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ABSTRACT 

 

  Although women obtain degrees in the fields of Science, Technology, Engineering, and 

Mathematics (STEM) at lower rates than their male counterparts, this difference does not alone 

account for the similarly large disparity of men and women working in STEM jobs. Using data 

from the American Community Survey for 2015, I run a survey of models, including linear and 

logistic regressions as well as propensity matching, to investigate the extent to which women are 

underrepresented, even after accounting for education. The results show that for women, the 

benefit of a STEM degree on STEM job placement rates is significantly lower than it is for their 

male counterparts; in some estimates, the effect is halved. The models diverge somewhat on the 

extent to which this is correlated with a lower baseline of women without STEM degrees 

working STEM jobs (compared to similar men), but all provide grounds to reject the notion that 

workforce disparity is attributable solely or even primarily to education. 
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INTRODUCTION 

 

Despite a long-term trend of increasing participation of women in the U.S. workforce, 

there remain several sectors in which progress toward gender-equal participation has been slow, 

or has even receded. In recent years, this has been especially conspicuous in the often lucrative 

fields of STEM (Science, Technology, Engineering, and Mathematics) jobs, from physical 

science researchers to software developers at major technology companies. (See Figure 1.) 

Several of these major technology companies, including Facebook, Microsoft, and Google, have 

publicly published reports on their workplace diversity that show that while more women are 

working in each company than in years past, global employment of women in technical positions 

is often under 20 percent ((Facebook, 2015), (Apple, 2015), (Google, 2015), (Microsoft, 2015)). 

 

Figure 1: Chart Showing Distribution of Occupations within American Community Survey 

Responses. Larger circles denote more respondents in the given occupation. 
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These companies and others have attributed a significant amount of this shortage to what 

is referred to as the “pipeline problem”, i.e. that relatively few women are hired because 

relatively few women are qualified candidates for the positions, having failed to complete some 

specialized prerequisite for the job. For example, as recently as 2014, only 18 percent of 

Bachelor degrees in Computer and Information Science awarded in the United States went to 

female graduates (NCES 2015). The thinking is that these companies are (at least mostly) 

blameless for wide discrepancy; they would gladly hire more women, if only more women 

stayed in the STEM educational track all the way through to completion, rather than switching to 

other fields of study. 

I hypothesize that the pipeline problem is a real and statistically significant phenomenon 

limiting the number of women working in STEM jobs, not just commercial computer science, 

but across the entire sector. However, I expect that the magnitude of that effect is relatively 

small, such that the size of the pool of qualified female workers affects their STEM workforce 

participation less than other policy and cultural factors.  

To test this, I use a series of quantitative models to estimate the correlation between 

holding a STEM degree and working in a STEM job, while accounting for any differences in this 

correlation that may be attributable to gender.a A small or statistically insignificant correlation 

for women would strongly indicate that factors beyond education are overwhelmingly 

responsible for their decreased STEM workforce participation rate. Such a conclusion would 

imply efforts to increase female attainment of STEM undergraduate degrees would not be 

                                                 
a As there is some debate over which fields should or shouldn’t be considered STEM—especially in the social 
sciences—I rely on a single standard as defined by the U.S. Census Bureau. 
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enough on their own to ensure gender parity,b no matter how aggressive or successful those 

efforts were. Instead, education outreach and reform policies must be paired with hiring and 

retention policies, as well as more nebulous cultural adjustments in and out of the workplace. 

Policymakers considering potential government interventions to promote gender parity would 

then have to consider if spending on programs promoting educational attainment are sufficient 

(assuming they are effective in their stated goals), or if it is necessary to enforce quotas or some 

stronger manner of anti-discriminatory legal mechanism in the hiring process. Policymakers also 

may wish to consider whether other labor policies that affect female workforce participation, 

such as mandatory maternity leave, have a larger or smaller effect on STEM jobs than the 

workforce at large.  

In the next section, I provide an overview of the research already done surrounding the 

participation of women in the STEM workforce, both descriptively (as background for the scope 

of the problem) and mechanically (to identify possible causal explanations). Following that, I 

outline the theoretical model for determining how critical a STEM degree is or isn’t for women 

seeking a job in the STEM workforce, and how to assess the extent to which that criticality 

differs between men and women. After that, I describe the source of the data used in the analysis, 

including the encoding of its variables into the variables used in the empirical model. Next, I 

highlight the empirical version of the model, using the enumerated control variables as described 

in the data section. Finally, I conclude by discussing the expected results from the analysis 

                                                 
b For the purposes of this paper, the terms “sex” and “gender” are conflated and used almost interchangeably, 
despite their acknowledged difference. As is discussed in later sections, the data underlying this analysis do not 
measure gender per se, and therefore do not support any analysis of gender issues or alignment beyond self-
reported biological sex. 
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performed by the empirical model, including some details on the potential policymaking 

implications of those findings. 
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BACKGROUND AND LITERATURE REVIEW 

