 

follows that sexual harassment policies may be having some degree of success; that is, 

the number of sexual harassment claims rose after the 1980 EEOC guidelines and 

Meritor (Basu 2003; Claypoole 1987; Solotoff and Kramer 2006). Consequently, once 

sexual harassment was made illegal or more restrictions were put into place regarding it, 

women might have been more inclined to pursue occupations that have historically been 

male-dominated and perhaps higher-paying.  Additionally, women might have been more 

likely to stay in positions longer, allowing them to gain more tenure with their employers, 

thus increasing their pay.   

If the naïve hypothesis is true, I expect two results to occur after Meritor.  First, I 

expect to see increased wages for women.  Second, I expect to see an increase in the 

gender wage ratio. This hypothesis does not present any expectation for men’s wages.   
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The Critical Hypothesis: The Meritor Decision Would Harm Women’s Standing 

The literature in the above section suggests that Meritor had a positive effect on 

women’s wages and the gender wage ratio, but other literature suggests that Meritor may 

have had negative effects. 

Gary Becker (1957 [1971]) proposed a theory for understanding the effects of 

workplace discrimination in which members of both desirable and undesirable groups 

receive lower wages.  Discrimination may originate from three sources: employers, 

employees, and consumers.  While all three of these sources may contribute to sexual 

harassment, employers and employees seem to be the most relevant for this discussion.   

In his analysis, Becker (1957 [1971]) compares two employers: (1) an employer 

who discriminates and as a result hires only employees from the desirable group and (2) 

an employer who does not discriminate and is willing to hire employees from both the 

desirable and undesirable groups.  These two types of employers are in competition with 

one another, and, as a result, their overall costs must be similar in order to maintain 

competition.  From the employer’s perspective, two possible scenarios emerge.  First, the 

non-discriminating employer hires undesirable workers, who command lower wages; in 

this case, the non-discriminating employer has lower costs (Becker 1957 [1971]).  

Consequently, the discriminating employers must either reduce wages for their 

employees (i.e., all of these employees since only employees from the desirable group are 

hired) or lose profits.  Faced with this decision, discriminating employers tend to lower 

wages to remain competitive (Becker 1957 [1971]).  In sum, according to Becker (1957 

[1971]), if discrimination occurs against one group, all groups may suffer lower wages in 

order to maintain a competitive market.  Alternatively, if the non-discriminating 
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employer hires only employees from the undesirable group, this employer could pay 

these workers the same as the discriminating employer pays the desirable employees.  

The result in this case is wage equality but workplace segregation.    

Although these two simple polar outcomes are possible, a third alternative 

resulting from employee discrimination seems to be a more likely scenario.  When 

employees are discriminatory, those in the desirable group will not work with the 

undesirable workers unless they are compensated to do so.  For example, those in the 

desirable group will work alongside undesirable workers only if they are paid higher 

wages (i.e., a wage premium) than that which they would accept if they had to work only 

with other members of the desirable group.  However, the desirable workers would 

receive this premium only if they were perceived to have special skills or some other 

market power.  In any event, undesirable workers may accept positions with lower wages 

if they can avoid discrimination.xii   

In all of these situations, Becker (1957 [1971]) maintains that wage discrimination 

is only temporary and will eventually disappear.  It is important to note, however, that 

these three scenarios only apply in an environment where perfect competition exists in 

the labor market.  Since various market imperfections exist leading to a lack of 

competition, Becker (1957 [1971]) noted that discrimination may last for a much longer 

time than his theory would otherwise predict.     

While Becker’s (1957 [1971]) initial work was used to explain race-based 

discrimination in the workplace, Becker believed that his theory was applicable to any 

                                                 

xii It is important to distinguish between women being “more expensive” and 

women making higher wages.  Because women are perceived as being more expensive, 

they are deemed undesirable, and therefore earn lower wages  
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kind of discrimination (Figart and Mutari 2005).  Becker’s framework for understanding 

the relationship between discrimination and employee wages can be applied to 

understanding sexual harassment.  As discussed above, during the1980s, American 

society started to recognize the existence and consequences of sexual harassment in the 

workplace.  This recognition of the consequences of sexual harassment was an 

explanation for many employers’ desire for maintaining and/or increasing sex-

segregation within the labor force.  That is, female employees were increasingly viewed 

as too expensive because these new legal restrictions on workplace behavior increased 

the chances of employers’ being held liable for when women were sexually harassed in 

their companies.   

This threat of the increasing cost of having women employees may have resulted 

in statistical discrimination by employers.  Statistical discrimination suggests that from a 

pre-hiring stance, in order to maximize profit, employers use facts about an applicant’s 

demographic group to quickly evaluate and make decisions about that applicant as a 

potential employee (Arrow 1998; Phelps 1972). If employers believe that hiring women 

increases the risk of lawsuits or other financial penalties, then they may be more inclined 

to hire men; if they do hire women, they may pay women less than men since they are 

seen as a liability.  When women and men have equal human capital and work ability, 

women are either not hired or are hired into less demanding, and therefore typically less 

lucrative, positions (Bielby and Baron 1986). The use of statistical discrimination does 

not stop once individuals are employed, as it can be used once employees are hired to sort 

them into positions that are statistically the most advantageous for the employer (Bielby 

and Baron 1986).   
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Becker (1957 [1971]) never discussed sexual harassment in his work; however, 

other scholars have found specific reasons to support the critical hypothesis that Meritor 

and anti-sexual harassment policies in general may be ineffective in protecting and/or 

harmful toward women, just as any protective legislation or policy may have unintended 

negative outcomes.  For example, a quantitative study of federal employees found that 

when sexual harassment victims took proactive steps to confront their harasser (e.g., 

filing a formal complaint or telling the harasser to stop) the victims were more likely to 

suffer negative job-related outcomes (e.g., job loss, using paid and unpaid leave, or not 

getting promoted) in comparison to victims that did nothing (Stockdale 1998).  These 

job-related outcomes do not include a measure for wages; however, if an employee 

suffers these job-related outcomes, his or her earnings are also likely to suffer.  For 

example, if an employee experiences job loss, then (s)he will lose all income associated 

with that job.  Job loss could also reduce his or her future income because (s)he has lost 

job experience, which is an important component of human capital.  Additionally, if an 

employee does not get promoted, then his or her perceived (and possible actual) value as 

an employee—therefore his or her earnings—remains unchanged.  These results were 

relatively similar for both female and male sexual harassment victims (Stockdale 1998).   

Additionally, some have critiqued the Meritor decision because it changed the 

way victims filed complaints.  Prior to Meritor, victims could file a sexual harassment 

claim to an external office, such as a state-level EEOC office (Lawton 2005; Marshall 

2005).  After Meritor, victims had to file complaints within their companies and could no 

longer directly file a complaint outside of their employer (Lawton 2005; Marshall 2005).  

This change is problematic for two reasons.  First, the employer may label the victim as a 
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“whistle-blower” or “troublemaker” and directly or indirectly punish the victim for 

“creating trouble” (Gutek and Koss 1993).  Second, the employer may believe that the 

female victim is also decreasing the work productivity of her male fellow employees 

since she is drawing sexual attention to herself (Gutek and Koss 1993). 

Along the same line, the sociology of law literature provides another perspective 

on the failure of legal steps to remedy discrimination.  For example, Edelman (2004) 

discusses the connection between rationality, grievance procedures, discrimination, and 

power.  She contends that it is not for the benefit of the victims of discrimination that 

remedies such as grievance procedures have become nearly ubiquitous with employers 

who face potential civil rights violations.  Edelman (2004) maintains that the motivation 

for adopting grievance procedures is not to eliminate discrimination; rather, the purpose 

is to save money.  This outcome is accomplished at both ends of the grievance process; at 

the outset, they are designed to avoid lawsuits, and at the end of the day, they provide 

evidence of the employer’s good faith efforts to prevent discrimination (Edelman 2004; 

Hirsh 2008; Hirsh and Kornrich 2008). 

In Meritor, the Supreme Court pointed to the above grievance procedures as a 

solution to harassment. While initially envisioned as a legal technique that responded to 

Meritor and other civil rights regulations, these grievance procedures have been 

overtaken by human resource departments, with the net effect of morphing the procedure 

from a legal requirement into a smart business strategy (Dobbin and Kelly 2007).  While 

it is true that some employers are sincere in their use of grievance procedures, in many 

cases they are little more than a means for employers to deflect blame away from 
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themselves.  Furthermore, employees are often afraid to use these procedures out of fear 

of retaliation (Edelman 2004; Lawton 2004).     

In summary, it seems that victims who try to actively use the legal resources that 

were created in part as a result of Meritor may be harming themselves in the process.  

This may be true for three reasons.  First, sexual harassment victims who use grievance 

procedures are more likely to suffer negative job-related outcomes.  Second, these 

victims may be negatively viewed by employers and fellow employees as whistleblowers.  

Third, these grievance procedures may serve to protect companies instead of the sexual 

harassment victim.  When women are forced to use grievance procedures that are 

designed to protect companies, then these women may suffer negative job-related 

outcomes and be labeled as troublemakers with no other means to protect themselves.  

If the critical hypothesis is true, I have three expectations for wages after Meritor.  

First, I expect that women’s wages will fall because they are the disadvantaged group.  

Second, I expect that men’s wages will either fall or remain steady because 

discriminating employers need to reduce costs.  Therefore, I expect a reduction or no 

effect on the gender wage ratio.    

Methods 

Woolridge (2010) discusses the frequent use of DID modeling in recent 

econometric studies that examine policy effectiveness.  Well-represented among these 

studies are a number of tests of work-related policies (Woolridge 2010).  DID modeling 

has also been used to measure the effects of several anti-sex-discrimination policies.  For 

example, Neumark and Stock (2006) studied the effects of both the Equal Pay Act of 

1963 and Title VII of the Civil Rights Act of 1964 on women’s wages.  Waldfogel 
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(1999), Baum (2003), and Goodpaster (2010) all studied the effects of the Family and 

Medical Leave Act of 1993.  Finally, Mukhopadhyay (2012) studied the effect of the 

1978 Pregnancy Discrimination Act on women’s labor force participation.   

DID modeling is so frequently used because it enables the researcher to take 

advantage of conditions that resemble “natural experiments” (Woolridge 2010:147).  

Experiments compare two groups: a control group and a treatment group.  In a natural 

experiment, these two groups already exist; the researcher then measures changes in these 

two pre-existing groups before and after a specific event.  By comparing these control 

and experimental groups, the researcher can eliminate alternative hypotheses that could 

potentially explain changes in the experimental group.    

How Difference-in-Difference Modeling Works 

Figure 3-1 depicts a hypothetical difference-in-difference model of how a federal 

anti-sexual harassment policy may affect women’s wages. DID modeling requires that 

data be broken up into two time periods—pre-event and post-event, or in this case years 

before and after Meritor.  These time periods are represented on the x-axis, while the y-

axis represents women’s wages for states.   
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Figure 3-1. Graphical representation of how a difference-in-difference model may 

predict the effect of an anti-sexual harassment policy on women’s wages 

 

Difference-in-difference models also require a control group (represented by the 

small triangle with the dotted-line slope at the top of the graph) and treatment group 

(represented by the larger triangle with the dashed-line slope at the bottom of the graph).  
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In this case, the control group is composed of states that had a policy similar to the one 

defined by Meritor that declared sexual harassment illegal inder the state’s version of 

Title VII, either through legislation or as a result of a court ruling, in effect prior to 

Meritor; the treatment group is made up of states that did not have any such anti-sexual 

harassment policy.  The distance between the two triangles at the “before anti-sexual 

harassment policy” point (demarked by the two dots on the left side of Figure 3-1.) is the 

initial women’s wage difference between the treatment and control groups.  

The right-hand side of the graph represents the time after a federal anti-sexual 

harassment policy is put into effect at the national level (through Meritor).  The distance 

between the tops of the two triangles (demarked by the X at the top of each) is the wage 

difference between the treatment and control groups after the policy is put in place.  The 

graph of the treatment group and that of the control group differ in one significant 

element.  The treatment graph shows the gross effect of two components:  (1) the effect 

of time and other unmeasured variables, and (2) the effect of the anti-sexual harassment 

policy.  The control graph measures only the change of the effect of time and other 

unmeasured variables.  Therefore, assuming that the effect of time and other unmeasured 

variables is the same for both the control and treatment groups, the difference between 

the graphs of the control and treatment groups measures the effect of the policy.   

Data 

Data for this paper come from two sources: (1) Data I collected from reading state 

laws and state court cases regarding sexual harassment to define whether a state was in 

the treatment or control group in terms of its sexual harassment policy, and (2) Data from 
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the Current Population Survey (CPS) to define women’s and men’s wages as well as 

control variables, such the mean age of a state-year. 

State Anti-Sexual Harassment Laws and Court Cases 

As mentioned earlier, DID modeling requires that data be divided into treatment 

and control groups.  For my research, the control group consists of states that had sexual 

harassment policies before Meritor was decided in 1986.  In order to ascertain which 

states had these policies, I examined each state’s laws regarding fair employment and 

anti-discrimination in the workplace to see when states made sexual harassment illegal. 

Business & Legal Resources conducted a 50-state survey regarding state-level 

anti-sexual harassment laws within the workplace (Business and Legal Resources 2014).  

I looked up each law in the survey through LexisNexis.  Many of these laws provide 

history sections that indicate when laws were revised.  Additionally, many of these laws 

provide examples of court cases regarding special topics, including sexual harassment.  In 

my search, I tried to find the earliest law or court case that made sexual harassment 

illegal. 

Based on my analysis of these laws and the court cases cited by these laws, I was 

able to determine the year in which sexual harassment in the workplace became illegal 

for each state (see Table 3-1) and by what mechanism it was declared illegal.  Many 

states now have laws specifying what sexual harassment is and that it is illegal in the 

workplace.  However, in the majority of states these specific laws were preceded by court 

cases that interpreted a pre-existing state law to cover sexual harassment—just as Meritor 

interpreted Title VII to make sexual harassment illegal.   
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Table 3-1. Year States Made Sexual Harassment in the Workplace Illegal and Whether It Was 

Made Illegal Via a State Court Case 

           

State 
 

Year 
 

Illegal via 

State Court 

Case 
 

State 
 

Year 
 

Illegal via 

State Court 

Case 

 Alabama 
 

1989 
   

 Montana 
 

1990 
 

Yes 

 Alaska 
 

1991 
   

 Nebraska 
 

1993 
  

 Arizona 
 

1992 
   

 Nevada 
 

1992 
 

Yes 

 Arkansas 
 

2003 
 

Yes 
 

 New Hampshire 
 

1988 
 

Yes 

 California 
 

1985 
   

 New Jersey 
 

1990 
 

Yes 

 Colorado 
 

1988 
 

Yes 
 

 New Mexico 
 

1988 
 

Yes 

 Connecticut 
 

1980 
   

 New York 
 

1986 
 

Yes 

 Delaware 
 

1995 
 

Yes 
 

 North Carolina 
 

1986 
 

Yes 

 Florida 
 

1989 
 

Yes 
 

 North Dakota 
 

1999 
 

Yes 

 Georgia 
 

2007 
 

Yes 
 

 Ohio 
 

1989 
 

Yes 

 Hawaii 
 

1981 
   

 Oklahoma 
 

1991 
 

Yes 

 Idaho 
 

1995 
 

Yes 
 

 Oregon 
 

1984 
 

Yes 

 Illinois 
 

1985 
 

Yes 
 

 Pennsylvania 
 

1983 
 

Yes 

 Indiana 
 

1990 
   

 Rhode Island 
 

1988 
  

 Iowa 
 

2002 
 

Yes 
 

 South Carolina 
 

2010 
 

Yes 

 Kansas 
 

1995 
 

Yes 
 

 South Dakota 
 

1991 
  

 Kentucky 
 

1992 
   

 Tennessee 
 

1991 
 

Yes 

 Louisiana 
 

1987 
 

Yes 
 

 Texas 
 

1987 
 

Yes 

 Maine 
 

1991 
   

 Utah 
 

1988 
  

 Maryland 
 

1982 
 

Yes 
 

 Vermont 
 

1993 
  

 Massachusetts 
 

1986 
   

 Virginia 
 

1987 
  

 Michigan 
 

1980 
   

 Washington 
 

1985 
 

Yes 

 Minnesota 
 

1986 
 

Yes 
 

 West Virginia 
 

1989 
 

Yes 

 Mississippi 
 

2013 
   

 Wisconsin 
 

1986 
 

Yes 

 Missouri   1986        Wyoming   2005   Yes 

 

Of the 50 states, 32 had court cases that interpret a pre-existing law to cover 

sexual harassment; most of these laws were similar to Title VII.  In total, 18 states had 

anti-sexual harassment policies in 1987, which comprise my control group.  I picked 
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1987 as my cut-off year instead of 1986 because the CPS collects data for the previous 

year’s income.  Therefore, CPS data from 1987 actually report 1986 income. 

CPS Data 

I also used data from the March supplements of the CPS from 1977 to 2010.xiii  

The CPS, a repeated cross-sectional survey, is commonly used to study labor force 

participation.  It is co-sponsored by the U.S. Census Bureau and the U.S. Bureau of Labor 

Statistics.  Each month, the CPS collects data from approximately 60,000 U.S. housing 

units, with a response rate of roughly 90 percent (U.S. Census Bureau N.d.). 

When predicting women’s hourly wage, men’s hourly wage, and gender wage 

ratio, I restricted my data to individuals who were 18 to 64 years oldxiv when the CPS 

data were collected, employed but not in the military or self-employed, full-time workers 

(worked 30 hours or more per week), year-round workers (worked 27 weeks or more per 

year), and working for a dollar or more per hour. 

I aggregated individual-level data to each state-year combination—meaning all 50 

states have 34 years of data, giving me a total of 1,700 observations.  For each state year, 

I calculate means (for quantitative variables) and proportions (for qualitative variables) 

for all of my dependent variables and control variables. I conduct my analysis at the state-

year level rather than at the person level because the variation associated with my key 

                                                 

xiii I did not use data prior to 1977 because in those years the CPS regularly 

grouped two or more states together into one category, which would make identifying 

unique state-level trends before 1977 impossible.   

xiv Although some studies use a stricter age limit of 25 to 54 to avoid schooling 

and retirement related effects, my broader restriction allows for me to generalize my 

findings to all working-age individuals. 



 80 

independent variables (treatment versus control group and before versus after Meritor) 

happens between and within states from year to year.  

Variables and Models 

As mentioned earlier, this paper’s primary goal is to measure the association 

between Meritor and three dependent variables: women’s wages, men’s wages, and the 

gender wage ratio.  Women’s wages are calculated by taking the geometric mean of 

women’s hourly wages for each state-year combination; this mean is then logged. Men’s 

wages are calculated the same way, except using men’s hourly wages.  The gender wage 

ratio is calculated by dividing unlogged women’s geometric means by unlogged men’s 

geometric means; this ratio is then logged.xv  Table 3-2 defines my dependent variables, 

independent variables, and control variables in greater detail. 

  

                                                 

xv The CPS person-level weight (WTSUPP) was used in the calculations of all 

geometric means.  I calculate the ratio this way because it linearizes the ratio.  I do not 

take the log of women’s wages and divide it by the log of men’s wages because the logs 

would cancel each other out.  As a result, I would not necessarily expect the individual 

results from the women’s wage models and the men’s wage models to predict the results 

for the models for the gender wage ratio.  This is true because the gender wage ratio’s 

distribution is not simply the log of women’s wages divided by the log of men’s wages, 

but rather the log of the ratio. 
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Table 3-2. Operationalization of Variables 

Variables 

 

Definition 

   

Dependent Variables 

 

 

Women's Hourly Wage (Models 1, 

4, and 7) 

 Continuous indicator.  The logged geometric mean of 

women's hourly wages in 1998 dollars. Based on wages of 

the previous year. 

Men's Hourly Wage (Models 2, 5, 

and 8) 

 Continuous indicator.  The logged geometric mean of men's 

hourly wages in 1998 dollars. Based on wages of the 

previous year. 

Gender Hourly Wage Ratio (Models 

3, 6, and 9.  Backspace) 

 Continuous indicator. Calculated by dividing the geometric 

mean of women's hourly wages by the geometric mean of 

men's hourly wages in 1998 dollars. This ratio is then 

logged.  Based on wages of the previous year. 

  
 

Independent Variables 

 

 

   

Treatment Group Post  Categorical indicator. 1= States that did not have an anti-

sexual harassment policy before Meritor and corresponds to 

data after 1987, 0=Otherwise.  

Control Group Pre  Categorical indicator. 1= States that had an anti-sexual 

harassment policy before Meritor and corresponds to data 

before or in 1987, 0=Otherwise.  

Control Group Post  Categorical indicator. 1= States that had an anti-sexual 

harassment policy before Meritor and corresponds to data 

after 1987, 0=Otherwise.  

DID Estimator  Categorical indicator. 1=Treatment Group Pre – States that 

did not have an anti-sexual harassment policy before 

Meritor and corresponds to data before or in 1987, 

0=Otherwise (This variable is not included in models where 

the above three independent variables are used because the 

DID estimator is the summation of the other three.) 
 

 

  

 

Control Variables 

 

 

   

State Liberalism  Continuous indicator.  Ranges from 0 (most conservative) 

to 100 (most liberal). 

Marital Status  Five continuous indicators.  Proportions of those who are 

married, separated, divorced, widowed, and never 

married/single. 
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Table 3-2, Continued. Operationalization of Variables 

   

Number of Children in Household  Continuous indicator. Mean number of children in 

household. 

White  Continuous indicator. Proportions of those who identified as 

white. 

Number of Years of Education  Four continuous indicators.  Proportions who have less than 

high school degrees, high school degrees, some college or 

bachelor's degrees, and graduate degrees. 

Age  Continuous indicator.  Mean age. 

Age Squared  Continuous indicator.  Mean squared age. 

Metropolitan Status  Three continuous indictors.  Proportions of those who live 

in the central city, outside the central city, and not in the 

metropolitan area/unknown. 

Occupation  Nine continuous indicators. Proportions of those in different 

occupational categories, which are coded by the 1950 

Census Bureau's system and are based on the previous year.  

Industry  Sixteen continuous indicators. Proportions of those in 

different industries categories, which are coded by the 1950 

Census Bureau's system and are based on the previous year.  

Number of Hours Worked  Continuous indicator.  Mean number of usual hours worked 

and is based on the previous year. 

Number of Weeks Worked   Continuous indicator.  Mean number of usual weeks worked 

per year and is based on the previous year. 

Notes: 

  1. All variables are calculated for each state-year combination. 

2. All control variables are gender specific, except for state liberalism. When predicting the gender 

income ratio, these control variables represent the difference between women and men (e.g., the mean 

number of years of education for women is subtracted from the mean number of years of education for 

men).  When predicting women's wages, I use female-based control variables (e.g., the mean number 

of years of education for women). When predicting men's wages, I use male-based control variables 

(e.g., the mean number of years of education for men).  

 3.  Marital status, metropolitan status, occupation, and industry variables exclude the first proportion 

listed (e.g., married) from predictive models. 

 

My independent variable is called a DID estimator, which measures the effect of 

Meritor. This DID estimator measures the difference in wages between the treatment 
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group after Meritor and all other state-year observations.  This estimator can be broken 

down into three dummy variables (which are also described in Table 3-2): (1) treatment 

group after Meritor, (2) control group before Meritor, and (3) control group after 

Meritor.  The reference group for all three dummy variables is treatment group before 

Meritor.  Alone, these dummy variables cannot speak to the overall effect of Meritor 

since they do not control for unobserved alternative explanations.  However, the DID 

estimator resolves this problem, assuming that Meritor is only thing affecting the 

treatment group at the time that the ruling took effect.  To calculate the DID estimator 

from the three dummy variables (see Figure 3-1), I first subtract the coefficient of the 

control group before Meritor from the coefficient of the control group after Meritor.  This 

difference estimates the effect of time and other unmeasured variables. Then I subtract 

this difference from the coefficient of the treatment group after Meritor.  The final 

number I get after subtracting represents the overall effect of Meritor.  In the tables that 

present my regression results, I show the three dummy variables and the DID estimator. 

All of the control variables listed in Table 3-2 are commonly used when 

predicting wages, except for the state liberalism variable.  The state liberalism variable I 

use was constructed by Berry and colleagues.  It is a composite of multiple indicators, 

such as the party affiliation of elected officials and how members of Congress are 

evaluated by various special interest groups (Berry, Fording, Ringquist, Hanson, and 

Klarner (2010) and Berry, Ringquist, Fording, and Hanson (1998)).  This variable may be 

an important control as it may attenuate the association between Meritor and wages. 

In Table 3-3, I show the means across state-years of my measures of women’s 

wages, men’s wages, and gender wage ratios for each quasi-experimental group.  In this 
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table, all three dependent variables show the same general trend. For example, the 

treatment group for women’s wages before Meritor is similar to that of the control 

group’s female wages before Meritor. Additionally, the treatment group for women’s 

wages after Meritor and the control group’s female wages after Meritor are both higher 

than before Meritor. These trends also hold true when looking at men’s wages and the 

gender wage ratio. 
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Table 3-3. Mean Wages by Quasi-Experimental Groups 

Quasi-Experimental Groups 

 

Mean Women's 

Wages (Logged)  

Mean Men's 

Wages 

(Logged) 
 

Mean Gender 

Hourly Wage 

Ratio (Logged) 

 

Number of 

State-Years 

in Group 

Treatment Group Before Meritor 
 

1.194 

 

1.587 

 

-0.393 
 

385 

Treatment Group After Meritor 
 

2.605 

 

2.883 

 

-0.278 
 

805 

Control Group Before Meritor 
 

1.293 

 

1.684 

 

-0.392 
 

165 

Control Group After Meritor   2.740   2.997   -0.257   345 

ANOVA Results:   
F=1,297.17 , df=3, 

p<0.0005   

F=1,193.94 , df=3, 

p<0.0005   

F=466.84 , df=3, 

p<0.0005     
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All models in this paper use two-way crossed random effects modeling, which 

enables random effects to be included for both states and years within the same model.  

This allows for error terms to be correlated within states (e.g., all 34 years of Ohio error 

terms are related) or within years (e.g., all 50 state error terms in 1980 are related), which 

helps to take into account the unmeasured characteristics that vary across states or across 

years.xvi 

Additionally, all models are nested.  Models 1 through 3 have four nests: (A) a 

base model with only the three dummy variables for quasi-experimental groups, (B) 

inclusion of the state liberalism variable, (C) inclusion of general demographic variables 

for states (e.g., mean age of individuals in a specific state-year), and (D) inclusion of 

work-related characteristics for states (e.g., proportion of works in a certain occupation 

grouping).xvii  The purpose of the nested models is to add similar control variables one set 

at a time to see if the initial association found between Meritor and wages changes (i.e., 

changes significance, changes direction, or becomes stronger or weaker) as a result.  It is 

not sufficient to have a model that includes only DID predictors because such a model 

does not control for alternative explanations for changes in wages.  These alternative 

explanations could be associated with Meritor, wages, or Meritor and wages.  

Demographic and work-related variables are commonly used as control variables when 

                                                 

xvi I do not use fixed effects modeling because I had a collinearity problem with 

including year dummies, state dummies, and the DID variables.  This lead to my standard 

errors and coefficients being unstable across nested models. 

xvii Work characteristics were added last to see if these control variables were 

endogenous with the sexual harassment variables.  Based on comparing the last nested 

model with its preceding model in the regression tables, I do not think they are 

endogenous since variables do not change much in terms of level of significance, 

direction, or magnitude. 
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predicting wages in DID models measuring anti-sex discrimination policies’ 

effectiveness (e.g., Neumark and Stock 2006).  As a result, the last models presented in 

my nested sequences are the most accurate since they control for many alternative 

explanations. 

All of my control variables, except for state liberalism, are gender-specific to the 

outcome a model is predicting.  For example, when I am predicting women’s wages 

(female regression), I use the mean number of years of education for women in that state-

year, and I use mean years of education for men when predicting men’s wages (male 

regression).  These gender-specific control variables are more precise when exploring 

gendered alternative explanation than if I had used non-gendered control variables (e.g., 

mean years of education for all individuals).  When I predict the gender wage ratio, I use 

gender-differenced control variables.  For example, in terms of education, I use the mean 

number of years of education for men minus that of women for a state-year when 

predicting the ratio. 

Results 

Overall, my models suggest that Meritor had a significant negative impact on 

women’s wages.  However, Meritor did not have a significant impact on either men’s 

wages or the gender wage ratio.  The DID Estimator coefficients discussed below 

illustrate the relative impact of Meritor on women’s wages, men’s wages, and the gender 

wage ratio. 

In order to simplify the findings of the primary analysis and the supplemental 

analyses of liberal and conservative states, Table 3-4 summarizes the DID Estimator 

coefficients of the final models that include all control variables.  The table indicates if 



 88 

these coefficients were statistically significant and their directions if they were 

significant.  Discussion of all of these models follows below. 

 

Table 3-4.  Summary of DID Estimator Results 

       

  

Dependent Variable 

       

  

Gender Wage 

Ratio 

 

Women's 

Wages 

 

Men's 

Wages 

       Liberal and Conservative 

States 

 

n.s. 

 

negative 

 

n.s. 

Only Liberal States 

 

n.s. 

 

n.s. 

 

positive 

Only Conservative States   n.s.   negative   negative 

Notes: 

n.s. = DID estimator was not significant 

negative = DID estimator was negative and significant 

positive = DID estimator was positive and significant 

 

Model Fit Statistics for All Modelsxviii 

For all models, I calculate R1
2, which represents the proportional reduction in 

level-one prediction errors.  This is similar to the traditional R2 in that it measures “how 

well we can predict the outcome of Yij for a randomly drawn level-one unit i within a 

randomly drawn level-two unit j” (Snijders and Bosker 2012:112).  With reference to my 

models, Yij represents women’s wages, men’s wages, or the gender wage ratio.  Level-one 

refers to states (i) and level-two refers to years (j).  All of my R1
2’s range from 

                                                 

xviii I did not conduct Hausman tests on any of my models to see if fixed effects 

models were preferred over random effect models because some of my predictors (e.g., 

being in the treatment or control group) are constant within states or within years.  The 

Hausman test can only be calculated for models with time-varying and state-varying 

predictors. 



 89 

approximately 45 percent to 75 percent, with R1
2 either increasing or staying roughly the 

same as more predictors are added. 

I also show BIC and AIC values for all of my models.  As I add more predictors 

to nested models, these values tend to either stay roughly the same or decrease in size.  

When comparing the first model in a nest to the last, the last always has smaller BIC and 

AIC values, suggesting that the last models are significant improvements upon the first 

models. 

  Additionally, I show the likelihood ratio test versus the linear regression results 

for all of my models.  All of my models reject the null hypothesis of the linear regression 

with a single intercept in favor of the random effects model.   

Predicting Women’s Hourly Wages of State-Years 

Table 3-5 shows my models for predicting women’s hourly wages for state-years.  

This table shows the results for two sets of independent variables.  As discussed above, 

the first set of independent variables (i.e., Treatment Group Post, Control Group Pre, and 

Control Group Post) is used to calculate the second set of results (i.e., DID Estimator).  

Interpreting any individual coefficient from the first set of independent variables is 

misleading because they do not take into account the results from the other two quasi-

experimental groups (for full interpretations of these coefficients, see their corresponding 

footnotes below).  When looking at Model 1A, which is the baseline model, the DID 

Estimator is calculated from the other three independent variables using the following 

steps:  (1) Subtract the coefficient of the Control Group Pre (0.0990)xix from the 

                                                 

xix The interpretation for this coefficient is as follows:  If states were the same 

with respect to all other predictors, the states in the control group before Meritor’s 
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coefficient of the Control Group Post (1.5462)xx, which equals 1.4472.  This difference 

represents the effect of time and other unmeasured variables. (2) Subtract this difference 

(1.4472) from the Treatment Group Post coefficient (1.4109)xxi, which equals -0.0363.  

Because the treatment group post coefficient is the difference between the treatment 

group pre-versus post-treatment, this step removes the effect of time and unmeasured 

variables from the pre-post comparison.  The resultant number is the DID estimator, 

which means that the growth in women’s wages from pre- to post-Meritor in treatment 

states was 3.56 percent smaller than in control states, and it is statistically significant.xxii   

                                                                                                                                                 

decision (i.e., those that did have a state anti-sexual harassment policy before Meritor and 

corresponds to data before or in 1987) had women’s wages that were 10.41 percent larger 

than states in the treatment group before Meritor. 

xx The interpretation for this coefficient is as follows:  If states were the same with 

respect to all other predictors, the states in the control group after Meritor’s decision (i.e., 

those that did have a state anti-sexual harassment policy before Meritor and corresponds 

to data after 1987) had women’s wages that were 369.36 percent larger than states in the 

treatment group before Meritor.  

xxi The interpretation for this coefficient is as follows:  If states were the same 

with respect to all other predictors, the states in the treatment group after Meritor’s 

decision (i.e., those that did not have a state anti-sexual harassment policy before Meritor 

and corresponds to data after 1987) had women’s wages that were 309.96 percent larger 

than states in the treatment group before Meritor. 

xxii3.56 percent is calculated by using this formula:  eb – 1, where b equals the 

DID estimator coefficient (-0.0363). 
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Table 3-5.  Model 1:  Predicting Women's Hourly Wage 

 

Model 1A 
 

Model 1B 
 

Model 1C   Model 1D 

 

b 
 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 
 

b   s.e. 

Treatment Group Post 1.4109*  0.1567  1.4076*  0.1564  1.25144*  0.1430  1.2754*  0.1449 

Control Group Pre 0.0990*  0.0298  0.0900*  0.0294  0.05856*  0.0252  0.0694*  0.0222 

Control Group Post 1.5462*  0.1595  1.5350*  0.1590  1.34041*  0.1453  1.3631*  0.1467 

 
               

DID Estimator -0.0363*  0.0060  -0.0375*  0.0060  -0.0304*  0.0055  -0.0183*  0.0053 

         

            

 Log Likelihood 2330.43   2333.44   2574.04   2720.93 

Likelihood Ratio 

Statistic, d.f. 
136.60, 3   

 

134.43, 4   

 

738.61, 17   

 

1184.56, 42   

LR test v. Linear 

Regression X2, p-value 
6699.52, p<0.000 

 

144.01, p<0.000 

 

5102.78, p<0.000 

 

4881.61, p<0,000 

BIC -4608.80 
 

-4607.37 
 

-4991.87 
 

-5099.69 

AIC -4646.87 
 

-4650.88 
 

-5106.08 
 

-5349.85 

R1
2 0.70 

 

0.70 
 

0.75 
 

0.75 

N 1700   1700   1700   1700 

* p<0.05, two-tailed test;  p<0.05, model as a whole     

Notes: 

1.  Model 1A does not include any predictors other than what is presented. 

2.  Model 1B builds on Model 1A by including a predictor for state liberalism. 
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Table 3-5, Continued.  Model 1:  Predicting Women's Hourly Wage 

 

3.  Model 1C builds on Model 1B by including gender-specific predictors (i.e., proportions and means for only women in 

state-years) for each of the following: four marital status proportions (separated, divorced, widowed, and never 

married/single), mean number of children, proportion white, three educational attainment proportions (high school degree, 

some college or bachelor's degree, and graduate degree), mean age, mean age squared, and two metropolitan areas (outside 

the central city and not in metropolitan area/unknown).  

4.  Model 1D builds on Model 1C by including gender-specific predictors for each of the following: eight occupation 

proportions, fifteen industry proportions, mean hours worked in a week, and mean weeks worked in a year. 
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This initial DID estimate is not as valid an indicator of the policy effect as it could 

be because it does not control for other variables, such as state liberalism, demographics, 

or work-related characteristics, all of which are controlled for in nested Models 1B, 1C, 

and 1D, respectively.  When predicting women’s wages, the addition of state liberalism 

does not change the coefficient of the DID Estimator very much.  The DID Estimator 

becomes slightly more negative (negative 3.68 percent).  However, adding demographic 

variables brought the DID Estimator closer to zero (negative 2.99 percent).  Adding 

work-related characteristics caused the largest change, as the DID Estimator shrank to 

negative 1.81 percent and remained statistically significant, indicating that with the 

addition of all controls, the growth in women’s wages from pre- to post-Meritor in 

treatment states was 1.81 percent smaller than in control states.  This final DID 

coefficient is the best estimate of the policy effect of the four, and it supports the critical 

hypothesis over the naïve hypothesis because Meritor is negatively associated with 

women’s wages.  Since the naïve hypothesis predicted a positive association between 

Meritor and women’s wages, my findings provide evidence against such a hypothesis. 

Predicting Men’s Hourly Wages of State-Years 

Table 3-6 shows my models for predicting men’s hourly wages for state-years.  

This table’s nested models are arranged in the same manner as Table 3-5.  The DID 

estimator coefficients are significant and negative in Models 2A and 2B.  However, the 

DID Estimator coefficient becomes insignificant in Models 2C and 2D.  Model 2D is the 

best estimate, and suggests that there is no significant association between Meritor and 

men’s wages, supporting the critical explanation, which predicted either a negative or no 
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association between Meritor and men’s wages.  The naïve hypothesis did not address 

men’s wages when analyzing the effect of Meritor.  
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Table 3-6.  Model 2:  Predicting Men's Hourly Wage 

 

Model 2A 
 

Model 2B 
 

Model 2C 
 

Model 2D 
 b 

 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 

Treatment Group Post 1.2963*  0.1489  1.2916*  0.1484  1.1279*  0.1348  1.1890*  0.1392 

Control Group Pre 0.0975*  0.0298  0.0847*  0.0295  0.0400  0.0235  0.0573  0.0214 

Control Group Post 1.4103*  0.1518  1.3945*  0.1512  1.1763*  0.1370  1.2488*  0.1409 

                

DID Estimator -0.0165*  0.0063  -0.0181*  0.0063  -0.0085  0.0059  -0.0025  0.0056 

 
 

 

  

   

  

   

  

    Log Likelihood 2254.93   2260.44   2525.17   2679.38 

Likelihood Ratio 

Statistic, d.f. 
96.88, 3   

 

109.09, 4   

 

765.18, 17   

 

1236.88, 42   

LR test v. Linear 

Regression X2, p-

value 

6387.17, p<0.000 

 

6338.66, p<0.000 

 

5261.48, p<0.000 

 

4952.70, p<0.000 

BIC -4457.79 
 

-4461.38 
 

-4894.13 
 

-5016.59 

AIC -4495.86 
 

-4504.89 
 

-5008.33 
 

-5266.76 

R1
2 0.68 

 

0.68 
 

0.74 
 

0.73 

N 1700   1700   1700   1700 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

Notes: 

1.  Model 2A does not include any predictors other than what is presented. 

2.  Model 2B builds on Model 2A by including a predictor for state liberalism. 
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Table 3-6, Continued.  Model 2:  Predicting Men's Hourly Wage 

 

3.  Model 2C builds on Model 2B by including gender-specific predictors (i.e., proportions and means for only men in 

state-years) for each of the following: four marital status proportions (separated, divorced, widowed, and never 

married/single), mean number of children, proportion white, three educational attainment proportions (high school degree, 

some college or bachelor's degree, and graduate degree), mean age, mean age squared, and two metropolitan areas 

(outside the central city and not in metropolitan area/unknown).  

4.  Model 2D builds on Model 2C by including gender-specific predictors for each of the following: eight occupation 

proportions, fifteen industry proportions, mean hours worked in a week, and mean weeks worked in a year. 
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Predicting the Gender Hourly Wage Ratio of State-Years 

Table 3-7 shows my models for predicting the gender wage ratio.   Models 3A 

and 3B have significant and negative DID Estimator coefficients.  However, the DID 

Estimator coefficient becomes insignificant in the last two models.  Model 3D suggests 

that there is no significant association between Meritor and the gender wage ratio.  This 

finding, like that found for women’s wages and men’s wages, lends support for the 

critical hypothesis, which predicted that Meritor would have either a negative or no 

association with the gender wage ratio.  However, this finding does not support for the 

naïve hypothesis, which predicted a positive association. 
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Table 3-7.  Model 3:  Predicting the Gender Hourly Wage Ratio 

 

Model 3A 
 

Model 3B 
 

Model 3C 
 

Model 3D 

 

b 
 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 

Treatment Group Post 0.1146*  0.0104  0.1137*  0.0104  0.0870*  0.0085  0.0725*  0.0078 

Control Group Pre 0.0015  0.0098  -0.0010  0.0101  0.0191  0.0101  0.0042  0.0069 

Control Group Post 0.1359*  0.0137  0.1329*  0.0140  0.1144*  0.0127  0.0832*  0.0097 

 
               

DID Estimator -0.0198*  0.0056  -0.0202*  0.0056  -0.0082  0.0051  -0.0065  0.0050 

     
 

      

  

   Log Likelihood 2602.06   2602.37   2792.57 
 

2907.82 

Likelihood Ratio 

Statistic, d.f. 
153.18, 3   

 

155.99, 4   

 

713.88, 17  

 

1169.57, 42  

LR test v. Linear 

Regression X2, p-value 
611.64, p<0.000 

 

532.87, p<0.000 

 

462.81, p<0.000 

 

153.84, p<0.000 

BIC -5152.05 
 

-5145.23 
 

-5428.93 
 

-5473.47 

AIC -5190.11 
 

-5188.74 
 

-5543.13 
 

-5723.64 

R1
2 0.45 

 

0.46 
 

0.57 
 

0.69 

N 1700   1700   1700   1700 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

Notes: 

1.  Model 3A does not include any predictors other than what is presented. 

2.  Model 3B builds on Model 3A by including a predictor for state liberalism. 
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Table 3-7, Continued.  Model 3:  Predicting the Gender Hourly Wage Ratio 

 

3.  Model 3C builds on Model 3B by including gender-differenced predictors (i.e., mean or proportion for men minus 

mean or proportion for women in state years) for each of the following: four marital status proportions (separated, 

divorced, widowed, and never married/single), mean number of children, proportion white, three educational 

attainment proportions (high school degree, some college or bachelor's degree, and graduate degree), mean age, mean 

age squared, and two metropolitan areas (outside the central city and not in metropolitan area/unknown). 

4.  Model 3D builds on Model 3C by including gender-differenced predictors for each of the following: eight 

occupation proportions, fifteen industry proportions, mean hours worked in a week, and mean weeks worked in a 

year. 
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State Liberalism—Supplemental Results 

I supplement my primary analysis by predicting women’s wages, men’s wages, 

and the gender wage ratio by conducting separate analyses for states with different levels 

of liberalism.  For this analysis, I divide the 1,700 state-years into two liberalism 

categories at the median, so I have 850 liberal state-years and 850 conservative state-

years.xxiii  I include this analysis because I want to determine whether the quasi-

experimental groups’ coefficients differ between relatively liberal and relatively 

conservative states.  Additionally, conservative states may have higher levels of 

discrimination than liberal states, so the effect of Meritor may be different in 

conservative states.  My models for liberal and conservative states may be able to shed 

some light on how liberal and conservative states differ in their impact on the association 

between Meritor and wages. 

To accomplish this objective, I repeat my analysis of Models 1 through 3 for 

liberal states and conservative states separately (Models 4 through 9).  Collectively, these 

six models allow me to investigate whether state liberalism moderates the association 

between Meritor and wages.  Models 4 through 9 are nested the same way as Models 1 

through 3, except they do not include the state liberalism variable as a control because 

these models are run separately for liberal and conservative states.  Therefore, Models 4 

through 9 only have three nests.   

                                                 

xxiii This classification could include mildly liberal states within the conservative 

group, or mildly conservative states within the liberal group.  However, the chance of this 

happening is relatively small because the median liberalism score was very near 50 on the 

100 point scale. 
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This supplemental analysis shows that in liberal states Meritor had a positive 

significant association with men’s wage, but did not have a significant association with 

women’s wages or the gender wage ratio.  For conservative states, Meritor had a negative 

significant association with both women’s wages and men’s wages, but no significant 

association with the gender wage ratio. 

Predicting Women’s Wages for Liberal and Conservative States 

Table 3-8 shows my models for predicting women’s wages for liberal and 

conservative states, with the first half of the table representing liberal states.   The method 

for computing the DID Estimator coefficient is the same as that described in my primary 

analysis, above.  For liberal states, the DID Estimator coefficient is not significant in any 

of the models.  This suggests that there is no significant association between Meritor and 

women’s wages in liberal states. 
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Table 3-8. Models 4 and 5:  Predicting Women's Hourly Wage by State Liberalism 

 

  

Liberal States 

  

Model 4A 
 

Model 4B 
 

Model 4C 

  

b 
 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 

Treatment Group Post  1.4376* 

 

0.1585 

 

1.2465* 

 

0.1412 

 

1.2850* 

 

0.1446 

Control Group Pre  0.0966* 

 

0.0323 

 

0.0413 

 

0.0265 

 

0.0412 

 

0.0228 

Control Group Post  1.5446* 

 

0.1616 

 

1.3023* 

 

0.1438 

 

1.3370* 

 

0.1464 

 
            DID Estimator  -0.0104 

 

0.0084 

 

-0.0145 

 

0.0076 

 

-0.0108 

 

0.0071 

             Log Likelihood   1094.27   1236.71   1342.98 

Likelihood Ratio 

Statistic, d.f. 

 
95.50, 3   

 

464.14, 16   

 

810.26, 41   

LR test v. Linear 

Regression X2, p-value 
 

3271.81, p<0.000 

 

2352.39, p<0.000 

 

2234.52, p<0.000 

BIC 
 

-2141.32 
 

-2338.51 
 

-2382.42 

AIC  -2174.53 
 

-2433.41 
 

-2595.95 

R1
2  0.70 

 

0.76 

 

0.76 

N   850   850   850 

             

  

Conservative States 

  

Model 5A 
 

Model 5B 
 

Model 5C 

  

b 
 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 

Treatment Group Post  1.3994* 

 

0.1541 

 

1.2567* 

 

0.1438 

 

1.2672* 

 

0.1449 
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Table 3-8, Continued. Models 4 and 5:  Predicting Women's Hourly Wage by State Liberalism 

Control Group Pre  0.0634 

 

0.0376 

 

0.0324 

 

0.0324 

 

0.0522 

 

0.0292 

Control Group Post  1.5195* 

 

0.1586 

 

1.3348* 

 

0.1476 

 

1.3435* 

 

0.1480 

             DID Estimator  -0.0568* 

 

0.0138 

 

-0.0457* 

 

0.0123 

 

-0.0240* 

 

0.0121 

             Log Likelihood   1114.81   1223.39   1276.67 

Likelihood Ratio 

Statistic, d.f. 

 
105.81, 3   

 

374.13, 16   

 

 526.91, 41   

LR test v. Linear 

Regression X2, p-value 
 

3118.77, p<0.000 

 

2456.26, p<0.000 

 

2291.19, p<0.000 

BIC 
 

-2182.39 
 

-2311.87 
 

-2249.81 

AIC  -2215.61 
 

-2406.78 
 

-2463.34 

R1
2  0.70 

 

0.74 
 

0.74 

N   850   850   850 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

Notes: 

1.  Models 4A and 5A do not include any predictors other than what is presented. 

2.  Models 4B and 5B build on Models 4A and 5A, respectively, by including gender-specific 

predictors (i.e., proportions and means for only women in state-years) for each of the following: four 

marital status proportions (separated, divorced, widowed, and never married/single), mean number of 

children, proportion white, three educational attainment proportions (high school degree, some 

college or bachelor's degree, and graduate degree), mean age, mean age squared, and two 

metropolitan areas (outside the central city and not in metropolitan area/unknown). 