 

As an area of industry and political interest, the gap of women in STEM has been the 

focus of significant analysis from three primary sources: The first group producing research on 

the topic consists of government agencies like the National Science Foundation (NSF) and the 

Bureau of Labor Statistics (BLS), who author detailed descriptive reports of the phenomenon, 

providing many variables and trend lines over time. These analyses use large sets of data to show 

the widespread scope and impact of women being underrepresented in STEM, including in the 

labor market. The NSF, in particular, has covered the employment and educational attainment 

gaps extensively in their National Science Board’s (NSB) report Science and Engineering 

Indicators 2016 which includes, among other things, Figures 2 and 3 below, illustrating the 

discrepancy in female employment within STEM sub-fields, and the disproportionately high 

number of female STEM degree holders not in the workforce during prime family-raising years 

(NSB 2016). 
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Figure 2: Discrepancies in Women Working in Science and Engineering (S&E) Fields. 

Note: National estimates were not available from the Scientists and Engineers Statistical Data 

System (SESTAT in 2001). Graph source: Science and Engineering Indicators 2016. Data 

source: National Science Foundation, National Center for Science and Engineering Statistics, 

SESTAT (1993-2013), http://sestat.nsf.gov 

 

 

In addition to the NSF, the Census Bureau has also published extensive descriptive 

summaries of data from their own surveys: the decennial Census and the annual American 

Community Survey (ACS). As discussed in the Data and Descriptive Statistics section below, I 

use ACS data from the year 2015 as the main source of analysis for the findings of this report, 

but Census Bureau reports from previous years provide an excellent breakdown of the many 

dimensions of representation in STEM. Interested readers who are not familiar with the extent 

and impact of disparities in STEM are encouraged to read 2013’s Disparities in STEM 
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Employment by Sex, Race, and Hispanic Origin (Landivar 2013), which discusses in rigorous but 

concise detail both historical trends and variation between STEM disciplines across various 

underrepresented groups. 

 

 

Figure 3: Highest Degree Holders in S&E not in the Labor Force, by Sex and Age: 2013.  

Note: Not in the labor force includes those neither working nor looking for work in the 4 weeks 

prior to February 2013. Graph source: Science and Engineering Indicators 2016. Data source: 

National Science Foundation, National Center for Science and Engineering Statistics, Scientists 

and Engineers Statistical Data System (SESTAT) (2013), http://sestat.nsf.gov 

 

 

The second group of research comes from the science and technology industries, 

including commercial business and trade groups. Major technology companies regularly publish 

reports on the diversity profile of their workforces, including gender representation ((Facebook, 

2015), (Apple, 2015), (Google, 2015), (Microsoft, 2015)). These reports tend to show 
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employment of women in technical roles at around 20 percent or less. Perhaps unsurprisingly, 

they also tend to focus less on the companies’ hiring decisions as on other pipeline problems, 

including programs to promote STEM enthusiasm for students and workplace culture within 

each company. 

The third major source is academia, which has produced both theoretical and analytical 

explanatory models. While these models are much more thorough in attempting to establish 

causality, they are generally narrower in scope and not focused on the same question I am 

discussing here; most either looking at the factors women and girls consider when choosing to 

study STEM, or else looking at economic models of STEM jobs within the workforce at large. 

From these three sources, a body of literature emerges that suggests both explicit and 

implicit causes of the gap of women in the STEM workforce, far beyond a simple absence of 

female STEM degree recipients. These analyses, and their policy implications, are grouped into 

three sections below: 

 

A. Dispelling the Notion of a Natural Aptitude Gap Between Boys and Girls in Math 
and Science 
 

The long-held and destructive view that girls are inherently inferior at math and science 

has persisted as folk wisdom much further into recency than may be expected. Differences in 

standardized test scores between school-aged children were conspicuously large as recently as 

the 1970’s, though changes in the educational environment have shrunk the gap continuously 

since 1973 (National Center for Education, 2013). 

(Spelke, 2005) investigated three such biological/cognitive development claims that 

attempted to explain this gap as innate: First, that male infants are more object-focused, and 
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therefore can learn more about mechanical systems. Second, that males have greater spatial and 

numerical abilities, and therefore thrive in mathematics. Third, that males have more variety in 

their cognitive abilities, which helps them thrive in the uncharted territories of advanced 

mathematics. Spelke’s research found no basis of support for any of these claims, instead 

suggesting that factors of cognitive development critical to math and science competency were 

shared across both genders. 

Still, the persistence of this belief in innate differences, even if it is unlikely true, may 

itself contribute to inequality. (Leslie, Cimpian, Meyer, & Freeland, 2015) have produced some 

evidence that women are underrepresented in fields whose practitioners believe that innate talent 

is required for success; when women or other stereotyped groups are believed to possess less of 

such talent, they do not thrive in those fields, regardless of the reality of their natural ability. 