3.  Models 4C and 5C build on Models 4B and 5B, respectively, by including gender-specific 

predictors for each of the following: eight occupation proportions, fifteen industry proportions, mean 

hours worked in a week, and mean weeks worked in a year. 
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For women’s wages in conservative states, the DID Estimator coefficient is 

negative and significant in all three models.  The final model suggests that there is a 

negative and significant association between Meritor and women’s wages in conservative 

states.  This indicates that with the addition of all controls, growth in women’s wages in 

conservative states from pre- to post-Meritor in conservative treatment states was 2.37 

percent smaller than in conservative control states.   

When predicting women’s wages in my primary analysis (where liberal and 

conservative states were combined into one model), I found a negative and significant 

impact of Meritor on women’s wages.  Based on the disaggregated results of liberal and 

conservative states, it appears that the primary negative impact was driven by the 

negative impact found in conservative states as there was no significant impact in liberal 

states. 

Even though DID is designed to control for alternative explanations, it is possible 

that more liberal states were more likely to have remedies to sexual harassment prior to 

Meritor.  On the other hand, it is possible that conservative states discriminate more 

against women in the workplace and would resist the social changes associated with 

Meritor by increasing discriminatory practices against women or by taking advantage of 

the legal cover provide by the internal grievance procedures created by Meritor (Edelman 

2004). 

Predicting Men’s Wages for Liberal and Conservative States 

Table 3-9 shows my models for predicting the men’s wages for liberal and 

conservative states, with the first half of the table representing liberal states.  For liberal 
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states, the DID Estimator coefficient is significant and positive in the final model.  This 

indicates that with the addition of all controls, growth in men’s wages from pre- to post-

Meritor in liberal treatment states was 1.65 percent larger than in liberal control states. 
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Table 3-9. Models 6 and 7:  Predicting Men's Hourly Wage by State Liberalism 

  

Liberal States 

  

Model 6A 
 

Model 6B 
 

Model 6C 

  

b 
 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 

Treatment Group Post  1.3180* 

 

0.1497 

 

1.1446* 

 

0.1337 

 

1.1974* 

 

0.1374 

Control Group Pre  0.1057* 

 

0.0315 

 

0.0559* 

 

0.0228 

 

0.0765* 

 

0.0220 

Control Group Post  1.4178* 

 

0.1528 

 

1.1824* 

 

0.1358 

 

1.2575* 

 

0.1391 

 
 

 
 

 
 

 
 

 
 

 
 

 
DID Estimator  0.0059 

 

0.0088 

 

0.0181* 

 

0.0082 

 

0.0164* 

 

0.0077 

             Log Likelihood   1059.15   1221.28   1324.06 

Likelihood Ratio Statistic, d.f.  88.43, 3   
 

522.78, 16   
 

863.93, 41   

LR test v. Linear Regression X2, 

p-value 
 

3101.44, p<0.000 

 

2442.87, p<0.000 

 

2183.45, p<0.000 

BIC 
 

-2071.08 
 

-2307.66 
 

-2344.59 

AIC  -2104.29 
 

-2402.56 
 

-2558.12 

R1
2  0.68 

 

0.75 
 

0.74 

N   850   850   850 

             

  

Conservative States 

  

Model 7A 
 

Model 7B 
 

Model 7C 

  

b 
 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 

Treatment Group Post  1.2880* 

 

0.1478 

 

1.1308* 

 

0.1366 

 

1.1852* 

 

0.1409 

Control Group Pre  0.0658 

 

0.0411 

 

0.0151 

 

0.0352 

 

0.0214 

 

0.0318 

Control Group Post  1.3893* 

 

0.1534 

 

1.1742* 

 

0.1413 

 

1.2315 

 

0.1446 
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Table 3-9, Continued. Models 6 and 7:  Predicting Men's Hourly Wage by State Liberalism 

DID Estimator  -0.0355* 

 

0.0146 

 

-0.0282* 

 

0.0129 

 

-0.0249* 

 

0.0121 

             Log Likelihood   1069.29   1199.77   1275.47 

Likelihood Ratio Statistic, d.f.  86.31, 3   
 

410.10, 16   
 

 636.75, 41   

LR test v. Linear Regression X2, 

p-value 
 

2978.42, p<0.000 

 

2542.95, p<0.000 

 

2392.56, p<0.000 

BIC 
 

-2091.36 
 

-2264.64 
 

-2247.40 

AIC  -2124.58 
 

-2359.55 
 

-2460.93 

R1
2  0.68 

 

0.73 
 

0.72 

N   850   850   850 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

Notes: 

1.  Models 6A and 7A do not include any predictors other than what is presented. 

2.  Models 6B and 7B build on Models 6A and 7A, respectively, by including gender-specific predictors (i.e., 

proportions and means for only men in state-years) for each of the following: four marital status proportions 

(separated, divorced, widowed, and never married/single), mean number of children, proportion white, three 

educational attainment proportions (high school degree, some college or bachelor's degree, and graduate 

degree), mean age, mean age squared, and two metropolitan areas (outside the central city and not in 

metropolitan area/unknown). 

3.  Models 6C and 7C build on Models 6B and 7B, respectively, by including gender-specific predictors for 

each of the following: eight occupation proportions, fifteen industry proportions, mean hours worked in a 

week, and mean weeks worked in a year. 
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For conservative states, the DID Estimator coefficient is negative and significant 

for all models, indicating that there is a negative and significant association between 

Meritor and men’s wages in conservative states. Growth in men’s wages from pre- to 

post-Meritor in conservative treatment states was 2.46 percent smaller than in 

conservative control states.   

When predicting men’s wages in my primary analysis (where liberal and 

conservative states were combined into one model), I found an insignificant association 

between Meritor and men’s wages.  Based on the disaggregated results of liberal and 

conservative states, it appears that there is an interaction between state liberalism and 

Meritor, where Meritor increased men’s wages in liberal states, but decreased men’s 

wages in conservative states.  I am unsure why men’s wages are positively associated 

with Meritor in liberal states, as neither of the hypotheses I test predicts this outcome.  

However, the negative association found in conservative states is explained by the critical 

hypothesis, which suggests that discriminatory employers would reduce men’s wages in 

order to remain competitive with their non-discriminating competition.   

Predicting the Gender Wage Ratio for Liberal and Conservative States 

Table 3-10 shows my models for predicting the gender wage ratio for liberal and 

conservative states  For liberal states, in the final model, the DID Estimator coefficient is 

insignificant, suggesting that there is no significant association between Meritor and the 

gender wage ratio in liberal states. 
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Table 3-10. Models 8 and 9:  Predicting the Gender Hourly Wage Ratio by State Liberalism 

  

Liberal States 

  

Model 8A 
 

Model 8B 
 

Model 8C 

  

b 
 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 

Treatment Group Post  0.1193* 

 

0.0123 

 

0.0891* 

 

0.0112 

 

0.0713* 

 

0.0106 

Control Group Pre  -0.0091 

 

0.0105 

 

0.0015 

 

0.0101 

 

0.0005 

 

0.0077 

Control Group Post  0.1262* 

 

0.0149 

 

0.1023* 

 

0.0136 

 

0.0767* 

 

0.0114 

 
 

 
 

 
 

 
 

 
 

 
 

 
DID Estimator  -0.0160* 

 

0.0074 

 

-0.0118 

 

0.0069 

 

-0.0050 

 

0.0069 

             Log Likelihood   1320.81   1411.79   1492.98 

Likelihood Ratio Statistic, 

d.f. 

 
128.53, 3   

 

430.98, 16   

 

761.52, 41   

LR test v. Linear 

Regression X2, p-value 
 

329.67, p<0.000 

 

215.77, p<0.000 

 

78.45, p<0.000 

BIC 
 

-2594.40 
 

-2688.68 
 

-2682.42 

AIC  -2627.61 
 

-2783.58 
 

-2895.95 

R1
2  0.50 

 

0.61 
 

0.72 

N   850   850   850 

             

  

Conservative States 

  

Model 9A 
 

Model 9B 
 

Model 9C 

  

b 
 

s.e. 
 

b 
 

s.e. 
 

b 
 

s.e. 

Treatment Group Post  0.1106* 

 

0.0091 

 

0.0801* 

 

0.0076 

 

0.0646* 

 

0.0072 



 110 

Table 3-10, Continued. Models 8 and 9:  Predicting the Gender Hourly Wage Ratio by State Liberalism 

Control Group Pre  -0.0011 

 

0.0149 

 

0.0239 

 

0.0147 

 

0.0020 

 

0.0114 

Control Group Post  0.1312* 

 

0.0172 

 

0.1065* 

 

0.0161 

 

0.0759* 

 

0.0126 

             DID Estimator  -0.0217 

 

0.0134 

 

-0.0025 

 

0.0121 

 

-0.0093 

 

0.0117 

             Log Likelihood   1261.42   1370.05   1428.41 

Likelihood Ratio Statistic, 

d.f. 

 
157.31, 3   

 

610.08, 16   

 

968.38, 41   

LR test v. Linear 

Regression X2, p-value 
 

199.05, p<0.000 

 

220.23, p<0.000 

 

43.02, p<0.000 

BIC 
 

-2475.62 
 

-2605.19 
 

-2553.28 

AIC  -2508.84 
 

-2700.10 
 

-2766.81 

R1
2  0.43 

 

0.55 
 

0.67 

N   850   850   850 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

Notes: 

1.  Models 8A and 9A do not include any predictors other than what is presented. 

2.  Models 8B and 9B build on Models 8A and 9B, respectively, by including gender-differenced 

predictors (i.e., mean or proportion for men minus mean or proportion for women in state years) for each 

of the following: four marital status proportions (separated, divorced, widowed, and never 

married/single), mean number of children, proportion white, three educational attainment proportions 

(high school degree, some college or bachelor's degree, and graduate degree), mean age, mean age 

squared, and two metropolitan areas (outside the central city and not in metropolitan area/unknown). 

3.  Models 8C and 9C build on Models 8B and 9C, respectively, by including gender-differenced 

predictors for each of the following: eight occupation proportions, fifteen industry proportions, mean 

hours worked in a week, and mean weeks worked in a year. 
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For conservative states, the DID Estimator coefficient is insignificant in all 

models.    This indicates that there is no significant association between Meritor and the 

gender wage ratio in conservative states. 

When predicting the gender wage ratio in my primary analysis (where liberal and 

conservative states were combined into one model), I found an insignificant association 

between Meritor and the gender wage ratio.  Based on the disaggregated results of liberal 

and conservative states, the insignificance in the primary analysis is consistent with the 

findings of both liberal and conservative states. 

Discussion 

Support for the Critical Hypothesis 

None of my three primary models (i.e., all states are included and are not 

disaggregated into liberal and conservative groups) that measure the effect of Meritor on 

women’s wages, men’s wages, or the gender wage ratio showed support for the naïve 

hypothesis that women’s workplace equality would be helped by making sexual 

harassment illegal through Meritor.  To recap, the three primary models showed that 

Meritor was negatively associated with women’s wages and was not significantly 

associated with men’s wages or the gender wage ratio.  Therefore, I find no support for 

the naïve hypothesis with my results. 

I do, however, find overall support for the critical hypothesis, which hypothesized 

the following: (1) women’s wages would be hurt by Meritor, (2) men’s wages would 

either be hurt or not affected by Meritor, and (3) the gender wage ratio would either be 

hurt or not affected by Meritor.  The support is evident when looking at the primary 

models that include both liberal and conservative states (see summary in Table 3-4).  
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Why Meritor Hurt Women 

Meritor is a landmark Supreme Court ruling for several reasons.  Most 

importantly, it represents the U.S.’s legal stance against sexual harassment in the 

workplace.  Additionally, it advanced women’s rights and protections in the workplace.  

However, my results are empirical support for the feminist and sociology of law 

literatures that critique Meritor by highlighting elements of the ruling that undermine 

these same rights and protections.  The feminist and sociology of law literatures argue 

that Meritor may have had the reverse effect of placing women in an undesirable 

dilemma: accept harassment quietly or face unpleasant consequences such as job loss or 

lack of job promotions if they report it.  Feminists further argue that ultimately, from an 

employer’s point of view, Meritor may have framed women to be undesirable workers 

because women were increasingly seen as liabilities if they were sexually harassed at 

work.  Additionally, the grievance procedures that developed from Meritor serve to 

benefit the employer, not the sexually harassed employee.  This is primarily because 

these procedures are meant to create evidence that employers are working to stop 

harassment when their real objective is to save money by preventing legal expenses 

(Edelman 2004).  There are two important elements of Meritor that may help explain 

why, according to the feminists, women’s wages were hurt. 

First, feminists argue that the Supreme Court set a precedent by establishing a 

welcomeness standard for sexual harassment cases (Bernstein 1994; Lawton 2005).  By 

creating this requirement for prosecution of sexual harassment, the victims of sexual 

harassment may be subject to sharing their dress and behavior in the workplace as well as 

their entire sexual histories with the courts in order to help the court assess if the sexual 
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harassment was welcome or not.  This standard, similar to the requirement that a rape 

survivor must prove she did not consent (Lester 1993), places the victim of sexual 

harassment in a position that allows the court to determine whether the actions of the 

victim indicated that the alleged harasser’s actions were welcomed; if so, then no sexual 

harassment took place.  Feminists contend this standard of welcomeness is unique to 

sexual harassment; it is the only category of federal anti-discrimination violations in 

which the victim must prove that the offending behavior was unwelcome (Bernstein 

1994).  

Second, feminists and sociology of law scholars argue that Meritor establishes a 

limit on employer liability for sexual harassment.  In essence, the Court required (1) that 

employers must create an anti-sexual harassment policy and a specific procedure that 

victims must use to report violations of that policy, and (2) that victims of sexual 

harassment must follow the employer’s procedure to report violations of the policy 

(Lawton 2005).  This seems reasonable enough on its face, but the feminist and sociology 

of law literatures suggest that in practice several complications may arise.  First, the 

employer may be deemed blameless as long as it creates the policy and procedure 

mentioned above (Hirsh 2008; Hirsh and Kornrich 2008; Lawton 2005).  Therefore, it 

may be assumed that sexual harassment is a crime performed by one individual upon 

another, and that the employer is in the dark and unable (and not obligated) to respond 

until informed that a problem exists (Lawton 2005), which may or may not be true.  

Second, this policy may eliminate consideration of the employer’s role in the creation of 

the work environment that permits or encourages sexually harassing behaviors (Lawton 

2005).  Third, women who are victims may be reluctant to report it within the company 
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(Edelman 2004; Stockdale 1998).  This is partially due to the welcomeness standard’s 

requirement that the victim’s sexual life be made public, as discussed above.  

Additionally, women’s reluctance to report sexual harassment may be a product of the 

fear of retaliation from the harasser and/or the employer (Edelman 2004; Lawton 2004; 

Stockdale 1998). Ultimately, these grievance procedures were designed to protect 

employers rather than victims of sexual harassment.  Grievance procedures need to be 

designed to help victims if they are to be effective in reducing sexual harassment.  

Therefore, the negative association between Meritor and women’s wages is not surprising 

because the sexual harassment grievance procedures that were shaped by Meritor were 

never intended to help women in any way. In order to find any positive association 

between an anti-sexual harassment policy and women’s wages, the policy must be 

designed to help women and not employers. 

In sum, feminists and sociology of law scholars argue that women have two 

options when they are sexually harassed, neither of which seem desirable, and both of 

which may be harmful.  First, some women can simply do nothing, which was the only 

option available to numerous victims of sexual harassment pre-Meritor.  Many victims of 

sexual harassment may suffer work-related consequences (e.g., higher absenteeism and 

turnover) (Fitzgerald, Drasgow, Hulin, Gelfand, and Magley 1997).  Second, some 

women may file a formal complaint within their company, which is the other option 

available to victims post-Meritor.  Some women who chose this alternative had even 

worse outcomes than those who kept silent, both financial (e.g., lower rates of promotion, 

worse performance appraisals, and more frequent job loss) and medical (both physical 

and emotional) (Lawton 2004; Stockdale 1998).  Considering the potential worsening of 
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women’s financial situations because of sexual harassment and the possibility of even 

greater economic decline faced by those who report their harassers—which began with 

Meritor—one would expect women’s wages to decrease after Meritor.  My results 

support this feminist and sociology of law interpretation of Meritor. 

Limitations and Directions for Future Research 

The largest limitation of this study is the elusive nature of the explanations for the 

results when disaggregating the results into liberal and conservative States.  A 

particularly difficult problem that I cannot easily explain is why men’s wages increased 

in liberal states, especially given Becker’s (1957 [1971]) arguments discussed above, 

where both women and men are hurt by discrimination. Another limitation is that I am 

unable to discover a method to identify the measures individual states took to eliminate 

sexual harassment and determine the effectiveness of those measures.  That is, states that 

have an anti-sexual harassment law are treated the same as those that have a similar law 

but go beyond the law by implementing additional requirements, guidelines, deterrents, 

and/or training programs.  There is obviously a qualitative difference between these two 

groups of states that may be important, but my models cannot speak to this difference.  

The closest I could get to this issue is controlling for state liberalism, which only 

indirectly reflects this information.   Finally, I cannot determine whether cohorts were 

affected differently by Meritor because my results are based on repeated cross sectional 

data.   

Future researchers interested in studying the association between sexual 

harassment and work-related outcomes could consider studying other court cases that 

were decided after Meritor.  For example, in 1993, the U.S. Supreme Court ruled in 
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Harris v. Forklift that it is not necessary for a victim of sexual harassment in the 

workplace to show psychological harm from the harassment.  In Oncale v. Sundowner 

Offshore Services, the Court ruled in 1998 that same-sex sexual harassment was illegal.  

Both of these cases are examples of how the Court has refined sexual harassment law.  

These and several others are legitimate subjects of inquiry.   These studies might be 

important because later cases could have modified Meritor, with results that would be 

better—or worse—for women’s relative standing.  Another possible topic for research is 

studying outcomes other than wages that resulted from Meritor or other Supreme Court 

decisions.  For example, analyzing labor force participation, upward mobility, or sex 

segregation could all assist in understanding the effects of national level anti-sexual 

harassment policies. 

Conclusion 

In the five decades since Title VII of the Civil Rights act of 1964 was enacted, 

women have made remarkable strides in their pursuit of workplace equality.  There are 

many possible reasons for why these positive changes have occurred.  First, women have 

learned the lessons of the marketplace and increased their gender wage ratio from 

approximately 60 percent in the mid-1950s (The Council of Economic Advisers 1998) to 

77 percent in 2010 (Hegewisch, Williams, and Edwards 2012).  This success has 

happened in large part because of women’s significant gains in human capital, including 

educational attainment, time in the labor force, and increased work experience.  Second, 

women are increasingly moving into higher-paying job sectors once exclusively held by 

men (The Council of Economic Advisers 1998).  Current estimates are that more women 

than men are graduating from college, and these new female college graduates will earn 
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as much as or more than their male counterparts (Pew Research 2013 B.).  Third, social 

and cultural changes surrounding motherhood and family life have also shifted, positively 

affecting women’s roles at home, which is associated with women’s increasing workforce 

participation and success.  For example, decreased fertility, childbearing later in life, and 

increased availability of childcare all contribute to women’s workplace participation and 

work-related flexibility.  But with all this progress, what is still holding women back 

from achieving complete wage equality? 

Title VII has been a powerful weapon for minorities in their search for equality, 

but those fighting against sexual harassment have lagged behind in this struggle. Having 

been legally included in Title VII only in 1986 by Meritor, sexual harassment is a 

recently identified form of sex discrimination, and, as discussed in this paper, has not 

shown the progress that had been hoped for and predicted by some after the Meritor 

ruling.  Instead it turns out that Meritor, which was hailed as the end of sexual 

harassment, has been counterproductive.  According to feminists, the “remedies” that 

Meritor provides for sexual harassment are little more than smoke and mirrors designed 

to pacify supporters of equal rights for women.  The policies and procedures mandated by 

this ruling are business friendly, making women’s attempts to combat sexual harassment 

futile, labeling complaining women as “troublemakers,” and punishing them physically, 

financially, and emotionally (Gutek and Koss 1993; Lawton 2005; Stockdale 1998).  At 

the same time, some women who have been sexually harassed suffer in silence (Gutek 

and Koss 1993), recognizing the futility of their situation.  Clearly new approaches to 

remedying sexual harassment are needed. 
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CHAPTER 4 

 

 IT AIN’T PRETTY, BUT IT’S TRUE:  

THE NEGATIVE ASSOCIATION BETWEEN  

SOCIOECONOMIC STATUS AND OPTING OUT 

 

Introduction 

When stories began appearing a decade ago about the joys of motherhood 

experienced by groups of women who had been successful in a man’s world, it seemed 

that a step backward had been taken in the long march toward women’s equality.  

Women were frequently praised in the popular media for adopting a role—the stay-at-

home mother—at the expense of considerations for career and material success in their 

own right.  This reversion to the feminine ideal of past generations was supposed to be 

self-satisfying, making the consequential dependence on one’s husband a small price to 

pay for the joys of motherhood.  Unfortunately, the decisions of these women did not 

always have the promised happy outcome.  On the contrary, many of the women featured 

prominently in the media as cheerleaders for staying at home with their children 

transformed into critics who regretted their decisions (Warner 2013). 

Judith Warner (2013) discusses one such case, Sheilah O’Donnel, a woman 

whose story of quitting her $500,000 job to be a stay-at-home mother was featured on 60 

Minutes.  After another child (her third) was born, Sheilah gradually felt increasingly 

uncomfortable with her lack of control over her life.  Fueled in large part by her loss of 

identity in the world of work as well as her dependence on her husband’s income for 

support, she “‘felt like such a loser’” (Warner 2013:2) and gradually reentered the 

working world, beginning with volunteering and later working for a non-profit 



 119 

organization.  Ultimately, Sheilah and her husband divorced, and she returned to work 

full time.  Sheilah told her daughter what she had learned from her experience:  “‘This is 

the perfect reason why you have to work….You just always have to be able to at least 

earn enough so you can support yourself’” (Warner 2013:1). 

Sheilah’s story is not unique.  In fact, in 2012, Pew (Cohn, Parker, Livingston, 

and Rohal 2014) estimated that 29 percent of mothers of young children stayed at home 

with their children.  The popular media often describe Sheilah and women like her as 

“opting out,” which refers to when a woman leaves the labor force in order to take care of 

her children full-time (Stone 2007).  Typically, opting out is portrayed as a choice.  After 

all, “opt” is defined as “to choose one thing instead of another” (Merriam Webster 2014). 

This paper uses Current Population Survey (CPS) data from 1980 to 2009 to 

describe trends in opting out and to determine whether socioeconomic factors correlate 

with whether a woman opts out.  Answering this socioeconomic status (SES) question is 

important because the popular media image of the opting out mother is similar to 

Sheilah—well-paid, married to an equally well-paid husband, with young children, and 

well-educated.  However, research has shown that this image is inaccurate.  For example, 

Pew’s (Cohn et al 2014) recent research finds that in 2012, only 5 percent of stay-at-

home mothers are women with high SES (Pew (Cohn et al 2014:2) defined “affluent 

married stay-at-home mothers” as having at least a master’s degree, a household income 

in excess of $75,000, and an employed husband).   

Discovering the social class of women who do in fact opt out has significant 

implications.  If high-SES women opt out, women and the women’s movement are losing 

important role models for women’s success in the world of work (Hirshman 2006).  
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Additionally, when high-SES women opt out, women’s overall economic equality is 

damaged because these qualified, able women are allowing the glass ceiling to be 

strengthened; their exit reinforces the view of employers that women are unreliable and 

should not hold important positions in their companies (Hirshman 2006).  On the other 

hand, if working class women opt out, a different type of economic inequality increases.  

While opting out by any woman lowers her family’s income, when lower SES women 

opt out, the economic problems that already exist for them are made even worse, 

assuming that costs related to working (e.g., childcare) are not greater than her income.  

Opting out by lower-SES women also further widens the income gap between rich and 

poor families (McCall and Percheski 2010; Treas 1987).           

Literature Review 

Table 4-1 and Table 4-2 summarize how the previous literature operationalizes 

opting out, what populations these authors include in their analyses, and what their major 

findings are.  Table 4-1 summarizes qualitative studies, while Table 4-2 summarizes 

quantitative studies. Table 4-2 also includes a column that highlights how this paper 

improves upon previous research. 



 121 

Table 4-1.  Summary of Qualitative Opting Out Findings by Source 

 

 
Popular Media Qualitative Sources 

 

Academic Qualitative Sources 

Author(s)  Belkin Wallis Warner  Stone Moe and 

Shandy 

Damaske Perry-

Jenkins 

          

Year  2003 2004 2013  2007 2009 2011 2012 

          

Primary 

Source of 

Data Used 

 Interviews Interviews Interviews  Interviews Surveys 

(national 

labor force 

data and 

self-created 

survey of 

women 

alumnae); 

interviews 

Interviews Work and 

Family 

Transitions 

Project 

(Interviews) 

          

Population 

Studied 
 Primarily 

mothers 

who 

graduated 

from 

Princeton 

Mothers 

across the 

country 

Women 

who opted 

out but later 

regretted 

doing so 

 54 U.S. 

women 

U.S. high 

SES 

working 

women who 

are married 

to working 

men 

New York City 

women born 

between 1966-

76 

Low-

income 

families 

(both two-

parent and 

single-

parent) 

          

Women 

with at least 

one child 

under the 

age of 18 at 

home 

 Yes Yes Yes  Yes Yes Yes Yes 

          

Women 

without 

children of 

any age in 

the 

household 

 No No No  No No Yes No 

          

Women 

who are 

married 

 Yes Yes Yes  Yes Yes Yes Yes 

          

Women 

who are not 

married 

 Unknown Unknown Yes  No No Yes Yes 
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Table 4-1, Continued. Summary of Qualitative Opting Out Findings by Source 

 

 
Popular Media Qualitative Sources 

 

Academic Qualitative Sources 

Author(s)  Belkin Wallis Warner  Stone Moe and 

Shandy 

Damaske Perry-

Jenkins 

          

Year  2003 2004 2013  2007 2009 2011 2012 

          

Definition 

of Opting 

Out 

 After 

giving birth 

women 

who had 

careers quit 

their jobs to 

raise their 

children 

After 

giving 

birth 

women 

who had 

careers quit 

their jobs 

to raise 

their 

children 

After giving 

birth 

women who 

had careers 

quit their 

jobs to raise 

their 

children 

 Interrupted 

career to 

stay at 

home 

Women who 

leave high 

SES jobs to 

raise 

children 

Women who 

had two or 

more periods 

of 

unemployment.  

When they do 

work, family 

and work 

conflicts are so 

great that these 

mothers cannot 

maintain a 

stable work 

trajectory. 

Staying 

home to 

take care of 

child(ren) 

          
Key 

Finding(s) 
 Opting out 

is becoming 

a popular 

way for 

women to 

resolve 

work-

family 

conflict and 

work 

frustration 

Opting out 

is 

becoming a 

popular 

way for 

women to 

resolve 

work-

family 

conflict 

and work 

frustration 

Some 

women who 

opted out 

regretted 

doing so 

and found it 

difficult to 

find 

equivalent 

jobs once 

they tried to 

re-enter the 

workforce 

 Opting out 

not seen as 

a choice 

Women opt 

out because 

of structural 

factors in the 

workplace 

and society 

High SES are 

less likely to 

stay at home 

than low SES 

women 

Low SES 

mothers 

face 

different 

obstacles 

and 

constraints 

in 

employment 

than middle 

class and 

high SES 

mothers.  

Low SES 

mothers’ 

opting out 

presents 

greater 

threat to 

their 

children. 
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Table 4-2.  Summary of Quantitative Opting Out Findings by Source 

 This Paper Academic Quantitative Sources 

Author(s) Bonner Boushey Kuperberg 

and Stone 

Reimers 

and Stone 

Hoffman Pew (Cohn, 

Parker, 

Livingston, 

and Rohal) 

Still Percheski Williams 

and Dolkas 

Hersch 

           

Year 2014 2008 2008 2008 2009 2014 2006 2008 2012 2013 

           

Primary Source 

of Data Used 

Current 

Population 

Survey 

Current 

Population 

Survey 

Content 

analysis; 

Current 

Population 

Survey 

Current 

Population 

Survey 

Current 

Population 

Survey 

Current 

Population 

Survey 

General 

Social 

Survey 

American 

Community 

Survey 

WorkLife 

Law 

database of 

union 

arbitrations 

National 

Survey of 

College 

Graduates 

           

Population 

Studied 

U.S. 

women age 

18 to 64 

with 

children 

under 18 at 

home and 

without 

children at 

home 

U.S. 

women 

aged 25-45 

Print media 

articles 

between 

1988 and 

2003 

Married 

others in 

U.S aged 

22-59 

U.S. 

women 

aged 25-44 

U.S. 

women 

aged 18-69 

U.S. 

adults 

U.S. college-

educated 

women ages 

25 to 54 

(cohorts of 

managerial 

and 

professional 

women from 

1960-2005) 

"missing 

middle" -- 

between 

high SES 

and low 

SES 

U.S. 

women 

college 

graduates 

           

Women with at 

least one child 

under the age of 

18 at home 

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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Table 4-2, Continued. Summary of Quantitative Opting Out Findings by Source 

 This Paper Academic Quantitative Sources 

Author(s) Bonner Boushey Kuperberg 

and Stone 

Reimers 

and Stone 

Hoffman Pew (Cohn, 

Parker, 

Livingston, 

and Rohal) 

Still Percheski Williams 

and Dolkas 

Hersch 

Women 

without 

children 

of any age 

in the 

household 

Yes Yes No Yes Yes Unknown Yes Yes Yes 

(caregivers) 

Yes 

           

           

Year 2014 2008 2008 2008 2009 2014 2006 2008 2012 2013 

           

Women 

who are 

married 

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

           

Women 

who are 

not 

married 

Yes Yes No No Yes Yes Unkno

wn 

Unknown Yes Yes 

           

Definition 

of Opting 

Out 

Women who 

said they were 

"taking care 

of 

home/family" 

when asked 

for a reason 

for why they 

were not 

working last 

year 

Women 

who were 

employed 0 

to 499 

hours last 

year were 

considered 

opting out 

College-

educated 

women 

leaving 

workforce 

to become 

full-time 

mothers 

Did not 

work last 

year 

because 

she was 

taking 

care of 

home or 

family 

Women 

who are not 

participatin

g in the 

labor force 

are 

considered 

opting out 

Women 

who were 

not 

working at 

all in the 

previous 

year for 

any reason 

Stay-at-

home 

mothers 

Less than 

full time 

year round 

employment 

Women 

who are 

forced out 

of their 

jobs 

Reducin

g labor 

market 

activity 

or 

exiting 

the 

labor 

force to 

care for 

their 

children 
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Table 4-2, Continued. Summary of Quantitative Opting Out Findings by Source 

 This 

Paper 

Academic Quantitative Sources 

Author(s) Bonner Boushey Kuperberg 

and Stone 

Reimers 

and Stone 

Hoffman Pew (Cohn, 

Parker, 

Livingston, 

and Rohal) 

Still Percheski Williams 

and 

Dolkas 

Hersch 

           

Key 

Finding(s) 

Opting 

out is 

more 

strongly 

associated 

with low 

SES than 

high SES 

High 

SES 

women 

are not 

opting 

out at 

higher 

rates 

than 

before 

Print media 

portrays 

women who 

opt out as 

high SES, 

highly 

educated; 

media 

portrayals 

reflect choice 

feminism.  

Media claims 

of increased 

opting out 

trend not 

supported. 

Changes in 

opting out 

rates not 

caused by 

factors 

measured 

by CPS; 

also these 

changes not 

due to 

workplace 

variables 

Single 

mothers 

are opting 

out less; 

married 

mothers 

with very 

young 

children 

are opting 

out more 

Opting out is 

increasing 

after a low 

in 1999; few 

of those 

opting out 

are high 

SES/most 

are low SES 

Organization

al incentive 

structures 

force women 

out of 

workplace 

Opt out rates 

among high 

SES women 

for youngest 

cohort 

(Generation 

X) lower 

than all 

others; 

Difference 

in 

employment 

rates 

between 

mothers and 

non-mothers 

shrinking 

Middle 

class 

women 

forced out 

by 

workplac

e rules 

Female 

graduat

es of 

elite 

instituti

ons are 

more 

likely 

to opt 

out than 

those 

from 

less 

elite 

instituti

ons 
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My research differs from many of the previous quantitative studies because I 

measure the association between SES and opting out.  That is, I ask if a woman’s SES is 

associated with her likelihood of opting out.  The other quantitative studies I discuss 

below examine different facets of the opting out SES story.  Previous studies are 

interested in studying slightly different research questions than mine. 

As a result, my research differs from previous quantitative studies in two 

important ways.  First, I use a narrower definition of opting out than some of the previous 

quantitative studies, which is more valid because it examines women who opt out rather 

than using proxy measures, such as employment status.  Second, I do not limit my 

analysis to a select group of women.  I discuss both of these characteristics of my study in 

greater detail below in the “My Contribution” section.  Some of the previous quantitative 

literature I discuss use a definition of opting out that is similar to mine but do not use the 

same sample of women (Reimers and Stone 2008; Still 2006).  Others use the same 

sample but a different definition of opting out (Boushey 2008; Cohn et al 2014; Hoffman 

2009).  Still other authors use neither the same sample nor the same definition of opting 

out as I do (Hersch 2013; Kuperberg and Stone 2008; Percheski 2008; Williams and 

Dolkas 2012).  To answer my research question, the sample and definition of opting out 

that I use allow me to better address the association between SES and opting out. 

In this section, I explain the two SES storylines within the opting out literature.  

One focuses on opting out as a trend associated with high-SES women.  This storyline is 

supported by some popular media articles (e.g., Belkin 2003) as well as some academic 

work (e.g., Hersch 2013).  This storyline seems to leave out any discussion of low-SES 

women.  The other storyline discusses opting out as a phenomenon more common among 
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low-SES women (e.g., Damaske 2011).  The implications of these two different 

perspectives are important because they determine how a significant social issue is 

framed.  If opting out affects primarily high-SES women who have resources that allow 

them to opt out of working, then the key question becomes how to create incentives to 

keep and promote these high-earning professional women in the workplace—thereby 

advancing the opportunity for equality for all women.  However, if it is primarily low-

SES women who self-identify as opting out but who do not have sufficient resources to 

opt out yet are forced to do so anyway, then the key question becomes how to help these 

low-SES women succeed in a labor market that is unfriendly and unfair to these low-

wage and low-prestige workers.  Before discussing both of these storylines, it is 

important to first understand the idea of choice feminism, which is an underlying theme 

that explains the allure of opting out to so many women, especially to those with high-

SES backgrounds. 

Choice Feminism and Opting Out 

A contemporary incarnation of feminism known commonly as “choice feminism” 

attempts to soften the radical elements of feminism that characterized the later decades of 

the 20th Century.  As described by Ferguson (2010), choice feminism is the expansion of 

the narrowly focused second wave feminist movement by attempting to be a more 

inclusive, big-tent movement.  According to Ferguson (2010), choice feminism has three 

underlying assumptions.  First, the ability to choose one’s own life experiences is the 

heart of this belief system.  Any free choice is good; any forced choice is oppressive.  

Second, no one can criticize the choices women make, because any choice a woman 

makes is free and therefore acceptable.  Third, without past feminist advances, this free 
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choice would be impossible.  The logical conclusion when applying choice feminism to 

women facing work-family conflict is that whatever they choose—stay, go, cut back, or 

change jobs—is the correct decision for them. 

Choice feminism seems refreshingly liberating and universally woman-friendly.  

This approach to feminism is most concerned with inclusiveness (Snyder-Hall 2010).  

There is no one-size-fits-all answer to how any individual woman should live her life.  

Everyone’s circumstances are unique, and each woman interprets her life events in her 

own way.  There is also no singular identity or pattern of desires that defines “woman” 

(Marso 2010; Snyder-Hall 2010).  Consequently, no one can judge the choices a woman 

makes.  However, as Ferguson (2010) observes, it is impossible to make a choice without 

implicitly judging as wrong the behavior of those who make a different choice.   

Critics of choice feminism argue that constraints on individual choices are always 

present (Ferguson 2010; Marso 2010).  While some may argue that free choices can be 

made under constraints, these critics disagree.  They contend that these limitations on 

freedom are often unspoken and hidden from sight, but they exist; the rhetoric of choice 

feminism allows women to believe otherwise (Ferguson 2010).  These critics furthermore 

maintain that by assuming all choices are correct, women are insulating themselves from 

the repercussions of their actions; however, women cannot separate their actions from 

their social context (Ferguson 2010; Marso 2010).  From this perspective, the semantics 

of choice all too frequently allow inequality to continue.  Opponents of choice feminism 

argue that downplaying the consequences of one’s own individual behaviors may allow 

potentially negative consequences to continue (Ferguson 2010; Marso 2010).         
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Ultimately, choice feminism’s critics believe that choice feminism is evidence of 

the shortcomings of the feminist movement.  For example, Linda Hirshman (2006:2) has 

observed that, rather than allowing women to become equal to men, feminism “was not 

radical enough.”  From Hirshman’s (2006) perspective, the nature of women’s 

relationships with men has not changed, especially in terms of the separate spheres of 

home and work.  As Hirshman (2006) famously observed, “[t]he thickest glass ceiling is 

at home” (1).  Critics of choice feminism argue that women, even highly educated, 

professional women, are “choosing” the role of mother over the role of worker because 

“women do not see how narrow their options are” (Hirshman 2006:16) when they make 

this decision.    

The High-SES Focus on Opting Out 

References to women’s leaving the work force to be full-time mothers can be seen 

in academic work and popular media since the 1980s (See Kuperberg and Stone 2008 for 

an analysis of this literature), although authors did not refer to it initially as “opting out.”  

The term “opting out” was coined in 2003 in a New York Times article called “The Opt-

Out Revolution,” by Lisa Belkin.  Belkin (2003) discusses how an elite handful of female 

Princeton alumnae became full-time stay-at-home mothers, as they opted out of 

“conquer[ing] the world…[as] [h]aving a baby provides a graceful and convenient exit” 

(1).  Like Belkin’s (2003) article, others published during the early 2000s typically depict 

opting out as an alternative way for women to define success. As opposed to “having it 

all,” where women strive to be successful mothers and workers, women were 

increasingly choosing family over career success since balancing both was often 

unpleasant if not impossible, thereby providing a rationale for their exits from the labor 
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force (Belkin 2003; Kuperberg and Stone 2008; Wallis 2004).  Since the late 1980s, these 

popular articles have depicted opting out as an action reserved for extremely well 

educated, professional women (Kuperberg and Stone 2008) with affluent husbands.  

Much of the previous academic literature on opting out has focused on mothers 

with high socioeconomic statuses.  For example, scholars such as Mary Still (2006) and 

Joni Hersch (2013) limit their research to professional women and women who graduated 

from elite colleges.  Collectively, these and similar studies are misleading because the 

reinforce the popular media’s notion that opting out is something reserved for only 

middle and upper class women since samples of these women are the focus of their 

studies.    

Reimers and Stone (2008) also limit their analysis to highly educated women and 

use the CPS’s variable that asks respondents why they did not work last year with the 

option to select because they were “taking care of home/family.”  They find that between 

1993 and 2002 well-educated married mothers started to opt-out at higher rates than they 

had before, with a drastically sharp increase between 1999 and 2002.  They attribute this 

increase to factors they did not measure, such as the Family and Medical Leave Act of 

1993, the gender wage differential, and the cost of childcare.  

Similar findings are reported by Still (2006), who uses an evolutionary 

psychological perspective to explain her findings.  She argues that the decline in 

women’s returning to work within one year after having their first baby is greatest among 

those mothers with “high wages, benefits,…and other incentives to stay” (160), who are 

“white, educated women—those with a choice” (160).  Still’s (2006) use of the term 

“choice” is, however, somewhat tongue-in-cheek, since she then proceeds to argue that 
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these women do not see opting out as a choice but a necessity that could (if companies 

and government would choose to do so) be drastically reduced.  For example, she 

maintains that women face schedule inflexibility, echoing Belkin’s (2003) argument that 

motherhood leads to an untenable position whose only solution is opting out (see also 

Stone 2007).  

Hersch (2013) approaches the high-SES argument from a slightly different angle.  

Rather than lumping all professional women together, Hersch (2013) isolates women who 

are graduates of elite universities, demonstrating that these women opt out at higher rates 

that other professional women. She argues that graduates of elite programs have greater 

discretion in employers and working conditions (such as flexible schedules), so 

something else—possibly a difference in culture or greater family wealth—may affect 

women from elite universities differently than other female professionals.  Hersch (2013) 

has effectively raised the bar from that set by Belkin; it is not simply professional women 

who opt out, but very special professional women.      

The Low-SES Focus on Opting Out 

However, the focus on high-SES women’s opting out is problematic in two 

different ways.  First, while opting out occurs on an individual basis, it also signifies 

larger social tensions felt by many women—across all social classes—between work-life 

and family-life.  That is, although opting out is often framed as a “choice” that women 

make (Kuperberg and Stone 2008), thereby presenting a supply-side argument, opting out 

may in fact be women’s last resort in a long line of failed attempts to balance often-

conflicting demands between work and family, making opting out more of a demand-side 

argument, shedding light on how intolerant and discriminatory some employers are 
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regarding family-life (Moe and Shandy 2009; Stone 2007).  Employer policies regarding 

leave, attendance, and scheduling commonly result in women being fired, marginalized, 

or otherwise punished to the point where they “voluntarily” quit their jobs (Perry-Jenkins 

2012; Williams and Dolkas 2012).  For many women, therefore, opting out is often not a 

choice; instead, it can be a consequence of unavoidable conditions; for example, instead 

of “choosing” to keep their jobs, they “opt” to take a child to the emergency room when 

they had no available leave time and/or did not request time off twenty-four hours in 

advance (Perry-Jenkins 2012; Williams and Dolkas 2012).   

Second, while many women leave the labor force to take care of their young 

children, the “mommy track” analogy is not the only explanation for opting out.  Many 

women leave the labor force to take care of other family members; for example, many 

women leave work in order to take of their elderly parents (Smith 2012). Smith (2012) 

argues that elder care “may equal, if not surpass, childcare as the work-family concern of 

the twenty-first century” (119).  This trend occurs because the elderly population is 

rapidly growing and is estimated to constitute one-fifth of the US population by 2030 

(Smith 2012).  More significantly, Smith (2012) notes that family members (typically 

women) are now commonly required to care for an elder relative. 

Several studies show that low-SES women are more likely to opt out than high-

SES women, that the rate of high-SES women opting out in recent years has declined, or 

that the reasons for opting out vary by whether women are of low- or high-SES.  

Collectively, these three findings suggest that SES plays an important role in women’s 

decisions to opt out or not. 
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Low-SES Women Are More Likely to Opt Out than High-SES Women 

When researchers focus on high-SES women’s opting out, they typically refer to a 

select group of professional women who are very well-educated, are married, and were 

successfully employed, making many advancements in their careers (Belkin 2003; Wallis 

2004).  Kuperberg and Stone’s (2008) analysis of the print media’s coverage of opting 

out between 1988 and 2003 reveals that this perspective permeates popular reporting.  In 

its portrayal of women who opt out as married mothers who chose motherhood over high-

status professional occupations, the media create and reinforce a myth.  In truth, as 

Kuperberg and Stone (2008) explain, “college-educated mothers of preschoolers are 

opting out at levels consistently lower than those of their less-educated counterparts” 

(510).  Furthermore, as Damaske (2011) points out, many low-income women choose to 

stay home with their families because the incomes they would earn from low-wage jobs 

is insufficient to offset the costs related to childcare.        

Sarah Damaske (2011) provides evidence that lower-class women are more likely 

to opt out and leave the labor force than are middle-class women.  Basing her analysis on 

2009 Census data, she finds that families with higher earnings have fewer stay-at-home 

moms than poorer families (Damaske 2011).  To parse out this pattern, she interviews 

New York City women born in the decade of 1966-1976.  These women were chosen for 

two reasons.  First, she wanted to study women who were old enough to live apart from 

their parents and who had experienced at least some level of work and/or motherhood (or 

expected to do so) at the time of her study.  Second, she wanted to study women who had 

felt the effects of the feminist movement of the 1970s yet were not directly involved in it 

(Damaske 2011).  Additionally, she included women who were married and unmarried 
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(Damaske 2011).  She used the database of New York City voters, sorted by class 

quartile and Census tract, to resemble the US population as closely as possible; from 

these groups she randomly selected 80 subjects for in-depth interviews (Damaske 2011).  

Unlike Reimers and Stone (2008), Still (2006), and Hersch (2013), Damaske (2011) did 

not restrict her sample to elite women; however, her sample is restricted to women in 

New York City and may not be as generalizable as Boushey’s (2008) and Hoffman’s 

(2009) studies. 

High-SES Opting Out Rates Are Declining 

In reaction to popular media articles on opting-out, Heather Boushey (2008) 

published an article using CPS data to provide evidence against the high-SES storyline.  

She included both high- and low-SES women in her analysis.  First, she found that 

highly-educated women are not opting out at higher rates than in previous decades.  

Second, she found that the child penalty on women’s employment has actually decreased 

in recent decades.  That is, having a child still negatively affects women’s employment 

but not as much as it had in the past.  Boushey (2008) claims that the decline in women’s 

employment is a result of a weaker labor market, related to the recession in the early 

2000s.  

Saul Hoffman (2009) replies to Boushey’s (2008) findings, also using CPS data.  

He, too, includes both high- and low-SES women in his analysis, but he disaggregates 

women’s labor force participation by marital status and finds some support for Boushey’s 

(2008) claim as well as some support for the popular media’s claim.  Specifically, he 

finds that between the 1980s and the early 2000s, having a child had a declining negative 

effect on the labor force participation of single mothers, but an increasing negative effect 
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on married mothers’ labor force participation.  Hoffman’s (2009) findings show some 

support for the claim that married women with children were working less in the 2000s 

than they were in the 1990s, but the source for this change seems to be located in women 

who have very young children.  It is unclear from Hoffman’s (2009) analysis if high- or 

low-SES women are more or less likely to opt out.  Instead, his analysis suggests that 

opting out may be associated with marital status and age of children at home, which may 

be indirectly related to SES. 

Boushey’s (2008) findings may differ from Hoffman’s (2009) findings because of 

their methodological differences.  Hoffman (2009) looked at labor force participation, 

while Boushey (2008) looked at employment.  Similarly, some of the women Boushey 

(2008) identified as opting out could have worked as many as 499 hours the previous 

year but would have still been identified as opting out.  Additionally, Hoffman’s (2009) 

study looked at differences between married and unmarried women, while Boushey 

(2008) did not focus on this disaggregation.  While Boushey (2008) and Hoffman (2009) 

did not restrict their samples to just high-SES women, their studies assumed that 

employment and labor force participation were synonymous with opting out.  Studying 

employment only examines working women, while labor force participation includes 

women who are working and women who are seeking employment.  While neither of 

these correctly specifies opting out, only looking at working women is especially 

incorrect because opting out implies that women are not looking for work.  This 

operationalization problem is discussed later in more detail.    

Percheski’s (2008) analysis is limited to only professional women, and she found 

that the opt-out revolution is an illusion.  In fact, she demonstrates that the labor force 
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participation rate for professional women is, if anything, higher now than previously.  