Worse still, women may internalize these expectations, leading to a decrease in 

performance known as “stereotype threat.” (Dar-Nimrod & Heine, 2006) found that women 

performed worse on math tests if they first read articles about genetic causes of sex differences, 

unlike those who read articles on experiential causes. This suggests that stereotype threat 

manifests as women somehow conforming to the expectation that they are naturally inferior in 

mathematical ability, even when that belief proves unfounded. 

It seems unlikely that policy interventions could be particularly based on these 

frameworks, other than to reject the premise that women and men will be naturally unequally 

predisposed to STEM careers. Internalized attitudes aside (and discussed below), policies should 

target equal gender parity as the natural balance point for the STEM workforce. 
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B. Women Face Implicit Bias in Hiring Decisions Across the Workforce 
 

 After accounting for the very real problem of women dropping out of the STEM 

“pipeline” before they finish their education, there still remains the problem that is the focus of 

this paper: Namely, that even fully qualified women face additional barriers to entering the 

STEM workforce that causes them to take STEM jobs at a lower rate than their equally-educated, 

equally-qualified male counterparts. 

 (Hess, 2013) suggests that interviewers will actually have a more negative response to 

women interviewing for “masculine” jobs if the interviewer has more experience interviewing. 

Nonverbal behaviors associated with negativity were observed more frequently with these 

experienced interviewers when they met with women seeking jobs that are traditionally male-

dominated. These nonverbal cues may reflect a lower innate willingness of the interviewer to 

suggest the female applicants, and also may cause female candidates to underperform in the 

same interviews, even if no discriminatory stance is stated. 

 (Reuben, Sapienza, & Zingales, 2014) also evaluated this phenomenon specifically 

within the context of science and mathematics jobs. In an experiment in which hiring decisions 

for a mathematical task were determined purely on applicant’s appearance (from which gender 

could be determined), men were twice as likely to be hired as women, regardless if the hirer was 

male or female. In addition, if candidates self-reported information on their ability, employers 

would again favor men and fail to account for men boasting about their ability more than 

women. 

 (Isaac et. al, 2009) evaluated several interventions to potentially reduce the bias in 

perception of women applying for traditionally male-dominated jobs. Their evaluation found that 
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clear evidence of job-related competencies, a commitment to valuing credentials before the start 

of the interview process, and a critical mass of at least 25 percent women in the applicant pool all 

worked to reduce or eliminate bias against women. 

 These analyses suggest that there remains a bias against hiring women into STEM jobs 

that exists despite a prohibition on explicit discrimination. It is not clear the extent to which this 

bias affects STEM positions more or less than other male-dominated professions. It is possible 

that policies may encourage employer and interviewer behavior to adopt bias-reducing practices, 

which could reduce the gap of qualified female candidates being selected for STEM job 

openings. 

 

C. Girls and Women Face Cultural Attitudes That Encourage Attrition, Including a 
Lack of Role Models in the Field 
 

 This final category of explanatory theories is critical and far-reaching in that it can affect 

girls and women at every phase of life and every section of the STEM pipeline, from early 

education, to college degree decisions, to career choice, to aspirations for senior leadership 

positions. Unfortunately, it is also the most nebulous and difficult to precisely determine or 

measure, and therefore the hardest to design policy interventions against.  

 (Diekman et al., 2010) identified an absence of perceived communal impact as a feature 

of STEM jobs that discourages women from choosing those jobs over other career options. In 

their findings, women placed higher emphasis on communal goals, such as working with other 

people, than men did. This communal goal focus was correlated with a decreased interest in 

STEM jobs, even after controlling for past STEM experience and aptitude, and the effects of that 

relationship fell disproportionately on women. 
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 (Jones, Howe, & Rua, 2000) suggest that these attitudes are already deeply engrained 

before entering high school. Their survey of sixth grade students found that boys were 

significantly more likely to express both interest in everything from batteries to atom bombs, 

while girls reported that science was difficult to understand. Boys also reported that science was 

more “suitable” for boys. 

 Outside the STEM context, there is some evidence that seeing women in positions of 

power or success reduces implicit gender bias, whether external or internalized. (Beaman et al., 

2009) conducted a natural experiment in Indian village councils and found that gender quotas for 

leadership positions led to a persistent increase in positive voter attitudes toward women as 

leaders. A similar effect for women in positions in tech leadership is not beyond imagination. 

 For all students, relatable role models can increase their attunement to a given field. 

(Manke & Cohen, 2011) found that for negatively stereotyped groups generally and women in 

STEM in particular, positive role models in the field could have strong effects on belonging and 

efficacy. However, these effects are “malleable and multifaceted”: They seldom manifest as 

main effects, but interact strongly with other variables. For example, just meeting a woman who 

has been successful in STEM may or may not improve STEM efficacy, but meeting a woman 

with whom one closely relates and succeeded as a result of effort instead of innate ability would 

have a strong effect on one’s susceptibility to stereotype threat. 