Indeed, Percheski’s (2008) “analysis finds no ‘opt-out revolution’” (514) for professional 

women, nor does she find evidence of one developing in the future.  Given this 

conclusion, Percheski (2008) speculates that both the popular media and some academics 

focus on the exit of highly educated professional women because these women are visible 

evidence of the success of women at the top of a previously male-dominated sphere of 

society.  When women remove themselves from these hard-earned positions, an apparent 

challenge to the goal of gender equality arises, potentially resulting in a failure to 

continue to close the gender wage gap (Percheski 2008).  Additionally, she correctly 

observes that professional women—like all women—face the challenges of work-family 

conflict, but she suggests that the spotlight that shines on professional women masks the 

obstacles faced by less affluent women.  Although she did not do any analysis on low-

SES women and does not speak to whether low-SES women are more or less likely to opt 

out than high-SES women, Percheski (2008) argues that the concentration of attention on 

professional women and their decisions to opt out “diverts attention from structural and 

institutional factors” (514) that are integral elements of gender inequality. 

Reasons for Opting Out Vary by Class 

Damaske (2011) claims that American society pushes poor women to opt out 

because of “a cultural ambivalence toward women’s work” (18), which is manifest in a 

lack of social support structures for lower income women who desire employment.  As a 

result, women’s workplace encounters revolve around the narrative of need—my 

family’s needs are more important than my needs, so I should do what is best for them.  

Damaske (2011) argues that with the “lack of public support” (18) given to working 



 137 

mothers, it is no surprise that so many stay home and take care of their families because 

they believe that their families need them to stay at home, especially since they are not 

earning high wages anyway. On the other hand, she also claims that middle-class women 

continue to work because they believe that their families need their incomes.  Damaske’s 

(2011) work shows that low-SES women are more likely to opt out than high-SES 

women and that there are class differences for why women choose to work or opt out. 

From a similar perspective, Williams and Dolkas (2012) argue that the 

experiences of the professional women depicted as opting out in the popular media and 

those of working-class women who opt out are very different.  Although both groups 

point to “workplace inflexibility” (Williams and Dolkas 2012:152) as the main element 

of their jobs that causes them to opt out, this concept means two entirely different things 

to these two groups of workers.  Inflexibility to professional women generally refers to 

“long hours, a lack of part-time options, and relegation to the ‘mommy track’” (Williams 

and Dolkas 2012:152).  To working-class women, however, inflexibility means 

something different.  To these women, inflexibility refers to employers’ seemingly 

absolute control over working women’s time, both while at work and when trying to 

change schedules to accommodate family needs or emergencies (Williams and Dolkas 

2012).  A frequent consequence of this inflexibility, combined with more limited ability 

of a working-class woman to meet the wide-ranging needs of her family, is the worker’s 

losing her job; since the majority of family caregivers—whether for children, the elderly, 

or other family members—are women, it is women who pay the price (Williams and 

Dolkas 2012).  Williams and Dolkas’s (2012) work does not weigh in on whether low- or 

high-SES women are more or less likely to opt out.  However, like Damaske (2011), their 
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findings stress the differences between working-class and professional women, but they 

define opting out differently.  To them, opting out refers only to women who felt they 

were forced out of their jobs, which ignored women who reported they left their jobs by 

choice.   

In sum, both the high- and low-SES storylines provide interesting and detailed 

findings on narrowly defined research questions.  Unfortunately, none of these studies 

answers the most fundamental question:  Is there an association between SES and opting 

out?  If so, are high-SES women more or less likely to opt out than their low-SES 

counterparts?  My research answers this essential question that is necessary to 

contextualize and better understand much of the previous opting out literature. 

My Contribution 

Based on the above literature review, it is unclear which SES storyline is correct, 

if either.  Therefore, my contribution through this project is to determine precisely who, if 

anyone, is opting out.  As discussed above, I incorporate into my research two variations 

upon previous literature that are necessary to answer this question.  First, I do not restrict 

my sample to high-SES women.  Second, I operationalize opting out differently from 

many other researchers. As a result, I improve on previous research, which tends to 

incorporate one or both of these drawbacks. 

The opting out literature thus far has not sufficiently resolved the question of 

whether low-SES women are more or less likely to opt out.  A considerable amount of 

this literature restricts its samples to such a select group of women (e.g., Hersch 2013) 

that it may ignore a large part of the opting out story.  That is, if women of low-SES (as 

defined by household income) also opt out, as some previous literature suggests (e.g., 
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Damaske 2011), then the literature’s focus on high-SES women may be misleading and 

not reflective of all women who opt out.  Therefore, I determine whether women with 

high-SES are more likely to opt out than their lower-standing counterparts.   

To resolve the question of who opts out, my research will not be limited to 

women who are married, are well educated, were professionals before opting out, or have 

children under 18 at home.  Instead, my sample consists of working-aged women 

categorized into high- and low-SES who are women with children under the age of 18 in 

the household and women without children of any age in the household.  Consequently, 

my results will not be limited to a select group of women and will be able to speak more 

generally about opting out.  

Additionally, I define a woman as opting out if she did not work the previous year 

because she was “taking care of home/family,”xxiv while women who worked at least one 

week the previous year were not considered opting out.xxv  I use working one week or 

more to define not opting out because respondents were not asked the relevant opting out 

question if they worked at all last year, which would miss an unknown number of women 

who opted out part-way through the year.  Additionally, women who did not work at least 

a week but for another reason were excluded from my analysis because I want to 

compare only women who opt out to take “care of home/family” to women who work.  

Presumably, the majority of women who opt out would be working if they had not opted 

                                                 

xxiv While this operationalization is an improvement upon other research, it does 

include an unknown number of women who were never in the work force who did not 

work because they were “taking care of home/family.” 

xxv Pew (Cohn et al 2014) also operationalizes opting out this way and finds that is 

it low-SES women who are more likely to opt out; however, their results are purely 

descriptive, as they do not control for other important predictors. 
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out.  This operationalization of opting out is more appropriate than previous definitions.  

In the past, some authors took opting out to be women who were either not in the labor 

force or not employed (Boushey 2008; Hoffman 2009; Percheski 2008). This is 

problematic because it is overly inclusive.  Opting out is one reason for not being in the 

labor force, but it is not the only reason.  For example, women may stop being in the 

labor force for their own health reasons or in order to return to school.  By including 

women who are not in the labor force for reasons not relating to opting out, these authors 

cannot specifically isolate and study those women who do opt out.  As a result, I do not 

accept the opting-out conclusions of authors who operationalize opting out this way.  As 

Kuperberg and Stone (2008) argue, research that hopes to speak directly to opting-out 

must isolate and separate women who are opting-out from all other women who are not 

in the labor force. 

Additionally, my paper provides some descriptive analysis of the trends in opting 

out in terms of women with children under age 18 in the household compared to women 

without children of any age in the household as well as by household income from the 

1980s through the first decade of the 2000s.  This is significant for two reasons.  First, it 

examines long term trends instead of snapshots of a few years, which is a common 

problem in the popular media articles. However, the drawback of examining long-term 

trends is that the trends may reflect larger macro-level changes in the economy (e.g., 

recessions), but it is important to look at long-term trends because the popular media 

have noted that the number of women opting out has increased recently, but it is unclear 

whether or not this represents macro-economic trends or some alternative explanation.  

Second, both sides of the story often assume that women with children under age 18 in 
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the household are the ones who are opting out, but opting out man not be unique to these 

women. 

Data and Methods 

Data for this paper come from the March supplements of the CPS from 1980 to 

2009.  The CPS, co-sponsored by the U.S. Census Bureau and the U.S. Bureau of Labor 

Statistics, is one of the most commonly used datasets to study labor force participation.  

For each month, the CPS collects data from approximately 60,000 U.S. housing units, 

with a response rate of roughly 90 percent (U.S. Census Bureau N.d.). 

When predicting opting out, I restrict my data to working age women who were 

18 to 64 years old.  I divide these women into two groups: (1) women who had at least 

one child (i.e., younger than 18 years of age) in their households and (2) women who did 

not have children under 18 in their households.  Most people think of the first group of 

women when they hear about opting out. 

Table 4-3 shows how I define my dependent and my predictor variables, and 

Table 4-4 shows how women who opted out differ from those who did not opt out on 

these predictors by decade.  I control for variables that other researchers have also 

controlled for when predicting opting out and labor force participation (e.g., race, age, 

and region) (Boushey 2008; Hoffman 2009).  I also control for family-related variables, 

given the nature of the opting out literature (e.g., living in a primary family with no 

extended family or non-family members present, number of children in household, and 

age of youngest child in household).xxvi Additionally, because this paper examines 

                                                 

xxvi I do not control for age of youngest child and number of children in the 

household when predicting opting out for women who do not have children at home. 
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whether women with low SES are more or less likely to opt out than those of SES, I 

control for six SES-related variables: (1) married to a spouse with high education, (2) 

education of respondent, (3) below the poverty line, (4) receive welfare income, (5) 

receive food stamps, and (6) household income.xxvii  Using multiple indicators of SES 

will help me to evaluate who is more likely to opt out.  It also avoids considering SES 

only by one factor (e.g., income) because different aspects might affect behavior to 

different degrees or even in different directions.  Additionally, spouse’s education, 

respondent’s education, and household income are commonly used as SES indictors; 

however, poverty line status, receiving welfare income, and receiving food stamps are not 

as commonly used.  This latter group of variables measure extreme levels of poverty that 

may not be captured with the former group of variables. 

Most of the comparisons made in Table 4-4 between women who opted out and 

women who worked at least one week are significantly different, except for when 

comparing metropolitan residence in the 1980s, being white in the 1990s, and having a 

high school degree in the 1980s.  Many of the comparisons preliminarily suggest that 

lower SES is associated with opting out.  For example, lower education, being below the 

poverty line, and having a lower household income is associated with opting out in all 

three decades.  The exception to this trend is that, even though women who are married 

tend to have higher SES than women who are not married (Waite 1995), women who are 

not married are less likely to opt out than those who are married in all three decades.    

                                                 

xxvii It is important to note that while there may be some underlying factors that 

both cause women to opt out and relate to their SESs, I am not trying to determine which 

factors “cause” women to opt out as much as to identify “who” opts out. 
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Unfortunately, my paper can only discuss correlations and associations between 

opting out and SES and cannot speak to causality.  This is because opting out and four of 

my predictors (i.e., below the poverty line, receive welfare income, receive food stamps, 

and household income) are measured in the same year.  Marital status and education of 

respondent are measured the next year.  While the CPS has a longitudinal component, I 

did not use it due to time and coding limitations; however, when Integrated Public Use 

Microdata Series (IPUMS) releases the variables that uniquely identify respondents 

across CPS samples, I will re-run this analysis. 



 144 

Table 4-3.  Operationalization of Variables 

Variable  Definition 

Dependent Variable   

Opting Out  Categorical indictor.  Not opting out is defined by individuals who 

worked at least one week last year and is the reference group. 

Opting out is defined by individuals who said they were "taking 

care of home/family" when asked for a reason for why they were 

not working last year.   

   

General Demographics   

Race  Categorical indicator.  White is the reference group and is 

compared to black and other. 

Metropolitan Status  Categorical indicator.  Living in the central city is the reference 

group and is compared to living outside the central city and not in 

metro area or unknown status. 

U.S. Census State Divisions  Categorical indicator.  Living in New England is the reference 

group and is compared to the Middle Atlantic, East North Central, 

West North Central, South Atlantic, East South Central, West 

South Central, Mountain, and Pacific. 

Renting Dwelling  Categorical indicator. Living in a dwelling that is owned or being 

bought is the reference group and is compared to renting. 

Age  Continuous indicator.  Ranges from 18 to 65 years old. 

   

Family Demographics   
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Table 4-3, Continued.  Operationalization of Variables 

Marital Status  Categorical indicator.  Married to a spouse with some college or 

more is the reference group and is compared to being married to a 

spouse with a high school degree or less and to not being married. 

Not in a Primary Family Household  Categorical indicator.  Living in a primary family household is the 

reference group and is compared to not living in a primary family 

household. 

Number of Children in Household  Continuous indicator.  Ranges from 1 to 9 (9 represents having 9 

or more children) for women with children under age 18 in the 

household. This variable was excluded from models for women 

without children of any age in the household. 

Age of Youngest Child in 

Household 

 Continuous indictor.  Ranges from 0 to 18 years old for women 

with children under age 18 in the household. This variable was 

excluded from models for women without children of any age in 

the household. 

   

Socioeconomic Status   

Household Income  Continuous indicator.  Ranges from 0 to 14.24 and is in logged 

constant 1998 dollars. 

Education  Categorical indicator.  Having less than a high school degree is the 

reference group and is compared to having a high school degree, to 

having some college to an undergraduate degree, and to having a 

graduate degree. 
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Table 4-3, Continued.  Operationalization of Variables 

Above the Poverty Line  Categorical indicator.  Being below the poverty line is the 

reference group and is compared to being above the poverty line. 

Receive Welfare Income  Categorical indicator.  Not receiving welfare income is the 

reference group and is compared to receiving welfare income. 

Receive Food Stamps    Categorical indicator.  Not receiving food stamps (currently 

Supplemental Nutrition Assistance Program (SNAP)) is the 

reference group and is compared to receiving food stamps. 
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Table 4-4. Descriptive Statistics 

   

1980s 

 

1990s 

 

2000s 

   

Women 

Who 

Worked 

 

Women 

Who 

Opt Out 

 

Sig. 

Diff. 

 

Women 

Who 

Worked 

 

Women 

Who 

Opt Out 

 

Sig. 

Diff. 

 

Women 

Who 

Worked 

 

Women 

Who 

Opt Out 

 

Sig. 

Diff. 

Race 

                  

 

White 

 

87.3% 

 

88.8% 

 

* 

 

85.4% 

 

85.5% 

   

80.3% 

 

83.8% 

 

* 

 

Black 

 

9.5% 

 

7.8% 

 

* 

 

9.9% 

 

8.7% 

 

* 

 

11.9% 

 

7.0% 

 

* 

 

Other 

 

3.2% 

 

3.4% 

 

* 

 

4.7% 

 

5.8% 

 

* 

 

7.8% 

 

9.2% 

 

* 

Metro Status 

                  

 

Central City 

 

23.7% 

 

23.8% 

   

23.3% 

 

26.9% 

 

* 

 

23.3% 

 

24.6% 

 

* 

 

Outside 

Central City 

 

32.0% 

 

32.3% 

   

36.3% 

 

35.8% 

 

* 

 

38.1% 

 

42.1% 

 

* 

 

Not in Metro 

Area/ 

Unknown 

 

44.3% 

 

43.9% 

 

* 

 

40.4% 

 

37.3% 

 

* 

 

38.6% 

 

33.4% 

 

* 

U.S. Census State 

Division 

                 

 

New England 

 

8.7% 

 

7.0% 

 

* 

 

8.3% 

 

6.0% 

 

* 

 

10.5% 

 

7.7% 

 

* 

 

Middle 

Atlantic 

 

12.9% 

 

16.5% 

 

* 

 

14.4% 

 

17.9% 

 

* 

 

10.2% 

 

11.1% 

 

* 

 

East North 

Central 

 

14.2% 

 

14.8% 

 

* 

 

14.7% 

 

14.2% 

 

* 

 

12.5% 

 

11.7% 

 

* 

 

West North 

Central 

 

10.0% 

 

7.8% 

 

* 

 

9.2% 

 

5.3% 

 

* 

 

11.8% 

 

7.1% 

 

* 

 

South Atlantic 

 

16.0% 

 

14.6% 

 

* 

 

16.5% 

 

15.1% 

 

* 

 

17.0% 

 

16.5% 

 

* 

 

East South 

Central 

 

4.9% 

 

5.9% 

 

* 

 

4.7% 

 

5.2% 

 

* 

 

4.7% 

 

4.9% 

 

* 

 

West South 

Central 

 

9.0% 

 

10.0% 

 

* 

 

8.7% 

 

10.8% 

 

* 

 

8.0% 

 

10.8% 

 

* 

 

Mountain 

 

10.5% 

 

9.9% 

 

* 

 

10.3% 

 

9.4% 

 

* 

 

11.0% 

 

12.5% 

 

* 

 

Pacific 

 

13.9% 

 

13.5% 

 

* 

 

13.2% 

 

16.2% 

 

* 

 

14.3% 

 

17.7% 

 

* 
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Table 4-4, Continued. Descriptive Statistics 

Ownership of 

Dwelling 

                  

 

Own or Being 

Bought 

 

68.2% 

 

71.4% 

 

* 

 

67.7% 

 

63.7% 

 

* 

 

72.0% 

 

68.4% 

 

* 

 

Renting 

 

31.8% 

 

28.6% 

 

* 

 

32.3% 

 

36.3% 

 

* 

 

28.0% 

 

31.6% 

 

* 

Marital Status 

                  

 

Married to a 

Spouse with 

Some College 

or More 

 

25.6% 

 

29.3% 

 

* 

 

30.8% 

 

34.3% 

 

* 

 

34.0% 

 

45.1% 

 

* 

 

Married to a 

Spouse with a 

High School 

Degree of Less 

 

33.9% 

 

54.7% 

 

* 

 

27.3% 

 

45.1% 

 

* 

 

23.1% 

 

37.9% 

 

* 

 

Not Married 

 

40.5% 

 

16.1% 

 

* 

 

41.9% 

 

20.6% 

 

* 

 

42.9% 

 

17.1% 

 

* 

Family Type 

                  

 

Primary 

Family 

 

82.6% 

 

94.0% 

 

* 

 

80.3% 

 

91.1% 

 

* 

 

79.9% 

 

90.6% 

 

* 

 

Not Primary 

Family 

 

17.4% 

 

6.0% 

 

* 

 

19.7% 

 

8.9% 

 

* 

 

20.1% 

 

9.4% 

 

* 

Education 

                  

 

Less than a 

High School 

Degree 

 

15.0% 

 

33.4% 

 

* 

 

10.9% 

 

30.7% 

 

* 

 

8.8% 

 

22.7% 

 

* 

 

High School 

Degree 

 

45.0% 

 

45.0% 

   

35.9% 

 

39.6% 

 

* 

 

28.9% 

 

32.4% 

 

* 

 

Some College 

to and 

Undergraduate 

Degree 

 

33.2% 

 

19.4% 

 

* 

 

46.0% 

 

27.2% 

 

* 

 

52.9% 

 

39.7% 

 

* 

 

Graduate 

Degree 

 

6.8% 

 

2.1% 

 

* 

 

7.3% 

 

2.5% 

 

* 

 

9.4% 

 

5.2% 

 

* 
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Table 4-4, Continued. Descriptive Statistics 

Poverty Status 

                  

 

Below Poverty 

Line 

 

7.4% 

 

20.5% 

 

* 

 

7.6% 

 

26.6% 

 

* 

 

6.9% 

 

21.8% 

 

* 

 

Above Poverty 

Line 

 

92.6% 

 

79.5% 

 

* 

 

92.4% 

 

73.4% 

 

* 

 

93.1% 

 

78.2% 

 

* 

Welfare Income 

                  

 

Not Receive 

Welfare 

Income 

 

97.7% 

 

90.2% 

 

* 

 

97.6% 

 

87.2% 

 

* 

 

98.8% 

 

96.3% 

 

* 

 

Receive 

Welfare 

Income 

 

2.3% 

 

9.8% 

 

* 

 

2.4% 

 

12.8% 

 

* 

 

1.2% 

 

3.7% 

 

* 

Food Stamps 

                  

 

Not Receive 

Food Stamps 

 

94.8% 

 

85.3% 

 

* 

 

94.4% 

 

81.1% 

 

* 

 

94.7% 

 

89.0% 

 

* 

 

Receive Food 

Stamps 

 

5.2% 

 

14.7% 

 

* 

 

5.6% 

 

18.9% 

 

* 

 

5.3% 

 

11.0% 

 

* 

                    Age 

 

36.18 

 

41.55 

 

* 

 

37.79 

 

40.00 

 

* 

 

39.46 

 

38.82 

 

* 

Number of 

Children in 

Household 

 

0.99 

 

1.58 

 

* 

 

0.97 

 

1.64 

 

* 

 

1.05 

 

1.76 

 

* 

Age of Youngest 

Child in 

Household 

 

10.05 

 

8.81 

 

* 

 

10.27 

 

8.20 

 

* 

 

10.30 

 

7.35 

 

* 

Logged 1998 

Constant 

Household 

Income   9.71   9.36   *   10.52   10.05   *   11.18   10.83   * 

Note:  Statistical significance for proportions was tested at the 95 percent level using z-scores, while t-scores were used at the 95 percent 

level for means. *=Statistically significant with 95 percent confidence between two proportions or two means within a decade. 
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In total, I build six models to predict opting out.  I build two models for each of 

my three decades of data: (1) a model that predicts opting out for women with children 

under age 18 in the household and (2) a model that predicts opting out for women without 

children of any age in the household.xxviii  For all models, I create a two-way crossed 

random effects logistic model, specifying random effects for both birth cohorts (measured 

in 10 year increments) and CPS years within the same model.xxix  This allows for error 

terms to be correlated within cohorts (e.g., all individuals born in the 1950s are related in 

all years of the 1980s model) or within years (e.g., all individuals from all birth cohorts in 

1980 are related), which takes into account the unmeasured characteristics that vary 

across these two time-related variables.  

To compare the effects of my six socioeconomic variables of interest across all 

models, I calculate corresponding average changes in predicted probabilities.  Average 

predicted probabilities are calculated by multiplying all of the coefficients of a model by 

individuals’ predictor values and then totaling them to get the predicted log odds.  I use 

the following formula to calculate the predicted probabilities, where “LO” stands for the 

predicted log odds: 

Predicted probability = exp(LO) / (exp(LO) + 1).   

                                                 

xxviii Because my analysis excludes a very small percentage of women who have 

adult children in the household, the phrase “without children” in my analysis refers to 

there being no children of any age in the household, and the phrase “with children” refers 

to there being at least one child under the age of 18 in the household.  

xxix This type of random effects modeling does not require longitudinal/panel data.  

Instead, it requires that observations be nested within higher-order groups.  My higher 

order groups are birth cohorts and CPS years.  In Stata, two-way crossed random effects 

are created using the xtmixed command, while more traditional random effect models are 

created using the xtreg command.  For an example of how a two-crossed random effects 

model can be used with repeated cross sectional data, see Yang and Land (2006). 
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To estimate the change in these probabilities, I calculate two sets of probabilities 

for each of my six socioeconomic variables: (1) a high value scenario and (2) a low value 

scenario.  In both scenarios, I set all predictors to the actual values, except for the 

variable of interest, for which I plug in high and low values (see Table 4-7 for which high 

and low values were used).  Then I subtract these high and low average predicted 

probabilities from one another to get the average change. 

Results and Discussion 

Descriptive Trends in Opting Out from 1980 to 2009 

Table 4-5 shows the percentages of women and men who have opted out and 

worked for each of the last three decades.  Both groups of women (those with children 

under age 18 in the household and those without children of any age in the household) 

experienced a decline in the percentages of those opting out.  In the 1980s, around thirty 

percent of women with children under age 18 in the household opted out, compared to the 

first decade of the 2000s when only twenty percent opted out.  Women without children 

of any age in the household, who tend to belong to older birth cohorts, follow a similar 

decline from fifteen percent of them opting out in the 1980s to eight percent in the 2000s. 

However, in each decade, fewer women without children of any age in the household 

opted out in comparison to women with children under age 18 in the household. It is 

interesting to note that since the 1980s, the extremely small percentage of men who opt 

out has increased from .2 percent in the 1980s to .9 percent in the 2000s. 
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Table 4-5. Shares of Women and Men Opting Out and Working by Decade 

             

Decade  

Women with Children 

under Age 18 in the 

Household  

Women without Children 

of Any Age in the 

Household  Men 

 

Opting 

Out  Working  

Opting 

Out  Working  

Opting 

Out  Working 

             

1980s  29.7%  70.3%  15.3%  84.7%  0.2%  99.8% 

1990s  23.1%  77.0%  10.0%  90.0%  0.5%  99.5% 

2000s   20.3%   79.7%   8.0%   92.1%   0.9%   99.1% 
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These percentages suggest that, while it is true that women with children under 

age 18 in the household are more likely to opt out, a notable proportion of women 

without children of any age in the household also opt out.  However, this latter group 

seems to be frequently forgotten and unacknowledged in both the popular media and 

academic opting out literature (Smith 2012).  Although Smith (2012) argues that elder 

family care is increasing the need for women (especially those of older cohorts) to opt 

out, Table 4-5 does not reflect an increase in women without children of any age in the 

household, which would be expected in this scenario.xxx 

In Figure 4-1, I disaggregate the two female groups (women with children under 

age 18 in the household and without children of any age in the household) further by low 

(i.e., below the median) and high (i.e., at or above the median) household income to see 

how the proportion of women opting out varies by these four groups from 1980 to 2009.  

In almost every year, women from low-income households are more likely to opt out than 

their wealthier counterparts. In fact, the SES gap in opting out for women with children 

under age 18 in the household is larger than the "child" gap in opting out.  Additionally, 

women with children under age 18 in the household and without children of any age in 

the household from high-income households have experienced a general decline in the 

                                                 

xxx This inconsistency between my finding and Smith’s (2012) argument may be 

explained by two considerations.  First, Smith (2012) suggests that the large increase in 

elder care will develop by 2030, which is beyond the scope of my data.  Second, a 

weakness of CPS data is that there is no distinction made for which family members are 

cared for by women who opt out.  Additionally, while too small for any meaningful 

quantitative analysis, the slow increase in men opting out may also warrant further 

qualitative investigation, which might relate to increases in stay-at-home fathers and 

more general but slow increases in male involvement with care work. 
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proportion who opt out.xxxi  However, the proportions of women with children under age 

18 in the household and without children of any age in the household from low-income 

households that opt out have remained rather constant in this thirty-year span of time. 

                                                 

xxxi It is important to note that in 1981 the ratio for women with children under 

age 18 at home in high-income households was extremely low in comparison to 1980 and 

1982.  It is not clear why this anomaly exists.  It could be related to the 1980 recession. 
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Figure 4-1. Changing ratios of different types of women opting out from 1980 to 2009

Women with Children under 18 at Home from Low Household Incomes

Women with Children under 18 at Home from High Household Incomes

Women without Children at Home from Low Household Incomes

Women without Children at Home from High Household Incomes
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This figure suggests that women from low-income households are more likely to 

opt out than their high-income household counterparts.  Some popular media sources 

have stressed that there has been an increase in the numbers of high-SES mothers opting 

out (Belkin 2003; Wallis 2004).  However, Figure 4-1 supports the conclusions of 

researchers who find that professional and high-SES women are opting out at lower rates 

than in previous years (Boushey 2008; Damaske 2011; Percheski 2008).  This emphasis 

on the increasing number of high-SES mothers opting out could stem from the popular 

media’s tendency to focus on a short time period in which a small uptick in the number of 

opting out mothers appears more significant that it is.  Figure 4-1 reveals that even 

though there are occasional small increases in the proportion of high-SES women with 

children under age 18 in the household who opt out, these events are rare, minor, and 

generally insignificant when the overall 30-year trend reflects a downward movement in 

percentages of these high-SES women opting out.   

Model Fit Statistics for All Models 

For all models discussed in the next two sub-sections, I calculate Tjur’s R2, which 

represents the difference between the average probabilities of successes (when the 

dependent variable equals 1) and failures (when the dependent variable equals 0) (Tjur 

2009).  For my final decade models (listed in Tables 4-5 and 4-6) my Tjur R2’s range 

from approximately 13 to 29 percent.  Additionally, the Tjur R2s increase within the 

nested models, suggesting that the models are able to explain more variance with the 

addition of more variables (Appendix Tables A and B). 

I also show BIC and AIC values for all of my models.  As I add more predictors 

to nested models, these values tend to either stay roughly the same or decrease in size.  
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When comparing the first model in a nest to the last, the last always has smaller BIC and 

AIC values, suggesting that the last models are significant improvements upon the first 

models. 

  Additionally, I show the likelihood ratio test versus the linear regression results 

for all of my models.  All of my models reject the null hypothesis of the linear regression 

with a single intercept in favor of the random effects model.   

Predicting Opting Out for Women with Children under Age 18 in the Household 

from 1980 to 2009 

Appendix Table A shows the full nested models for predicting opting out by 

women with children under age 18 in the household, where the first model for each 

decade includes general demographics, the second model adds family demographics, and 

the final model adds socioeconomic status variables.xxxii  For easier comparison, Table 4-

6 shows only the family demographic and socioeconomic status variables of the final 

nested model for each decade from Appendix Table A. 

                                                 

xxxii The variables are added in this sequence to examine how coefficients and 

standard errors change with each addition of variables.  I added the SES variables last 

since they are the key independent variables of interest. 
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Table 4-6. Predicting Opting Out for Women with Children under Age 18 in the Household from the 1980s to the 2000s 

    

Model for 1980s 

 

Model for 1990s 

 

Model for 2000s 

    

b 

 

s.e. 

 

b 

 

s.e. 

 

b 

 

s.e. 

Family Demographics  

            Marital Status (compared to married to 

a spouse with some college or more) 

 

             Married to a spouse with a 

high school degree or less  

 -0.3307*  0.0134  -0.4392*  0.0161  -0.5183*  0.0135 

  Not married  -1.9440*  0.0244 

 

-1.9983*  0.0266  -2.2874*  0.0222 

 Number of Children in Household  0.1580*  0.0051  0.1961*  0.0062  0.1930*  0.0052 

 Age of Youngest Child in Household  -0.0935*  0.0016  -0.0886*  0.0018  -0.0936*  0.0015 

 Not in a Primary Family Household 

(compared to being in a primary family 

household) 

 0.6767*  0.0316  0.8720*  0.0295  0.7092*  0.0252 

Socioeconomic Status             

 Household Income  -0.5251*  0.0110  -0.5612*  0.0120  -0.4727*  0.0091 

 Education (compared to having less 

than a high school degree) 

            

  High school degree  -0.4877*  0.0141  -0.5565*  0.0178  -0.5351*  0.0168 

  Some college to an 

undergraduate degree 

 -0.8219*  0.0178  -0.9411*  0.0204  -0.9089*  0.0179 

  Graduate degree  -1.4285*  0.0329  -1.4334*  0.0379  -1.2618*  0.0269 

 Above the Poverty Line (compared to 

below the poverty line) 

 -0.5127*  0.0230  -0.5943*  0.0250  -0.9197*  0.0225 

 Receive Welfare Income (compared to 

not receive welfare income) 

 1.3727*  0.0282  1.2654*  0.0297  0.7224*  0.0339 

 Food Stamp Recipiency (compared to 

no food stamp recipiency) 

 0.0624*  0.0224  0.0703*  0.0253  -0.2081*  0.0235 

Log Likelihood   -111729.19   -82781.142   -118908.46 

Likelihood Ratio Statistic, d.f.  25002.57, 26   

 

  23273.45, 26   

 

28769.01, 26  

LR test v. Linear Regression X2, p-value 

 

376.51, p<0.000 

 

150.29, p<0.000 

 

802.19, p<0.000 
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Table 4-6, Continued. Predicting Opting Out for Women with Children under Age 18 in the Household from the 1980s 

to the 2000s 

BIC 

  

223814.20 

 

165913.90 

 

238180.60 

AIC   223516.40 

 

165620.30 

 

237874.90 

Tjur R2  0.1598 

 

0.1833 

 

0.1554 

N       213,053   184,627   279,566 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

Notes:  The three models presented are the final models for women with children under age 18 in the household.  To see the 

proceeding corresponding nested models, see Appendix Table A.  Marital status, education of spouse, and education of 

respondent are measured the year after opting out is measured.  Household income, poverty line status, welfare income, and 

food stamps are measured the same year that opting out is measured. 
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For my main research question regarding socioeconomic status and opting out, I 

focus on the six predictors, mentioned above.  For women with children under age 18 in 

the household, all variables of interest are statistically significant in all three decades and 

have the same sign, except for receiving food stamps in the 2000s, which remained 

significant but the sign switched from positive to negative.  This exception may reflect 

changes in U.S. welfare policies during the early 1990s. 

Given the large sample sizes for each decade, it is more meaningful to discuss the 

average change in the predicted probabilities of opting out rather than levels of 

significance.  The left half of Table 4-7 shows the average change in predicted 

probabilities for each decade of women with children under age 18 in the household for 

the six variables of interest.  These averages are the differences between predicted 

probabilities for extreme values of variables when all other variables are held constant.   
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Table 4-7. Average Change in Predicted Probabilities of Opting Out for Women with Children under Age 18 in 

the Household and without Children of Any Age in the Household from the 1980s to 2000s. 

             

  

Women with Children Under Age 18 in the 

Household  

Women without Children of Any Age in the 

Household 

  
1980s 

 
1990s 

 
2000s 

 
1980s 

 
1990s 

 
2000s 

  

Predicted 

Probability  

Predicted 

Probability  

Predicted 

Probability  

Predicted 

Probability  

Predicted 

Probability  

Predicted 

Probability 

Married to Spouse 

with Some College 

or More   

0.3828  0.3207  0.2971  0.2245  0.1577  0.1383 

Not Married 
 

0.1163  0.0949  0.0596  0.0774  0.0502  0.0426 

             
Average 

Change 
  

0.2666  0.2258  0.2375  0.1471  0.1075  0.0957 

Household 

Income at the 

90th Percentile 
 

0.1307  0.1270  0.1605  0.0870  0.0704  0.0671 

Household 

Income at the 

10th Percentile 
 

0.3406  0.3458  0.3572  0.1647  0.1266  0.1020 

             
Average Change   -0.2100  -0.2188  -0.1967  -0.0776  -0.0562  -0.0350 

A Graduate 

Degree  

0.1584  0.1295  0.1330  0.0578  0.0376  0.0284 

Less than a High 

School Degree  

0.3957  0.3373  0.3137  0.2121  0.1757  0.1636 

             
Average 

Change 
  

-0.2373  -0.2078  -0.1807  -0.1543  -0.1381  -0.1352 

Above the 

Poverty Line  

0.2823  0.2120  0.1849  0.1412  0.0844  0.0602 
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Table 4-7, Continued. Average Change in Predicted Probabilities of Opting Out for Women with Children under 

Age 18 in the Household and without Children of Any Age in the Household from the 1980s to 2000s. 

Below the 

Poverty Line  

0.3789  0.3073  0.3317  0.2609  0.2567  0.2991 

             
Average 

Change 
  

-0.0966  -0.0954  -0.1468  -0.1197  -0.1723  -0.2389 

Does Not 

Receive Welfare 

Income 
 

0.2774  0.2103  0.1975  0.1458  0.0952  0.0762 

Does Receive 

Welfare Income  

0.5516  0.4335  0.3102  0.4826  0.2885  0.1640 

             
Average 

Change 
  

-0.2743  -0.2232  -0.1127  -0.3368  -0.1933  -0.0878 

Does Not 

Receive Food 

Stamps 
 

0.2949  0.2268  0.2030  0.1491  0.0972  0.0767 

Does Receive 

Food Stamps  

0.3059  0.2370  0.1761  0.1927  0.1193  0.0811 

             
Average 

Change 
  

-0.0110  -0.0102  0.0269  -0.0435  -0.0222  -0.0043 

Note:  All coefficients used were statistically significant, except for food stamps in the 2000s for women without children of any 

age in the household. 
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For example, in the 1980s holding all other variables constant, being married to a 

spouse with some college or more is associated with a 38 percent chance of opting out for 

women with children under age 18 in the household.  In comparison, not being married is 

associated with only a 12 percent chance of opting out, which gives a relatively large 

average change of approximately 26 percentage points.  For these women, marital status 

is a strong predictor in each decade, as it is associated with an average change above 20 

percentage points, suggesting that being married to a spouse with at least some college is 

more highly correlated with opting out than is not being married.  The results from this 

variable show support for the notion that opting out is more common among those who 

are married, especially if they are married to well-educated spouses.  This variable is the 

only SES indicator I use where opting out is associated with high SES.  

Generally, the other five predictors for women with children under age 18 in the 

household seem to suggest the opposite—having a low SES is strongly associated with 

opting out when compared to having a high SES.  Women with household incomes at the 

90th percentile, women with graduate degrees, women who are above the poverty line, 

women who do not receive welfare income, and women who do not receive food stamps 

are less likely to be associated with opting out than their counterparts (except for in the 

2000s, where women who did not receive food stamps were 2.7 percentage points more 

likely to be associated with opting out than those that did receive them, but the average 

change in all three decades for food stamps is very low in comparison to the other 

predictors). 

When comparing the absolute average change of the six predictors across the 

three decades to get a sense of magnitude, marital status, household income, education, 
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and receiving welfare income seem to be the largest predictors since the average changes 

for many of these variables are around 20 percentage points.  This suggests that for 

women with children under age 18 in the household the following are very highly 

correlated with opting out: 

 Being married to a spouse with some college or more (compared to not being 

married), 

 Having a household income at the 10th percentile (compared to having a 

household income at the 90th percentile), 

 Having less than a high school degree (compared to having a graduate 

degree), and 

 Receiving welfare income (compared to not receiving welfare income). 

In comparison, poverty line status is a moderate predictor as its average changes 

hover around 10 percentage points, while receiving food stamps seems to be a small 

predictor with average changes around 1 to 2.7 percentage points.  This suggests that for 

women with children under age 18 in the household the following are correlated with 

opting out, but not as strongly as the above four predictors: 

 Being below the poverty line (compared to being above the poverty line), and 

 Receiving food stamps (compared to not receiving food stamps). 

Predicting Opting Out for Women without Children of Any Age in the Household from 

1980 to 2009 

Appendix Table B shows the full nested models for predicting opting out for 

women without children of any age in the household, where the first model for each 

decade includes general demographics, the second model adds family demographics, and 
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the final model adds socioeconomic status variables.  For easier comparison, Table 4-8 

shows only the family demographic and socioeconomic status variables of the final 

nested model for each decade from Appendix Table B.  In all three decades, all variables 

of interest are statistically significant and have the same sign when comparing the same 

variable across decades, except for receiving food stamps in the 2000s, which is 

insignificant.
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Table 4-8. Predicting Opting Out for Women without Children of Any Age in the Household from the 1980s to the 

2000s 

    Model for 1980s  Model for 1990s  Model for 2000s 

    b  s.e.  b  s.e.  b  s.e. 

Family Demographics             

 Marital Status (compared to 

married to a spouse with some 

college or more) 

 

           
  Married to a spouse with a 

high school degree or less  

 -0.3165*  0.0207  -0.2594*  0.0240  -0.2975*  0.0236 

  Not married  -1.6454*  0.0302  -1.5799*  0.0350  -1.5347*  0.0309 

 Not in a Primary Family Household 

(compared to being in a primary 

family household) 

 -0.6314*  0.0297  -0.5402*  0.0336  -0.6347*  0.0290 

Socioeconomic Status             

 Household Income  -0.3630*  0.0121  -0.3017*  0.0134  -0.1996*  0.0110 

 Education (compared to having less 

than a high school degree) 

            

  High school degree  -0.5575*  0.0181  -0.6684*  0.0234  -0.6761*  0.0239 

  Some college to an 

undergraduate degree 

 -1.0775*  0.0246  -1.3643*  0.0280  -1.4380*  0.0259 

  Graduate degree  -1.8984*  0.0531  -1.9969*  0.0597  -2.1081*  0.0512 

 Above the Poverty Line (compared 

to below the poverty line) 

 -1.1228*  0.0331  -1.7009*  0.0362  -2.2176*  0.0317 

 Receive Welfare Income (compared 

to not receive welfare income) 

 2.6652*  0.0521  1.7956*  0.0598  1.0377*  0.0749 

 Food Stamp Recipiency (compared 

to no food stamp recipiency) 

 0.4459*  0.0395  0.2939*  0.0446  0.0699  0.0414 

Log Likelihood   -58595.75   -42735.776   -48841.96 

Likelihood Ratio Statistic, d.f.  17552.69, 24      14590.05, 24    16648.42, 24  

LR test v. Linear Regression X2, p-value  216.80, p<0.000  493.57, p<0.000  161.05, p<0.000 
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Table 4-8, Continued. Predicting Opting Out for Women without Children of Any Age in the Household from the 

1980s to the 2000s 

BIC  117521.10  85797.87  98016.35 

AIC   117245.50  85525.55  97737.93 

Tjur R2  0.2893  0.2040  0.1348 

N       200,252   177,321   222,391 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

Notes: 

The three models presented are the final models for women without children of any age in the household.  To see the 

proceeding corresponding nested models, see Appendix Table B. 

Marital status, education of spouse, and education of respondent are measured the year after opting out is measured.  

Household income, poverty line status, welfare income, and food stamps are measured the same year that opting out is 

measured.   
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The right side of Table 4-7 shows the predicted probabilities for women without 

children of any age in the household.  The general story is similar to that of women with 

children under age 18 in the household, except the magnitude in the average change in 

predicted probabilities for women without children of any age in the household are either 

smaller or larger than for women with children under age 18 in the household.  Women 

without children in the household who are married to a spouse with some college or more 

are more highly associated with opting out than those who are not married in all three 

decades.  While this is also true for women with children under age 18 in the household, 

the average changes are smaller for women without children of any age in the household.   

However, the rest of the variables show that having a low SES is strongly 

associated with opting out when compared to having a high SES for women without 

children of any age in the household.  I found the same result when looking at the average 

change in predicted probabilities for women with children under age 18 in the household. 

For example, for women without children of any age in the household, having lower 

household income and less education are more strongly associated with opting out than 

having higher household income and more education, which was also true for women 

with children under age 18 in the household, except the average change in predicted 

probabilities are smaller for women without children of any age in the household.  On the 

other hand, although both women with children under age 18 in the household and 

without children of any age in the household have a higher likelihood of opting out if 

they are below the poverty line, the average change in predicted probabilities are higher 

for women without children of any age in the household.  Similarly, both types of women 

are more likely to opt out if they receive food stamps, except the average change in 
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predicted probabilities are higher for women without children of any age in the household 

in the 1980s and 1990s, while receiving food stamps became insignificant in the 2000s 

for women without children of any age in the household.  Finally, both women with 

children under age 18 in the household and without children of any age in the household 

have a higher likelihood of opting out if they receive welfare income, but the average 

change in predicted probabilities was higher for women without children of any age in 

the household in the 1980s when compared to women with children under age 18 in the 

household.  However, in the 1990s and 2000s the average change in predicted 

probabilities were higher for women with children under age 18 in the household than 

women without children of any age in the household. 

For easy comparison and summary, Table 4-9 summarizes the findings from the 

average change in predicted probabilities that were initially shown in Table 4-7.  Overall, 

the associations between opting out and the SES variables are pretty similar for women 

with children under age 18 in the household and without children of any age in the 

household, with the few exceptions that are noted in the table. As discussed in more 

detail above, when compared to women without children of any age in the household, the 

average change for women with children under age 18 in the household is smaller for 

marital status, income, and education; it is larger for poverty-line status and food stamps, 

but variable by decade for welfare income.
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Table 4-9.  Summary of Average Change in Predicted Probability Findings 

  

Women with Children under Age 18 in 

Household 

 

Women without Children of Any Age in 

Household 

     Marital Status 

with Spouse's 

Education 

 Women married to a spouse with some college or 

more are more likely to opt out than those who 

are not married in all three decades. 

 Same as women with children under age 18 in the 

household, except average change in predicted 

probabilities is smaller. 

     
Household 

Income 

 Women that live in households that have 

incomes at the 90th percentile are less likely to 

opt out than those who have household incomes 

at the 10th percentile in all three decades. 

 Same as women with children under age 18 in the 

household, except average change in predicted 

probabilities is smaller. 

     

Respondent's 

Education 

 Women with graduate degrees are less likely to 

opt out than those who have less than a high 

school degree in all three decades. 

 Same as women with children under age 18 in the 

household, except average change in predicted 

probabilities is smaller. 

     

Poverty Line 

Status 

 Women above the poverty line are less likely to 

opt out than those below the poverty line in all 

three decades. 

 Same as women with children under age 18 in the 

household, except average change in predicted 

probabilities is larger. 

     
Receive 

Welfare 

Income 

 Women who do not receive welfare income are 

less likely to opt out than those who do receive 

welfare income in all three decades. 

 Same as women with children under age 18 in the 

household, except average change in predicted 

probability for the 1980s is larger but is smaller in 

the 1990s and 2000s. 

     

Receive Food 

Stamps 

  Women who do not receive food stamps are less 

likely to opt out than those who do receive food 

stamps in all three decades, except in the 2000s 

where the direction is reversed. 

  Same as women with children under age 18 in the 

household, except the coefficient for the 2000s is 

insignificant and the average change in predicted 

probabilities is larger in the 1980s and 1990s. 
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Discussion of Predicting Opting Out for Women with Children under Age 18 in the 

Household and without Children of Any Age in the Household 

Differences between Women with Children under Age 18 in the Household and without 

Children of Any Age in the Household 

Although the stories look reasonably similar when comparing the average change 

in predicted probabilities of women with children under age 18 in the household and 

without children of any age in the household, there is one important difference: While 

four of my SES predictors are relatively large (i.e., have absolute average changes larger 

than 20 percent in at least one decade) when predicting whether women with children 

under age 18 in the household opt out, only two of my predictors are large when 

predicting opting out by women without children of any age in the household (one of 

which is not a large effect for women with children under age 18 in the household).  

Large predictors for women with children under age 18 in the household are marital 

status, household income, education, and receiving welfare income.  In comparison, large 

predictors for women without children of any age in the household are poverty line status 

and receiving welfare income.  Additionally, nine of the 18 average changes are over 20 

percent for women with children under age 18 in the household, while only two of the 18 

are above 20 percent for women without children of any age in the household.  This 

suggests that SES variables seem to be fairly important when predicting opting out for 

women with children under age 18 in the household but are weaker predictors for women 

without children of any age in the household.  One implication of this is that non-SES 

variables are better predictors of opting out by women without children of any age in the 

household than by women with children under age 18 in the household. 
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The question then is why SES variables are stronger predictors for women with 

children under age 18 in the home compared to women without any children in the home.  

This may be connected to differences that exist between these two groups.  For example, 

if women without any children in the home are taking care of sick or disabled relatives, 

they may be committed to more long-term arrangements; in this situation, SES factors 

may be less important than they might be to women with children under age 18 in the 

home.  Instead, family dynamics (e.g., number, proximity, and availability of other 

family members) or the perception of the appropriateness of institutional care may play a 

stronger role in the decision to opt out. 

The Consequences of Low- and High-SES Women Who Opt Out 

Ultimately, the most important question is:  Why does it matter who opts out?  

The answer is not a simple one.  A concentration on well-educated, professional women 

who choose to give up their careers to be stay-at-home moms is both powerful and 

misleading; it conveys the impression—supporting the doctrine of choice feminism—that 

elite women staying home with kids instead of working is the ideal situation (Hirshman 

2006).  Unfortunately, this choice feminist view of the lives of working women is 

inaccurate; for the vast majority of women who opt out, women from all socioeconomic 

statuses, the decision is not really a choice at all (Damaske 2011; Stone 2007).  