 The many facets of cultural expectations, from role models to implicit biases, form a 

complex and interconnected web of influences, and the academic literature disagrees as to which 

has the strongest effect on women leaving the STEM path. But (Glass et al., 2013) determined 

that women choose to leave their STEM jobs more than their counterparts in other professional 
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fields, and at a greater rate than traditional labor considerations like family factors, differing job 

characteristics, or even job satisfaction can account for. This suggests that whether or not the 

other factors discussed are significant, the cultural aspect almost certainly factors into the gender 

imbalance. 

 The implication of these findings is that targeted policies at any single stage in the STEM 

pipeline will have a limit in their maximum potential impact, whether it is in education, hiring, 

promotion, or retention. On the other hand, policies that are successful in addressing cultural 

sources of bias and disengagement have the potential to benefit women throughout the pipeline, 

from childhood through advanced career. 

 

D. Contribution to the Literature 
 

 Given this existing field of research, my contribution to the literature is not in verifying, 

measuring, or explaining any given mechanism or collection of mechanisms that act to push 

otherwise qualified women out of STEM jobs. Rather, my contribution is to in some way 

formally describe the total size of the effect that all of these factors jointly have on reducing 

women’s STEM employment by accounting for the size of its reciprocal effect. That is, by 

determining the effect of being nominally qualified for a STEM job (i.e. having a STEM degree), 

I establish that everything else in the total discrepancy is attributable to these other discouraging 

factors. If the effect of a STEM degree is strong enough to function as a sole predictor of STEM 

job placement even after controlling for other factors, then that would confirm the “pipeline” 

nature of the problem, encouraging future work to focus exclusively on encouraging female 

enrollment in and completion of formal STEM studies. If the STEM degree effect is moderate, it 
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would describe to some extent the limits to the education-only approach, perhaps informing a 

relative rebalancing of educational intervention efforts. If the effect is very small or almost zero, 

it would show that these other discouraging factors in the STEM workforce are overwhelmingly 

powerful, and that further research should focus exclusively on identifying the specific 

magnitude of each contributory phenomenon: intrinsic inequalities, latent discrimination in 

hiring, cultural incompatibilities, or others. 
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THEORETICAL MODEL 

 

In my formulation, the probability of an individual in a given population having a STEM 

job can be described by this relationship: 

𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑆𝑇𝐸𝑀 𝐽𝑜𝑏 = 𝐹 (
𝑆𝑒𝑥, 𝑆𝑇𝐸𝑀 𝐷𝑒𝑔𝑟𝑒𝑒, 𝐶𝑜𝑚𝑚𝑢𝑛𝑖𝑡𝑦,

𝑂𝑡ℎ𝑒𝑟 𝐷𝑒𝑚𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐 𝑀𝑎𝑟𝑘𝑒𝑟𝑠, 𝑢
)   (1) 

  Sex represents the sex of the individual, accounted for separately from other demographic 

markers because I believe it has outsized explanatory power, for the reasons discussed in the 

Background and Literature Review section above. The potential discouraging factors described 

therein, including intrinsic inequalities, discrimination in hiring, and cultural incompatibilities, 

are all established (or at least formulated) to impact women more severely than men, leading to 

well-documented discrepancy in outcomes detailed by the sources in the previous sections. 

 STEM Degree represents the importance of a formal STEM education in attaining STEM 

work, a critical piece in validating or disproving the pipeline problem theory. Clearly, I expect at 

least some effect of a specialized education on attainment of a job that requires specialized skills, 

even if all the degree signifies is an interest in the field. If there is no relationship, or the 

relationship is quite small, then the pipeline theory does not hold, because it simply does not 

matter whether or not women are leaving the pipeline before graduating with a STEM degree. 

 Community represents a grouping by some sort of geographic region or area to account 

for the variance in the labor markets in different parts of the country. For example, the number of 

total jobs available is radically lower in rural communities than in cities, and STEM jobs in 

particular may be much more prevalent in certain technology-focused regions like Seattle, New 

York, or the San Francisco Bay Area. 
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 Other Demographic Markers include factors such as marital status, race, and ethnicity. 

These factors are established to be strongly correlated with general labor market participation, so 

including them adds precision to understanding how much of the employment gap is attributable 

to the other two factors instead. There is a strong case to be made that race and ethnicity should 

also be separated out and analyzed in the same way that sex is, given that some racial and ethnic 

groups (particularly African Americans, Hispanics, and Native Americans) are systematically 

underrepresented in STEM, with a similar pipeline effect to women. In addition, the descriptive 

reports by the NSB also indicate that women in these groups are especially underrepresented in 

both education and the workforce, suggesting a possibly significant interaction effect (NSB 

2016). That effect may be real and significant, but is unfortunately beyond the scope of this 

paper. 

 u is simply the error term: a catch-all for the factors not included in the model, which 

may be significant in aggregate even if no one factor is as impactful as those included here. 