The real story of work-family conflict is not found in the society pages.  Although 

there are a few high-SES women with a real choice, most women—including most high-

SES women—are forced from their jobs by inflexible, hostile, or inhospitable working 

conditions.  As discussed above, low-SES women are much more likely to be the ones 

who opt out, and they are all too often unjustly labeled as unwilling to work, simply 
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wanting to take from “the system.”  This stereotype of low-SES women choosing to quit 

work is a product of the dark underbelly of choice feminism; when women are viewed as 

choosing to quit work, there is little sympathy from society at large if their choice turns 

out to be a poor one.  Moreover, these low-SES women who opt out are blamed for their 

difficulties, while the structural elements of the economy that allow the persistence of 

discrimination against those least able to defend themselves is held blameless (Bullock, 

Wyche, and Williams 2001; Katz 1989).      

Perhaps most important of all is the question of why it matters whether women 

opt out of the workforce. Regardless of SES, there are larger consequences of women 

withdrawing from the workforce, although these consequences vary depending on if 

women are high- or low-SES.  If they are high-SES, many of the advances made by 

women in their attempts to claim a spot in what has been a man’s world will be forfeited.  

Hirshman (2006) argues that high-SES stay-at-home mothers’ “behavior violates the 

more good than harm principle” (36).  These women’s abandonment of the progress 

made by them and their predecessors advances the belief “that women aren’t a good bet 

for education and opportunity” (Hirshman 2006:36).  Ultimately, Hirshman (2006) 

argues, this belief leads to women in general deciding that “they won’t aspire to playing 

the game” (37), costing all women economic opportunities.     

On the other hand, if an opting out woman has a low SES, the well-being of her 

family is imperiled.  Without the income of low-SES working women, their families’ 

incomes would be significantly lower; this would be true regardless of whether she is 

married or single.  At the same time, the cost associated with child and/or family member 

care may be prohibitive because they may be equal to or greater than the income a 
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woman may make.  The significance becomes obvious when put in perspective: in 2010, 

women comprised 47.2 percent of the workforce and 50.1 percent of working class 

employees (working class is defined by occupation) (Zweig 2011).  Large proportions of 

employed working class women have contributed to a reduction in family income 

inequality (McCall and Percheski 2010; Treas 1987).  Consequently, the numbers of 

working women who opt out influence the degree of income inequality between families.   

Analyzing opting out through the lens of choice feminism masks the reality faced 

by women in the workplace.  Ultimately, opting out is not simply a choice.  It is not 

simply a woman’s choosing to live her life as she wishes.  In reality, it is an act with 

significant consequences, not merely for the individual woman, but for her family and 

society at large as well.   

Limitations and Directions for Future Research 

While the majority of the SES indicators tested in this paper show that it is low-

SES women who are more likely to opt out, being married to a highly educated spouse 

(an indicator associated with high-SES women) increases the likelihood of women opting 

out.  While this makes sense alone, it appears contradictory when placed in conjunction 

with the other five indicators.  Being married to someone who is highly educated 

generally means that they will be able to provide an income that would make opting out 

easier, but it is unclear why this indicator behaves differently from the others. 

Additionally, it is puzzling that SES predictors are stronger for women with 

children under age 18 in the household than for women without children of any age in the 

household.  The CPS does not ask for more details about whom respondents are caring 

for, nor does it ask about a respondent’s attitudes toward care work.  Future research—
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through either qualitative research or the use of datasets with access to relevant 

questions—could explore the underlying reasons for these results.     

Finally, by and large, the CPS is considered to be a repeated cross-sectional 

dataset, and the vast majority of studies that use the CPS use it as such.  As a result, 

investigating my research questions by using a longitudinal dataset which follows the 

same people across time may be able to detect cohort differences in patterns of opting 

out.  However, the CPS does have a longitudinal component, but (as mentioned earlier) I 

was not able to utilize this facet of the CPS.  Consequently, it is important to remember 

that my results are not causal; rather, they are only measuring associations and cannot 

speak to the causal direction between my dependent variable and my independent 

predictors. 

Conclusion 

Ever since Belkin’s (2003) now-famous essay on opting out, the popular media 

have fixed their attention on those elite who have chosen to quit careers and stay home 

with their children.  It is time for that to change, and my study is a step in that direction.  

By examining not simply whether women are out of the labor force but why they are not 

working reveals a new dimension to the literature.  Similarly, by exploring all women—

high and low-SES as well as those with children under age 18 in the household and 

without children of any age in the household —this study is more inclusive, adding depth 

to the portrait of women in the workplace.  In combination, these methods provide a 

different angle from which to analyze and discuss the class issue involved in opting out. 

My results reveal that the opting out rate for high-SES women has dropped over 

the last thirty years.  During this same time, the opting out rate for low-SES women—
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which is higher than that of high-SES women—has remained at almost exactly the same 

level, when comparing the rates from 1980 to 2009.  High-SES women have learned—

often the hard way—that opting out is a poor strategy, and they have evolved.  Evidence 

of this can be seen in their declining rates of opting out and their reduced likelihood of 

opting out in the predicted models.   

For low-SES women, insufficient research has been published showing a fuller 

picture of their reasons for opting out and how opting out affects their lives.  Studies 

comparing low- and high-SES women would enable a fuller understanding of why, for 

example, low-SES women have not gone back to work, thereby reducing their ability to 

contribute to their families’ well-being.  The answer likely lies less in the women than in 

their circumstances. Five of the six SES predictors showed that low-SES women were 

more likely to opt out than high-SES women.  As discussed above, jobs typically 

available for low-SES women are less family friendly, and low-SES women have fewer 

resources available to help them obtain and maintain good jobs (Moe and Shandy 2009; 

Perry-Jenkins 2012).  Additionally, the price of going back to work (e.g., childcare or 

nursing care) is prohibitive for many women.  Although the story of low-SES women 

may not be as pretty as that of high-SES women, it is true, and it needs to be told. 
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CHAPTER 5 

 

CONCLUSION 

 

Introduction 

My dissertation addressed three changes related to women’s workplace inequality.  

The Pregnancy Discrimination Act (PDA) was enacted in 1978.  Eight years later, in 

1986, the Supreme Court ruled on Meritor Savings Bank v. Vinson (Meritor), and in 

2003, Lisa Belkin wrote her famous New York Times article about women opting out.  

These three events represent different aspects of women struggling to gain equality at 

work. The PDA and Meritor were meant to create a less discriminatory workplace 

environment for women, allowing them the opportunity to achieve their full potential by 

eliminating gender-based impediments. The popular media’s depiction of opting out was 

inaccurate and conceals the real opting out story—it is low-SES women who are 

struggling the most but whose problems are unrecognized and ignored. 

Contrary to the hopes of many, these three events do not represent women’s 

advancement.  Instead, my dissertation finds that these three events were roadblocks to 

women’s equality because women were either not affected or hurt by them.  Chapter Two 

of my dissertation found that the PDA was positively associated with reducing women’s 

relative disadvantage to men in employment rates, but not by improving women’s 

employment rates. The PDA did not have an association with women’s employment rates 

and was negatively associated with men’s employment rates.  Chapter Three found a 

negative association between Meritor and women’s wages and no association with either 

the gender earnings ratio or men’s wages (although the last two associations were 

negative, neither was significant).  Chapter Four found that the popular media’s depiction 
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of opting out was misleading and inaccurate, as poor women were more likely to opt out 

than their middle and upper class counterparts.  This misrepresentation masks the real 

problem of opting out, since it reinforced and glorified the stereotype of women staying 

at home in the private sphere.  Most women who opt out are not like those who are 

idealized in the popular media; they are struggling to survive as they are more likely to 

receive food stamps and welfare income, to be less educated, and to have lower 

household incomes—in short they are forgotten by the media. 

Limitations 

It is important to note, however, that all three of the substantive chapters of my 

dissertation have some limitations.  For example, in Chapter Two, where I discuss the 

PDA, there are two potentially problematic limitations.  First, the data I use in my 

research does not allow me to take into account variation in employer-provided 

temporary disability benefits.  This may be significant because some women in some 

states may have already had temporary disability benefits through their employers before 

the PDA was passed, even though the state in which they lived did not mandate such 

benefits prior to the PDA’s passage. Second, my research focuses solely on the PDA and 

did not consider the effects of subsequent legislation, such as the Family and Medical 

Leave Act.  Considering both of these pieces of legislation together may have provided a 

more comprehensive understanding of the effects of pregnancy discrimination faced by 

women. 

In Chapter Three, where I discuss sexual harassment, a similar state-level problem 

arises.  That is, my research only considers whether or not states had a sexual harassment 

law prior to the Meritor ruling; it does not consider the specific components of these 
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state-level laws.  Consequently, women in some states with anti-sexual harassment laws 

prior to Meritor may have been protected differently than women in other states that also 

had anti-sexual harassment laws prior to Meritor. A second limitation in this chapter 

regards my inability to explain why men’s wages increased in liberal states (but not in 

conservative states) after the passage of Meritor. 

In Chapter Four, where I discuss opting out, the main limitation lies in the nature 

of the CPS dataset.  That is, some of my socioeconomic variables are measured in the 

same year that opting out is also measured.  Ideally, most socioeconomic variables would 

have been measured before respondents opted out.  Additionally, it is unclear why one of 

the socioeconomic status indicators does not align with the other five indicators.  

Specifically, five indicators show clearly that low-SES women are more likely to opt out, 

but being married to a highly educated spouse seems to point in the opposite direction.   

Contributions 

Despite these limitations, all three of my substantive chapters demonstrate the 

continued inequality that many women face in the workplace that still needs to be 

remedied.  Additionally, each chapter takes a step forward in resolving fundamental 

disagreements within the women’s workplace inequality literature.   

Two of these disagreements involve public policy failures.  In Chapters Two and 

Three, my research analyzes the effect of anti-sex discrimination policies on women’s 

workplace equality.  In both chapters, my research supports the position that these 

attempts by the government to reduce women’s inequality are ineffective or 

counterproductive since both pregnancy discrimination and sexual harassment—as well 

as their effects on employment or wages—still happen to women at work even though the 



 180 

PDA and Meritor were intended to eliminate these discriminatory behaviors.  These two 

failures suggest that simply enacting a law or obtaining a favorable Supreme Court ruling 

are not sufficient to change deeply entrenched societal values and norms.   

The third disagreement involves a myth of popular culture.  In Chapter Four, my 

research examines the fundamentally unanswered question of whether high-SES women 

are more or less likely to opt out than low-SES women.  My research shows that low-SES 

women are more likely to opt out than high-SES women, and that the rate of opting out is 

unchanged among low-SES women while it has decreased among high-SES women.  

Consequently, research that focuses on high-SES women opting out should be understood 

to be focusing on an increasingly small minority of women who opt out.  As previously 

explained in Chapter Four, by concentrating attention on high-SES women, popular 

media have deceived the public into believing that women who opt out are expressing 

freedom, when in fact, those who are most likely to opt out—low-SES women—are the 

most constrained of all working women.   

Explaining the Disappointing Outcomes 

As discussed above, the PDA did not affect women’s employment at all.  The 

intent of the PDA was to increase women’s employment through increasing women’s 

workplace retention, maintaining women’s seniority, and guaranteeing appropriate job 

assignments for women.  Clearly, the PDA failed to accomplish its goal.  This failure was 

recognized by Congress, which attempted to fix the shortcomings of the PDA by passing 

the Family and Medical Leave Act (FMLA), which guarantees three months of unpaid 

leave for family-related care-taking and medical concerns.  However, as Chapter Two 

explains, the DID studies on the FMLA do not conclusively verify the FMLA’s 
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effectiveness, either.  It is possible that the PDA and the FLMA were ineffective in part 

because neither one stipulated that all family and medical leaves (including pregnancy) 

would be paid.  The PDA provided limited paid leaves to women whose workplaces 

already provided disability pay, but no pay was provided to working women without 

temporary disability benefits (TDB).  The FMLA improved upon the PDA in the sense 

that some additional women were granted family leave; however, this improvement 

mandated only unpaid leave and not for all workers.   

It is possible that giving partial or full pay may help family leave policies become 

more effective.  Obviously, providing paid leave would increase women’s wages, but it 

may also increase women’s employment.  Receiving paid leave may keep more women 

in the workplace because, as Goodpaster (2010) suggests, unpaid leave allows women to 

simulate life with their children and without a job.  Staying home with their children and 

without pay may prove to some women that they do not need to work and that it is more 

important to stay at home with their children.  It is also possible that not being paid for 

maternity leave might suggest to some women that employers do not care about the 

mothers, thus providing little incentive for these mothers to return to work. On the other 

hand, paid leave does not provide this simulation, which may reduce the risk of these 

women opting out.  However, providing paid leave at the expense of the employer may 

be a disincentive for hiring women of childbearing age in the first place, thereby 

hindering women’s employment.   

My analysis of Meritor is another example of a failed policy meant to help 

women.  Meritor was intended to eliminate sexual harassment in the workplace and 

created specific guidelines to do so, which would allow women greater opportunities to 
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succeed in a discrimination-free environment.  As cited in Chapter Three, women will 

quit their jobs for ones that pay less or exit the labor force altogether in order to avoid 

sexual harassment (Siegel 1995).  Additionally, sexual harassment is used as a tool to 

prevent women from being promoted or positively recognized for their work.  While 

Meritor did increase awareness of sexual harassment in the workplace, it failed to 

increase women’s labor market outcomes.  In large measure, this failure is due to the 

mechanisms Meritor created to eliminate sexual harassment.  First, Meritor required that 

the victim demonstrate that the harassing behavior was not welcomed; in order to do so, 

the victim’s sexual history was typically investigated (i.e., victim blaming).  Second, the 

victim was required to follow the protocol that the company had put in place for reporting 

harassment; since this protocol was typically internal, it often led to retaliation or the 

threat of retaliation either from the harasser or from the employer for being a 

troublemaker. In any case, most victims do not report sexual harassment, suggesting that 

the mandates of Meritor were not followed, thus not eliminating sexual harassment.  This 

undesirable outcome suggests that while Meritor’s intentions may have been good, the 

implementation of its stipulations failed.   

My analysis of opting out shows that the popular media’s representation of 

women who opt out creates a fiction that successful women back away from 

achievements after attaining them; in fact, successful women are opting out less than they 

have in the past.  Unfortunately, this misperception disguises the true nature of the 

women withdrawing from the workplace; it is predominantly poor and working class 

women who are leaving the workplace, not middle and upper class women.  Ultimately, 

this misunderstanding further disadvantages women because it implies that wage and 
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labor force participation gaps are voluntary and therefore need no public or private 

intervention to remedy them.   

 The heart of the problem is that the media pushes and the public accepts the 

choice feminist rhetoric of opting out. In short, choice feminism argues that each woman 

is in charge of her own life, should make her own life choices, and has the freedom to do 

so.  The common examples of middle and upper class women who choose family over 

career serve as evidence of this choice.  Unfortunately, this distorts the work experience 

of the vast majority of working women.  Most women do not have the luxury of the life 

choices experienced by the select group of women featured in the public media’s opting 

out literature.  In fact, most women who opt out do not feel that they have a choice.  

When faced with “a choice” between family needs and unaccommodating employers 

with inflexible work schedules and arbitrary attendance policies, many poor and working 

class women “choose” the only available option—to stay home.  The real story of opting 

out reflects a similar need to that discussed earlier in regard to the PDA.  If poor and 

working class women wish to keep their jobs, some degree of paid leave is needed to 

enable these women to work yet care for their families when it is necessary.   

The Problem of Public Opinion 

The three outcomes of my dissertation could be representative of larger 

underlying public opinions associated with women’s rights.  As mentioned in Chapter 

One, the vast majority of Americans believe that insufficient changes have been made to 

make women equal to men in the workplace (Pew Research 2013 A.), and my 

dissertation provides three supporting examples of how women are not equal.  However, 

evidence from the General Social Survey (2012) and from the Huffington Post (YouGov 
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2014) show that Americans do not believe that women’s equality should be achieved 

through either affirmative action or laws, suggesting a general opposition to any 

sweeping policies designed to help women.  My dissertation suggests that these two 

federal-level policies were ineffective in attaining their goal of helping women; however, 

their lack of success was due to poor design and implementation.  Furthermore, the public 

may be correct that enacting additional policies like laws and affirmative action plans 

may not help women gain equality if policies are not properly designed with an eye to 

how they will be implemented.  

The three events my dissertation examines speak to larger public opinions relating 

to their specific topics.  For example, pregnancy discrimination represents the conflict 

women experience when they have both worker and mother identities.  In the public eye, 

a woman cannot be both, and it seems to be automatically assumed that her identity as a 

mother takes precedence over her identity as a worker (Hebl, King, Glick, Singletary, and 

Kazama 2007). For example, 51 percent of Americans polled by Pew in 2013 said that 

children are better off if their mothers stay at home and do not hold jobs (Wang, Parker, 

and Taylor 2013).  Given this perspective, pregnancy is seen as voluntary, and a female 

worker’s pregnancy is evidence that she has chosen family over employment, mother 

over worker, and the private sphere over the public sphere.  Unless the public views 

pregnancy/motherhood and worker as roles that can and should coexist, then anti-

pregnancy discrimination policies will never be widely supported.   

The PDA boldly defined pregnancy to be a type of disability.  On the one hand, 

this was an attempt to equalize women by equating the temporary condition of 

pregnancy, which may require workplace accommodations, to other temporary physical 
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conditions that may influence the work a person may be able to do.  On the other hand, 

many people believe that pregnancy is not a disability, even though it can occasionally be 

disabling.  The difference between these two perspectives is that a disability is not 

something than an individual chooses, but for many, pregnancy is perceived to be a 

choice.  In fact, the Americans with Disabilities Act (ADA) does not recognize 

pregnancy as a type of disability, even though employers are required to make 

accommodations for pregnant women (Khouri 2013).  Since the ADA does not recognize 

pregnancy as a type of disability, then many may disagree with offering any work-related 

benefits to a woman simply because she is pregnant.    

Similarly, public attitudes about opting out reflect the problem of female workers 

having competing roles as workers and as mothers.  What the popular media fails to 

address in its portrayal of opting out is that employment is built around a male model, 

where workers are expected to forgo family obligations at the whim of the employer.  

However, the popular media also stresses—and therefore the public agrees—that for 

women motherhood and family come first.  For example, almost three-fourths of adults 

believe that when women work, it is more difficult for parents to raise children, and 

around half of adults believe that women working makes it more difficult for marriages to 

be successful (Wang et al. 2013).  In short, Wang et al. (2013:1) conclude “that the public 

still sees mothers and fathers in a different light when it comes to evaluating the best 

work-family balance for children” 

Since many mothers are unable and/or unwilling to sacrifice family obligations in 

favor of their jobs, opting out is the only solution.  Until the public recognizes that jobs 

need to incorporate a more family friendly model, women—especially poor and working 
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class women—will continue to be placed in a position where their two roles cannot be 

reconciled.  In this instance, the popular media has an obligation to accurately portray the 

lives of the real women who face this dilemma every day, which may in turn sway public 

opinion regarding opting out.   

Just as there is a disparity between the public’s perception of female and male 

roles in the workplace, there is also a disagreement between the legal definition of sexual 

harassment and how the public identifies which events actually constitute sexual 

harassment.  The public tends to identify as harassment only very overt and significant 

events, such as requiring sexual favors in exchange for jobs or promotions (i.e., quid pro 

quo). For example, a study by the American Association of University Women (AAUW) 

found that university students largely agree that some acts or behaviors are clearly sexual 

harassment (e.g., over 90 percent felt that both pulling off clothing and physically forcing 

oneself on another was sexual harassment) (Hill and Silva 2005).  Although these 

behaviors are sexual harassment, the legal definition identifies a much broader set of 

behaviors to be sexual harassment.  For example, the legal definition includes sexually 

oriented jokes, sexually graphic material, and sexual innuendo (i.e., hostile work 

environment) as forms of sexual harassment.  However, the same AAUW study found 

that students are less likely to agree that sexual comments and jokes (56 percent) as well 

as mooning/flashing (48 percent) constitute sexual harassment (Hill and Silva 2005).  

This disconnect is significant for two reasons.  First, the victim believes that these more 

subtle forms of harassment, while uncomfortable and unpleasant, are normal parts of the 

workplace, which they have to learn to live with.  Second, in many cases harassers are 

unaware that their behaviors are offensive and illegal.  Once public recognition matches 
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the legal definition of sexual harassment, then the frequency and degree of sexually 

harassing behaviors should decrease.   

A second problem with the public view of sexual harassment pertains to the 

similarity between the public treatment and perception of survivors of rape and victims of 

sexual harassment.  Both rape survivors and sexual harassment victims are commonly 

accused of encouraging the negative behavior and having some degree of culpability.  

Consequently, victims are expected to change their behavior so that harassers are not 

“tempted” to harass them.   Given the public opinion regarding sexual harassment, it is no 

wonder that Meritor maintains the same perspective.  As discussed above, victim blaming 

was an integral part of Meritor’s protocol for addressing and investigating sexual 

harassment cases.  Unless public perception and legal interpretation of what constitutes 

sexual harassment change, some forms of sexual harassment will continue to thrive.    

Then what can be done to help women gain more equality in the workplace and 

help close the gap between men’s and women’s employment rates and wages?  The 

answer, in part, may be related to changing public opinion, which would aid in the 

implementation of policies.  After all, social scientists cannot expect policy changes to be 

effective without public opinion and attitudes changing as well, as policies that reflect 

public opinion are much more easily accepted, while polices that are broadly rejected are 

difficult if not impossible to enforce.  On the other hand, public opinion alone is not 

sufficient to guarantee passage of laws.  For example, the Equal Rights Amendment was 

passed by Congress in 1972. However, despite consistent positive public opinion toward 

this amendment, only 35 of the required 38 states ratified the amendment, which means 

that it did not become a law (Neale 2013).  As discussed earlier, although the public may 
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recognize that groups are unequal, there is no guarantee that policies will be enacted to 

resolve the inequality.  Ultimately, although not all policies designed to increase 

women’s rights and equality are enacted, those that do should be put into effect in 

conjunction with a broad attempt to convince the populace that the policy’s objective is 

worthwhile.     

While changing public opinion will not automatically eliminate all problems 

associated with these three topics, it can go a long way towards accomplishing the goal.  

Any improvement towards aligning public opinion with policies is an improvement over 

the status quo.  In any case, changing public opinion in the direction of equal rights and 

eliminating discrimination is a step in the right direction. 
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APPENDIX A. MODELS FOR WOMEN WITH CHILDREN UNDER AGE 18 

 

Table A. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women with Children under Age 18 in the Household 

from the 1980s to the 2000s 

        Model for 1980s 

    
Model 1 

 
Model 2 

 
Model 3 

    
b 

 
s.e. 

 
b 

 
s.e. 

 
b 

 
s.e. 