Notably, this conceptual model does not attempt to account for the possible explanatory effect of 

any policies in place that may be designed to ameliorate the employment gap, whether these 

policies are limited geographically (to some regions and not others) or temporally (affecting 

those only after the policy is introduced). 
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DATA AND DESCRIPTIVE STATISTICS 

 

To estimate the models in my analysis, my research uses data made available by the U.S. 

Census Bureau’s American Community Survey (ACS). This is a cross-sectional survey 

distributed to a large number of households throughout the United States on an annual basis, 

targeting different people each time such that every five years, approximately five percent of the 

U.S. population is included. An anonymized sampling of the collected data called the Public Use 

Microdata Sample (PUMS) is made available each year; this analysis specifically focuses on the 

PUMS data from 2015, though there is little reason to suspect that the results would be 

significantly different for other recent years, given the ACS summary report from 2013 

(Landivar 2013).  

 The PUMS data for 2015 consist of over 3,000,000 observations across more than 200 

variables, which for the purposes of this analysis can be grouped into five distinct categories: 

First, there are the variables that can be used to narrow the more than three million observations 

(individuals) in the dataset to a subset population of interest. Second, there are what I refer to as 

“mapping” variables, which allow for the merging of the PUMS dataset with supplemental 

datasets that provide extra context for some key factors, particularly employment and state of 

residence. Third, there are the variables of interest, which appear in the empirical model either in 

their original form or recoded into a relevant indicator variable. Fourth, there are the procedural 

variables: a sizable collection of weights and replicate weights included in the PUMS that would 

allow for more precise estimation, but are not used in my models. Finally, there are the 

extraneous variables, the dozens of procedural flags or responses to questions not relevant to this 

analysis, all of which are dropped and ignored. 
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A. Subsetting Variables 
 

 The PUMS data include respondents of many different ages, backgrounds, and 

circumstances. For this analysis, I am mostly concerned with women who are potentially seeking 

a STEM job after graduating with an undergraduate degree in a STEM field. As such, at different 

stages of my analysis I need to exclude three groups: 1) those too young to have had an 

opportunity to complete a STEM degree; 2) those who are still enrolled in school, and therefore 

not seeking work; and 3) those that are above a certain age, such that it is unlikely that they could 

still be considered early in their post-graduation careers. The PUMS data has two variables that 

assist in this subsetting: 

• AGEP is a numerical variable representing the age of the person. All of the models 

included in this paper exclude respondents under the age of 18. For a later section of my 

analysis, I focus only on the segment of the survey population that may be especially 

impacted by young adult, early career choices closely associated with academic 

credentials. This part of the analysis omits all respondents with an age value outside the 

range of 21 to 27. 

• SCHG is a categorical variable describing the current level of education a respondent is 

enrolled in, from first grade to graduate school. This variable allows me to identify and 

exclude individuals who are not in the workforce because they are pursuing a higher 

degree. 

 

 



19 

 

B. Mapping Variables 
 

 These two variables are encoded in such a way that they are not clearly interpretable on 

their own, and do not allow for sufficiently targeted analysis. However, they are necessary for 

matching with outside datasets that use the same encoding but also provide additional 

information. Therefore, they are critical for pairing the PUMS observations with the proper 

observations in the other sets: 

• SOCP is a six-digit categorical identifier variable (encoded as a string) representing 

occupation. While there is a separate variable in the dataset, OCCP, that also encodes the 

respondent’s occupation, the SOCP encoding is based on the Standardized Occupational 

Categories (SOCs) used by the BLS. This allows me to cross-reference the Census 

Bureau’s defined list of STEM occupations, to determine if the respondent is employed in 

a STEM job. 

• ST is a two-digit categorical identifier variable representing the person’s state of 

residence, including the District of Columbia. The numerical encoding used is not 

directly interpretable, but it allows me to cross-reference an outside dataset with the more 

recognizable state names and abbreviations, as well as state-level aggregate data for 

factors not measured in the ACS.c 

 

 

                                                 
c There is a version of the American Community Survey for the territory of Puerto Rico—called the Puerto Rico 
Community Survey—whose results are theoretically comparable to those from the ACS and are sometimes 
reported together by the Census Bureau. The PUMS data for 2015 do not include any respondents from Puerto 
Rico. 
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C. Variables of Interest 
 

 These are the variables that are used in the empirical model, though some require 

recoding, as outlined below: 

• SCIENGP, a categorical variable that maps the respondent’s stated undergraduate degree 

to simply whether or not that degree is in a science and engineering field, as defined by 

the NSF. A value of 1 encodes a science or engineering degree, a value of 2 encodes a 

non-science or engineering degree, and a null value indicates no bachelor degree attained. 

For analysis, this variable is recoded as stemdegree, with a value of 1 for those with a 

STEM degree and 0 for all others. 

• SCIENGRLP, a categorical variable identical to SCIENGP above, except that the encoded 

categories are based on the NSF’s definition of science and engineering related fields, 

namely architecture and healthcare. These factors are not directly related to the analysis 

in question, but may be used for secondary analysis or descriptive statistics. 

• SCHL, an ordinal categorical variable indicating the highest level of education 

completed, from first grade to graduate school. This variable uses the same encoding as 

SCHG. For analysis, this is recoded in advanceddegree, with a value of 1 for those who 

have a schl score of anything above 22, meaning they have completed a degree higher 

than a Bachelor’s degree; all others receive a value of 0.  

• ENG is a ordinal categorical variable that encodes ability to speak English, from 1 (very 

well) to 4 (not at all). The dataset presumes English fluency, so an NA score here 

indicates that the respondent speaks English only, or is less than five years old. For 

analysis, I take advantage of the fact that I have already excluded those below the age of 
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five from the population of interest, and recode this variable as fluentenglish, which has a 

value of 1 if the respondent responded 1 or 2, or if they did not respond at all. For those 

who indicated a low level of English skill by responding 3 or 4, fluentenglish is given a 

value of 0. 

• CIT is a categorical variable with five levels denoting citizenship status. For analysis, this 

variable is recoded simply as citizen, with a value of 1 for all U.S. citizens, regardless of 

the nature or origin of their citizenship, and 0 for all noncitizens. 

• MIG is a categorical variable that encodes migrancy status in terms of whether the 

respondent has moved to their current address recently, as well as the nature of their 

move. For analysis, this variable is recoded as established, with a value of 1 for those 

who have lived at their current address for more than one year, and 0 for all others.  

• RACWHT, RACBLK, and RACASN, along with some similar variables for smaller ethnic 

and racial groups, are categorical variables denoting if the person is exclusively identified 

as a member of each ethnic or racial group: white, African American, or Asian. Since 

Hispanic/Latino origin is determined separately from race, it is a separate categorical 

variable (HISP) indicating Hispanic culture of origin. This means that a given respondent 

could be, for example, both Asian and of Cuban origin. For analysis, these variables are 

recoded into four mutually exclusive and complete binary indicator categories—white, 

black, asian, and otherrace—while hispanic is separately recoded as its own binary 

indicator. To avoid collinearity, white (as the largest group) is taken as the baseline 

category, and only the last four are included in the empirical model.  
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• SEX, encoded here with a 1 for Male and a 2 for Female. This is the only variable in the 

data that references anything of sexual or gender identity, and relies on self-reported 

information, making it a unified indicator for sex and gender identity. For analysis, it is 

recoded by subtracting 1 from the value of SEX to create a binary indicator variable for 

female. 

 

D. Procedural Variables 
 

To account for the fact that response rates to the ACS are not consistent across all groups, 

and also the fact that some data is distorted to preserve the anonymity of individuals, the PUMS 

data also includes data about each respondent to make sure they are properly weighted for group 

calculations. In addition to the individual’s statistical weight (PWGTP), the data set includes a 

total of 80 replicate weight variables, which are necessary for calculating accurate standard 

errors despite the anonymized sampling process. The precise nature of these 80 replicate weights 

are inscrutable by design, to prevent reverse engineering that could personally identify individual 

respondents. I do not use these weights in my analysis, but they may be useful to those looking to 

build upon these results or verify them under more stringent assumptions. 

 

 

E. Extraneous Variables 
 

 Because the ACS questionnaire seeks to gather information for many different 

applications across multiple fields of governance and academic research, there are dozens of 

extra variables that are not relevant to this analysis. Some of these are simply indicator flags for 

whether a given question was answered, and can be safely disregarded thanks to the recoding 

process for the relevant variables of interest. Others are detailed responses to questions, such as 
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commuting preferences, that are excluded as having no reasonable connection to any of the 

measures in the conceptual model. 

 However, there are a few additional variables that may be relevant for other workforce 

analyses, including earned income, hours worked, and reason for not currently working. While 

these factors are not directly included in my analysis, they may be useful for those looking to 

extend this model to other workplace measures beyond job placement. 

 

F. Summary of Populations 
 

In Table 1 below, I provide a summary for the variables included in the various models, 

recoded as described above. All variables used are binary with two exceptions: agep and State. 

Because agep is continuous, it is the only variable for which the standard deviation is of any 

interest, while State has neither a meaningful mean nor a relevant standard deviation. For all 

other variables, the reported mean represents the proportion of the given population for which 

that characteristic is true. For example, about 12.1 percent of the broadest population used is 

Hispanic, while over 19.3 percent of young adults are, suggesting that the Hispanic population 

skews younger. 