General Demographics 
            

 
Race (compared to white) 

            

  
Black 

 
-0.4389* 

 
0.0181 

 
-0.4265* 

 
0.0191 

 
-0.6123* 

 
0.021 

  
Other 

 
0.0071 

 
0.0256 

 
-0.0878* 

 
0.0264 

 
-0.1654* 

 
0.028 

 

Metropolitan Status (compared to 

central city)             

  
Outside central city 

 
-0.103* 

 
0.0137 

 
-0.1102* 

 
0.0141 

 
0.0241 

 
0.015 

  
Not in metro area or unknown status 

 
-0.1843* 

 
0.0134 

 
-0.2057* 

 
0.0138 

 
-0.2343* 

 
0.0147 

 

U.S. Census State Divisions (compared 

to New England)             

  
Middle Atlantic 

 
0.4985* 

 
0.0218 

 
0.4739* 

 
0.0224 

 
0.4670* 

 
0.0235 

  
East North Central 

 
0.1626* 

 
0.0217 

 
0.1383* 

 
0.0222 

 
0.1157* 

 
0.0232 

  
West North Central 

 
-0.2706* 

 
0.0242 

 
-0.3335* 

 
0.0247 

 
-0.3402* 

 
0.0258 

  
South Atlantic 

 
-0.0102 

 
0.0219 

 
0.0226 

 
0.0224 

 
0.0303 

 
0.0235 

  
East South Central 

 
0.195* 

 
0.0271 

 
0.2071* 

 
0.0278 

 
0.1086* 

 
0.0293 

  
West South Central 

 
0.0815* 

 
0.0233 

 
0.0236 

 
0.0239 

 
-0.0582* 

 
0.0253 

  
Mountain 

 
0.0015 

 
0.0229 

 
-0.0764* 

 
0.0235 

 
-0.0759* 

 
0.0246 

  
Pacific 

 
0.0704* 

 
0.0221 

 
0.0237 

 
0.0226 

 
0.0407 

 
0.0237 

 

Renting dwelling (compared to owned 

or being bought)  
0.2117* 

 
0.0111 

 
0.3101* 

 
0.0119 

 
-0.1534* 

 
0.0134 
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Table A, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women with Children under Age 18 in the 

Household from the 1980s to the 2000s 

 
Age 

 
0.0068* 

 
0.0027 

 
0.0369* 

 
0.0028 

 
0.0531* 

 
0.0024 

               
Family Demographics 

            

 

Marital Status (compared to married to a spouse with some 

college or more)           

  

Married to a spouse with a high school 

degree or less      
0.1883* 

 
0.0114 

 
-0.3307* 

 
0.0134 

  
Not married 

     
-0.3132* 

 
0.0167 

 
-1.9440* 

 
0.0244 

 
Number of Children in Household 

     
0.2555* 

 
0.0047 

 
0.1580* 

 
0.0051 

 
Age of Youngest Child in Household 

     
-0.0879* 

 
0.0015 

 
-0.0935* 

 
0.0016 

 

Not in a Primary Family Household (compared to being in a primary 

family household)  
0.2508* 

 
0.0281 

 
0.6767* 

 
0.0316 

        
       Socioeconomic Status 

            

 
Household Income 

         
-0.5251* 

 
0.011 

 

Education (compared to having less 

than a high school degree)             

  
High school degree 

         
-0.4877* 

 
0.0141 

  

Some college to an undergraduate 

degree          
-0.8219* 

 
0.0178 

  
Graduate degree 

         
-1.4285* 

 
0.0329 

 

Above the Poverty Line (compared to 

below the poverty line)          
-0.5127* 

 
0.023 

 

Receive Welfare Income (compared to 

not receive welfare income)          
1.3727* 

 
0.0282 

 

Food Stamp Recipiency (compared to 

no food stamp recipiency)          
0.0624* 

 
0.0224 

               

 
Constant 

 
-1.0949* 

 
0.1435 

 
  -2.1184* 

 
0.1446 

 
4.0387* 

 
0.1351 
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Table A, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women with Children under Age 18 in the 

Household from the 1980s to the 2000s 

Log Likelihood   -126887.98   -121447.06   -111729.19 

Likelihood Ratio Statistic, d.f. 
 

2978.17, 14   
 

  12575.16, 19   
 

25002.57, 26   

LR test v. Linear Regression X2, p-value 
 

2077.88, p<0.000 
 

2141.08, p<0.000 
 

376.51, p<0.000 

BIC 
 

253984.5 
 

243164 
 

223814.2 

AIC 
  

253810 
 

242938.1 
 

223516.4 

Tjur R2 
 

0.0246 
 

0.0744 
 

0.1598 

N 
  

213,053 
 

213,053 
 

213,053 

               

        Model for 1990s 

    
Model 4 

 
Model 5 

 
Model 6 

    
b 

 
s.e. 

 
b 

 
s.e. 

 
b 

 
s.e. 

General Demographics 
            

 
Race (compared to white) 

            

  
Black 

 
-0.4752* 

 
0.0204 

 
-0.4269* 

 
0.0215 

 
-0.5785* 

 
0.024 

  
Other 

 
0.077* 

 
0.0246 

 
0.0446 

 
0.0254 

 
-0.0012 

 
0.027 

 

Metropolitan Status (compared to 

central city)             

  
Outside central city 

 
-0.2175* 

 
0.0149 

 
-0.2262* 

 
0.0154 

 
-0.0628* 

 
0.0166 

  
Not in metro area or unknown status 

 
-0.3667* 

 
0.0154 

 
-0.3609* 

 
0.0159 

 
-0.3617* 

 
0.0173 

 

U.S. Census State Divisions (compared 

to New England)             

  
Middle Atlantic 

 
0.4954* 

 
0.0262 

 
0.4656* 

 
0.0267 

 
0.4505* 

 
0.0283 

  
East North Central 

 
0.1627* 

 
0.0268 

 
0.1404* 

 
0.0274 

 
0.0862* 

 
0.0288 

  
West North Central 

 
-0.3993* 

 
0.0322 

 
-0.4611* 

 
0.0329 

 
-0.4995* 

 
0.0345 

  
South Atlantic 

 
0.0972* 

 
0.0268 

 
0.1250* 

 
0.0274 

 
0.0827* 

 
0.0289 
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Table A, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women with Children under Age 18 in the 

Household from the 1980s to the 2000s 

  
East South Central 

 
0.202* 

 
0.0342 

 
0.2575* 

 
0.0349 

 
0.1294* 

 
0.0371 

  
West South Central 

 
0.2572* 

 
0.0282 

 
0.2329* 

 
0.0289 

 
0.0852* 

 
0.0308 

  
Mountain 

 
0.0735* 

 
0.0283 

 
-0.0173 

 
0.029 

 
-0.1066* 

 
0.0306 

  
Pacific 

 
0.3465* 

 
0.0265 

 
0.2368* 

 
0.0272 

 
0.1495* 

 
0.0289 

 

Renting dwelling (compared to owned 

or being bought)  
0.3767* 

 
0.0125 

 
0.4827* 

 
0.0136 

 
-0.0531* 

 
0.0155 

 
Age 

 
0.0025 

 
0.0035 

 
0.0257* 

 
0.0034 

 
0.0445* 

 
0.0022 

               
Family Demographics 

            

 

Marital Status (compared to married to a spouse with some 

college or more)           

  

Married to a spouse with a high school 

degree or less      
0.1807* 

 
0.0136 

 
-0.4392* 

 
0.0161 

  
Not married 

     
-0.3425* 

 
0.0184 

 
-1.9983* 

 
0.0266 

 
Number of Children in Household 

     
0.3286* 

 
0.0057 

 
0.1961* 

 
0.0062 

 
Age of Youngest Child in Household 

     
-0.0788* 

 
0.0017 

 
-0.0886* 

 
0.0018 

 

Not in a Primary Family Household (compared to being in a primary 

family household)  
0.3790* 

 
0.0261 

 
0.8720* 

 
0.0295 

        
       Socioeconomic Status 

            

 
Household Income 

         
-0.5612* 

 
0.012 

 

Education (compared to having less 

than a high school degree)             

  
High school degree 

         
-0.5565* 

 
0.0178 

  

Some college to an undergraduate 

degree          
-0.9411* 

 
0.0204 

  
Graduate degree 

         
-1.4334* 

 
0.0379 

 

Above the Poverty Line (compared to 

below the poverty line)          
-0.5943* 

 
0.025 
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Table A, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women with Children under Age 18 in the 

Household from the 1980s to the 2000s 

 

Receive Welfare Income (compared to 

not receive welfare income)          
1.2654* 

 
0.0297 

 

Food Stamp Recipiency (compared to 

no food stamp recipiency)          
0.0703* 

 
0.0253 

               

Constant 
 

-1.3523* 
 

0.1621 
 

-2.3592* 
 

0.1599 
 

4.8291* 
 

0.1329 

Log Likelihood   -96208.17   -91736.739   -82781.142 

Likelihood Ratio Statistic, d.f. 
 

4100.25, 14   
 

11863.16, 19   
 

  23273.45, 26   

LR test v. Linear Regression X2, p-value 
 

643.82, p<0.000 
 

930.23, p<0.000 
 

150.29, p<0.000 

BIC 
  

192622.5 
 

183740.3 
 

165913.9 

AIC 
  

192450.3 
 

183517.5 
 

165620.3 

Tjur R2 
 

0.0337 
 

0.0836 
 

0.1833 

N 
  

184,627 
 

184,627 
 

184,627 

               

        Model for 2000s 

    
Model 7 

 
Model 8 

 
Model 9 

    
b 

 
s.e. 

 
b 

 
s.e. 

 
b 

 
s.e. 

General Demographics 
            

 
Race (compared to white) 

            

  
Black 

 
-0.8988* 

 
0.0203 

 
-0.6433* 

 
0.0212 

 
-0.7479* 

 
0.0224 

  
Other 

 
0.0289 

 
0.0181 

 
-0.0004 

 
0.0188 

 
0.0045 

 
0.0196 

 

Metropolitan Status (compared to 

central city)             

  
Outside central city 

 
-0.0438* 

 
0.0128 

 
-0.0663* 

 
0.0133 

 
0.0382* 

 
0.014 

  
Not in metro area or unknown status 

 
-0.3556* 

 
0.0135 

 
-0.3362* 

 
0.014 

 
-0.3477* 

 
0.0148 
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Table A, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women with Children under Age 18 in the 

Household from the 1980s to the 2000s 

 

U.S. Census State Divisions (compared 

to New England)             

  
Middle Atlantic 

 
0.3477* 

 
0.0219 

 
0.2972* 

 
0.0225 

 
0.2582* 

 
0.0233 

  
East North Central 

 
0.1362* 

 
0.0213 

 
0.1176* 

 
0.0219 

 
0.0353 

 
0.0226 

  
West North Central 

 
-0.2846* 

 
0.0234 

 
-0.3446* 

 
0.024 

 
-0.4252* 

 
0.0248 

  
South Atlantic 

 
0.2763* 

 
0.0204 

 
0.2862* 

 
0.021 

 
0.2094* 

 
0.0217 

  
East South Central 

 
0.2415* 

 
0.0276 

 
0.2890* 

 
0.0284 

 
0.1652* 

 
0.0294 

  
West South Central 

 
0.4168* 

 
0.0224 

 
0.3944* 

 
0.0232 

 
0.1879* 

 
0.0242 

  
Mountain 

 
0.2882* 

 
0.0211 

 
0.2154* 

 
0.0219 

 
0.0833* 

 
0.0227 

  
Pacific 

 
0.3754* 

 
0.0204 

 
0.2861* 

 
0.0211 

 
0.1610* 

 
0.0219 

 

Renting dwelling (compared to owned 

or being bought)  
0.1742* 

 
0.0113 

 
0.4639* 

 
0.0124 

 
0.0186 

 
0.0137 

 
Age 

 
-0.0120* 

 
0.0027 

 
0.0112* 

 
0.0027 

 
0.0245* 

 
0.0027 

               
Family Demographics 

            

 

Marital Status (compared to married to a spouse with some 

college or more)           

  

Married to a spouse with a high school 

degree or less      
0.0690* 

 
0.0113 

 
-0.5183* 

 
0.0135 

  
Not married 

     
-1.1431* 

 
0.0173 

 
-2.2874* 

 
0.0222 

 
Number of Children in Household 

     
0.2860* 

 
0.0049 

 
0.1930* 

 
0.0052 

 
Age of Youngest Child in Household 

     
-0.0837* 

 
0.0014 

 
-0.0936* 

 
0.0015 

 

Not in a Primary Family Household (compared to being in a primary 

family household)  
0.4108* 

 
0.0235 

 
0.7092* 

 
0.0252 

        
       Socioeconomic Status 

            

 
Household Income 

         
-0.4727* 

 
0.0091 
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Table A, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women with Children under Age 18 in the 

Household from the 1980s to the 2000s 

 

Education (compared to having less 

than a high school degree)             

  
High school degree 

         
-0.5351* 

 
0.0168 

  

Some college to an undergraduate 

degree          
-0.9089* 

 
0.0179 

  
Graduate degree 

         
-1.2618* 

 
0.0269 

 

Above the Poverty Line (compared to 

below the poverty line)          
-0.9197* 

 
0.0225 

 

Receive Welfare Income (compared to 

not receive welfare income)          
0.7224* 

 
0.0339 

 

Food Stamp Recipiency (compared to 

no food stamp recipiency)          
-0.2081* 

 
0.0235 

               

 
Constant 

 
-0.9743* 

 
0.1171 

 
-1.7461* 

 
0.1215 

 
5.2765* 

 
0.1486 

Log Likelihood   -136182.71   -127384.03   -118908.46 

Likelihood Ratio Statistic, d.f. 
 

 5063.29, 14   
 

  19269.42, 19   
 

28769.01, 26  

LR test v. Linear Regression X2, p-value 
 

271.51, p<0.000 
 

762.54, p<0.000 
 

802.19, p<0.000 

BIC 
  

272578.6 
 

255044 
 

238180.6 

AIC 
  

272399.4 
 

254812.1 
 

237874.9 

Tjur R2 
 

0.0274 
 

0.0914 
 

0.1554 

N     279,566   279,566   279,566 

* p<0.05, two-tailed test; w p<0.05, model as a whole 
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APPENDIX B. MODELS FOR WOMEN WITHOUT CHILDREN 

 
Table B. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women without Children of Any Age in the 

Household from the 1980s to the 2000s 

        Model for 1980s 

    Model 10  Model 11  Model 12 

    b  s.e.  b  s.e.  b  s.e. 

General Demographics             

 Race (compared to white)             

  Black  0.0851*  0.0266  0.2745*  0.0277  -0.2898*  0.0312 

  Other  0.3205*  0.0433  0.3592*  0.0443  0.2299*  0.0478 

 

Metropolitan Status (compared to central 

city)  

           

  Outside central city  0.0576*  0.0195  -0.0149  0.0200  0.0175  0.0213 

  Not in metro area or unknown status  0.1494*  0.0188  0.033  0.0193  -0.1252*  0.0207 

 

U.S. Census State Divisions (compared 

to New England)  

           

  Middle Atlantic  0.5212*  0.0326  0.5085*  0.0334  0.4794*  0.0355 

  East North Central  0.3968*  0.0326  0.3445*  0.0334  0.2816*  0.0354 

  West North Central  0.1856*  0.0352  0.0969*  0.0360  0.0521  0.0381 

  South Atlantic  0.4508*  0.0316  0.4107*  0.0323  0.3562*  0.0343 

  East South Central  0.6902*  0.0386  0.6031*  0.0395  0.3871*  0.0420 

  West South Central  0.6326*  0.0345  0.5644*  0.0353  0.4001*  0.0375 

  Mountain  0.2964*  0.0348  0.257*  0.0356  0.2258*  0.0376 

  Pacific  0.3733*  0.0335  0.3579*  0.0343  0.3863*  0.0363 

 

Renting dwelling (compared to owned or 

being bought)  

-0.1391*  0.0172  0.1204*  0.0183  -0.2625*  0.0204 

 Age  0.0811*  0.0018  0.0854*  0.0019  0.0835*  0.0021 

               

Family Demographics             

 Marital Status (compared to married to a 

spouse with some college or more) 
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Table B, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women without Children of Any 

Age in the Household from the 1980s to the 2000s 

  Married to a spouse with a high 

school degree or less  

     0.3050*  0.0179  -0.3165*  0.0207 

  Not married      -0.8417*  0.0264  -1.6454*  0.0302 

 Not in a Primary Family Household 

(compared to being in a primary family 

household) 

     -0.3027*  0.0264  -0.6314*  0.0297 

               

Socioeconomic Status             

 Household Income          -0.3630*  0.0121 

 Education (compared to having less than 

a high school degree) 

            

  High school degree          -0.5575*  0.0181 

  Some college to an undergraduate 

degree 

         -1.0775*  0.0246 

  Graduate degree          -1.8984*  0.0531 

 Above the Poverty Line (compared to 

below the poverty line) 

         -1.1228*  0.0331 

 Receive Welfare Income (compared to 

not receive welfare income) 

         2.6652*  0.0521 

 Food Stamp Recipiency (compared to no 

food stamp recipiency) 

         0.4459*  0.0395 

               

 Constant  -5.7468*  0.1131  -5.5789*  0.1588  0.3765*  0.1864 

Log Likelihood   -69280.43   -66189.561   -58595.75 

Likelihood Ratio Statistic, d.f.  2694.34, 14      7847.54, 17     17552.69, 24   

LR test v. Linear Regression X2, p-value  559.46, p<0.000  722.16, p<0.000  216.80, p<0.000 

BIC  138768.40  132623.30  117521.10 

AIC   138594.90  132419.10  117245.50 

Tjur R2  0.1689  0.2085  0.2893 

N    200,252  200,252  200,252 
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Table B, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women without Children of Any 

Age in the Household from the 1980s to the 2000s 

        Model for 1990s 

    Model 13  Model 14  Model 15 

    b  s.e.  b  s.e.  b  s.e. 

General Demographics             

 Race (compared to white)             

  Black  -0.10238*  0.0325  0.0386  0.0333  -0.3171*  0.0374 

  Other  0.3477*  0.0394  0.3564*  0.0400  0.3145*  0.0432 

 

Metropolitan Status (compared to central 

city)             

  Outside central city  -0.0345  0.0231  -0.106*  0.0235  -0.0483  0.0254 

  Not in metro area or unknown status  0.1238*  0.0228  -0.0019  0.0234  -0.1458*  0.0253 

 

U.S. Census State Divisions (compared 

to New England)             

  Middle Atlantic  0.591*  0.0415  0.562*  0.0421  0.5098*  0.0447 

  East North Central  0.4817*  0.0418  0.4214*  0.0424  0.3065*  0.0449 

  West North Central  0.0102  0.0478  -0.0591  0.0484  -0.1322*  0.0510 

  South Atlantic  0.5692*  0.0405  0.5184*  0.0410  0.4165*  0.0436 

  East South Central  0.8056*  0.0494  0.7146*  0.0501  0.4791*  0.0536 

  West South Central  0.8711*  0.0434  0.8016*  0.0440  0.5380*  0.0470 

  Mountain  0.3849*  0.0445  0.3481*  0.0451  0.1942*  0.0479 

  Pacific  0.657*  0.0424  0.639*  0.0430  0.5552*  0.0456 

 

Renting dwelling (compared to owned or 

being bought)  
0.0599* 

 0.0199  
0.2815* 

 0.0214  
-0.2135*  

0.0243 

 Age  0.0832*  0.0023  0.0803*  0.0023  0.0755*  0.0025 

               

Family Demographics             

 Marital Status (compared to married to a 

spouse with some college or more) 

 

        
  

 

  Married to a spouse with a high 

school degree or less  

 
 

   
0.4480* 

 0.0207  
-0.2594* 

 0.0240 
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Table B, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women without Children of Any 

Age in the Household from the 1980s to the 2000s 

  Not married      -0.7038*  0.0306  -1.5799*  0.0350 

 Not in a Primary Family Household 

(compared to being in a primary family 

household) 

 

 

   

-0.2635* 

 

0.0304 

 

-0.5402* 

 

0.0336 

               

Socioeconomic Status             

 Household Income          -0.3017*  0.0134 

 Education (compared to having less than 

a high school degree) 

 

           

  High school degree          -0.6684*  0.0234 

  Some college to an undergraduate 

degree 

 
 

   
 

   
-1.3643* 

 0.0280 

  Graduate degree          -1.9969*  0.0597 

 Above the Poverty Line (compared to 

below the poverty line) 

 
 

   
 

   
-1.7009* 

 0.0362 

 Receive Welfare Income (compared to 

not receive welfare income) 

 
 

   
 

   
1.7956* 

 0.0598 

 Food Stamp Recipiency (compared to no 

food stamp recipiency) 

 
 

   
 

   
0.2939* 

 0.0446 

               

Constant  -6.2823*  0.2142  -5.8668*  0.2477  0.7031*  0.2678 

Log Likelihood   -51445.24   -49515.689   -42735.776 

Likelihood Ratio Statistic, d.f.  2216.64, 14    5651.92, 17      14590.05, 24   

LR test v. Linear Regression X2, p-value  1080.68, p<0.000  1144.90,  p<0.000  493.57, p<0.000 

BIC   103095.90  99273.09  85797.87 

AIC   102924.50  99071.38  85525.55 

Tjur R2  0.0762  0.1058  0.2040 

N    177,321  177,321  177,321 

               

        Model for 2000s 

    Model 16  Model 17  Model 18 
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Table B, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women without Children of Any 

Age in the Household from the 1980s to the 2000s 

    b  s.e.  b  s.e.  b  s.e. 

General Demographics             

 Race (compared to white)             

  Black  -0.3474*  0.0282  -0.2068*  0.0287  -0.3952*  0.0313 

  Other  0.3001*  0.0270  0.2979*  0.0273  0.3307*  0.0292 

 

Metropolitan Status (compared to central 

city)             

  Outside central city  0.062*  0.0213  0.0043  0.0216  0.0148  0.0232 

  Not in metro area or unknown status  0.0804*  0.0219  -0.026  0.0223  -0.2025*  0.0239 

 

U.S. Census State Divisions (compared 

to New England)             

  Middle Atlantic  0.556*  0.0410  0.5185*  0.0414  0.4770*  0.0436 

  East North Central  0.517*  0.0399  0.4783*  0.0402  0.3699*  0.0422 

  West North Central  0.0037  0.0439  -0.0382  0.0442  -0.1206*  0.0462 

  South Atlantic  0.6721*  0.0371  0.6287*  0.0374  0.5675*  0.0393 

  East South Central  0.9031*  0.0460  0.818*  0.0465  0.6464*  0.0492 

  West South Central  0.9854*  0.0400  0.9033*  0.0404  0.6672*  0.0428 

  Mountain  0.6060*  0.0394  0.5756*  0.0397  0.4343*  0.0418 

  Pacific  0.6089*  0.0385  0.6042*  0.0387  0.5239*  0.0408 

 

Renting dwelling (compared to owned or 

being bought)  
0.2175* 

 0.0186  
0.4243* 

 0.0199  
-0.051* 

 0.0224 

 Age  0.0388*  0.0027  0.0328*  0.0026  0.0351*  0.0025 

               

Family Demographics             

 Marital Status (compared to married to a 

spouse with some college or more) 

 

           

  Married to a spouse with a high 

school degree or less  

 
 

   
0.3774* 

 0.0207  
-0.2975* 

 0.0236 

  Not married      -0.7524*  0.0271  -1.5347*  0.0309 
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 Table B, Continued. Nested Two-Way Crossed Random Effects Models Predicting Opting Out for Women without Children of Any 

Age in the Household from the 1980s to the 2000s 

 Not in a Primary Family Household 

(compared to being in a primary family 

household) 

 

 

   

-0.2687* 

 0.0260  

-0.6347* 

 0.0290 

               

Socioeconomic Status             

 Household Income          -0.1996*  0.0110 

 Education (compared to having less than 

a high school degree) 

 

           

  High school degree          -0.6761*  0.0239 

  Some college to an undergraduate 

degree 

 
 

   
 

   
-1.4380* 

 0.0259 

  Graduate degree          -2.1081*  0.0512 

 Above the Poverty Line (compared to 

below the poverty line) 

 
 

   
 

   
-2.2176* 

 0.0317 

 Receive Welfare Income (compared to 

not receive welfare income) 

 
 

   
 

   
1.0377* 

 0.0749 

 Food Stamp Recipiency (compared to no 

food stamp recipiency) 

 
 

   
 

   
0.0699 

 0.0414 

               

 Constant  -4.7099*  0.1367  -4.0873*  0.1559  1.8326*  0.2008 

Log Likelihood   -58769.12   -56812.86   -48841.96 

Likelihood Ratio Statistic, d.f.   1686.88, 14    5374.10, 17    16648.42, 24  

LR test v. Linear Regression X2, p-value  86.15, p<0.000  167.15, p<0.000  161.05, p<0.000 

BIC   117747.60  113872.00  98016.35 

AIC   117572.20  113665.70  97737.93 

Tjur R2  0.0150  0.0361  0.1348 

N       222,391   222,391   222,391 

* p<0.05, two-tailed test;  p<0.05, model as a whole 

 