“Working Data” is the largest population of analysis used, representing the entirety of 

PUMS 2015 respondents, excluding only those under the age of 18 or enrolled in school at the 

time of the survey. “Young Adults” and “Reported Wage Earners” are subpopulations of 

“Working Data” that fall within the specified age range or reported nonzero earned income, 

while “Random Subsample” is a randomly selected subsample of 10,000 observations from 

“Working Data”. Each of these populations are used for different models, described in the 
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Results section. As there are only 10,000 observations, means are reported exactly to four 

decimal places. 

The difference in descriptive statistics provides a quick glance into some differences 

between the populations of interest. Young adults, unsurprisingly, are less likely than the general 

population to be married or established in their current residence, and much less likely to hold an 

advanced degree (likely because many have not yet had the chance to earn one). Meanwhile, 

reported wage earners are somewhat more likely than the general population to hold STEM 

and/or advanced degrees, probably because the highly-educated are less likely to be unemployed 

than the general population. Differences in the random subsample are very small, as is to be 

expected from any random sampling with a sufficiently large sample size. 

It bears reiterating that this analysis does not account for any of the statistical weights 

that the Census Bureau provides with the PUMS data that would make these measures precisely 

representative of the entire U.S. population. The means account only for the population of survey 

respondents in each category, which explains, for instance, some of the discrepancy in the female 

proportion across the different subpopulations. 
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Table 1: Reported Descriptive Statistics for Populations of Analysis 

 Description Working 

Data 

Young 

Adults, Age 

21-27 

Reported 

Wage 

Earners 

Random 

Subsample 

agep Continuous 52.03897 

(17.65741) 

24.358706394 

(1.915848) 

45.12830271 

(13.98277) 

52.2197 

(17.68341) 

stemdegree Binary 0.10628652 0.096550858 0.13250185 0.1052 

hispanic  Binary 0.12123364 0.193505763 0.13103389 0.1183 

asian Binary 0.05347891 0.054824813 0.05992985 0.0519 

black Binary 0.10403059 0.138386105 0.09921583 0.1010 

otherrace Binary 0.01145491 0.016817092 0.01069954 0.0122 

married Binary 0.57437169 0.226310013 0.59428423 0.5770 

advanceddegree Binary 0.03396611 0.007966278 0.04132944 0.0335 

established Binary 0.87888959 0.689571765 0.86408379 0.8833 

fluentenglish Binary 0.95662448 0.971214380 0.96437936 0.9576 

citizen Binary 0.93655560 0.925486085 0.93250518 0.9404 

State Factor with 

51 levels 

- - - - 

stemworker Binary 0.04116052 0.042228374 0.06257459 0.0439 

female Binary 0.51581773 0.470381715 0.47532381 0.5144 

Observations  2,247,858 183,147 1,318,842 10,000 

 

  



26 

 

EMPIRICAL MODEL 

 

Mapping the available variables described and defined above to the theoretical model 

outlined in the prior section gives this empirical model for the likelihood of a STEM job: 

𝑃(𝑠𝑡𝑒𝑚𝑤𝑜𝑟𝑘𝑒𝑟)
=  Φ( 𝛽0 +  𝛽1 𝑓𝑒𝑚𝑎𝑙𝑒 +  𝛽2 𝑠𝑡𝑒𝑚𝑑𝑒𝑔𝑟𝑒𝑒 +  𝛽3 𝑓𝑒𝑚𝑎𝑙𝑒 ∗ 𝑠𝑡𝑒𝑚𝑑𝑒𝑔𝑟𝑒𝑒 
+   𝛽4 𝑠𝑡𝑎𝑡𝑒 +  𝛽5 𝑚𝑎𝑟𝑟𝑖𝑒𝑑 +  𝛽6 ℎ𝑖𝑠𝑝𝑎𝑛𝑖𝑐 +   𝛽7 𝑏𝑙𝑎𝑐𝑘 +   𝛽8 𝑎𝑠𝑖𝑎𝑛
+   𝛽9 𝑜𝑡ℎ𝑒𝑟𝑟𝑎𝑐𝑒 +  𝛽10 𝑓𝑙𝑢𝑒𝑛𝑡𝑒𝑛𝑔𝑙𝑖𝑠ℎ +   𝛽11 𝑒𝑠𝑡𝑎𝑏𝑙𝑖𝑠ℎ𝑒𝑑 +  𝛽12 𝑐𝑖𝑡𝑖𝑧𝑒𝑛
+   𝛽13 𝑎𝑑𝑣𝑎𝑛𝑐𝑒𝑑𝑑𝑒𝑔𝑟𝑒𝑒 +  𝛽14𝑎𝑔𝑒𝑝) 

 

Where: 

 

• stemworker encodes if the person works at a job categorized as STEM by the Census. 

• female is an indicator encoding if the person self-reports as a woman. From the general 

descriptive knowledge that there are far fewer women than men in STEM jobs, I expect 

that the coefficient on this term will be negative and substantively significant. 

 

• stemdegree is a binary indicator of whether the person holds a degree in a STEM field as 

defined by the NSF. The degree may be at any level, be it Bachelor’s, Master’s, or PhD, 

and it is possible for an individual to have both a STEM and a non-STEM (or STEM-

related) degree, as would be the case for a medical doctor who earned an undergraduate 

degree in Biology. Under the basic assumption that STEM degrees develop the skills 

necessary for STEM jobs, the coefficient for this term should be both positive and 

considerable in magnitude. 

 

• female*stemdegree (also written in some code output as female:stemdegree) is the 

interaction term between the female and stemdegree; it is equal to 1 only when both 

stemdegree and female are both 1, and 0 for all other cases. In both linear and logit 

models, it represents the difference in the stemdegree effect between men and women. I 

expect this term to be negative and significant, i.e. that STEM degrees are less likely to 

lead to STEM jobs for women than they are for similar men, but this is one of the key 

assumptions to be tested by the model. 

 

• state is a categorical variable for which state the person lives in, including the District of 

Columbia. In the regressions where it appears, it is separated into 50 separate categorical 

variables, one for each state and the District of Columbia with the exception of Alabama 

(which is arbitrarily chosen as the baseline, being first alphabetically). The signs and 

magnitudes of the coefficients for these terms will vary in sign and significance 

depending on that state; presumably, states with large metropolitan areas and/or many 

universities will have more STEM jobs, but is difficult to predict with their relation to 

other control factors. 
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• married, a binary indicator variable for whether the person has self-reported as married. I 

expect that marital status will significantly covary with age, and will not have significant 

descriptive power when age is included as a control variable. As such, the sign may be 

positive or negative, but I expect the substantive significance to be small. 

 

• black, asian, and otherrace are mutually exclusive binary indicator variables for whether 

the person is Black, Asian, or some other race(s)/ethnicity/ethnicities. Based on the 

descriptive statistics for the representation of these races, I expect the coefficient on asian 

to be positive, with negative coefficients for black and otherrace. 

 

• hispanic, a binary indicator variable for whether the person has self-reported as having 

Hispanic, Latino, or Latina descent. This variable is not mutually exclusive from the 

other ethnicity indicators above, as Hispanic respondents may report to belong to any 

racial group. As Hispanics are generally an underrepresented minority in the field, I 

expect the coefficient will be negative. 

 

• fluentenglish is a binary indicator variable for whether or the person speaks English 

fluently, on the assumption that those who are not face a significant disadvantage in the 

job market generally. Because of this disadvantage, I expect the coefficient will be 

negative. 

 

• established is a binary indicator variable indicating that the person has lived in their 

current home for at least one year, on the assumption that those who have moved recently 

may not yet have settled on their desired job. I suspect the sign for this coefficient will be 

positive, as high-paying STEM jobs may provide greater opportunities (and 

requirements) for relocation than non-STEM jobs. 

 

• citizen is a binary indicator indicating that the person is a U.S. citizen, on the assumption 

that non-citizens may face more of a challenge when seeking a job that would require one 

of a limited number of specialized, workplace-sponsored visas. Because non-citizens 

require significant extra effort on the part of employers when it comes to hiring decisions, 

I expect the sign on this term will be negative. 

 

• advanceddegree is a binary indicator indicating that the person has completed a degree 

beyond a Bachelor’s degree, including Master’s, PhDs, JDs, and professional degrees. 

This will help measure if STEM jobs, which may require significant advanced skills, are 

more likely to go to these people with extra education. However, it does not in any way 

account for what type of advanced degree the person holds, and whether that degree is 

STEM or not. Therefore, I cannot predict what the sign or significance of this term will 

be. 

 

• agep, the only variable not recoded from its original form, represents the age of the 

person in years. As many STEM jobs are computer-focused in a way that resonates with 
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younger people who grew up with computers, I expect the coefficient on this term to be 

negative, meaning that younger people are more likely to have STEM jobs. 

 

•  𝛽0 is the constant term, representing the theoretical “baseline” probability of working a 

STEM job when all other variables are equal to 0. Its value is not important to my 

analysis, which looks only at the relative effects and relationships of different 

contributory factors. 

 

The primary specification of the formula is a logit model, given that the outcome 

stemworker is binary and the desired relationship is one that gives the probability of an outcome 

of 1. Because of this, none of the beta coefficients are directly interpretable. Instead, it will be 

necessary to evaluate the relative size of each coefficient, and therefore the relative impact of 

each variable, in a variety of contexts. Though as seen in the Results section below, these same 

variables can be leveraged in several different model configurations to verify that results are 

robust to changing assumptions.  

To aid with interpretation, I also run a linear, or Ordinary Least Squares (OLS), 

regression. As discussed in the next section, the coefficients in any linear model will be less 

precise and reliable in edge cases, as they create the possibility of probabilities that are either 

greater than 1 or less than 0. Still, the coefficient values are directly interpretable, in that they 

represent the exact estimated value in probability for stemworker from a change of 1 in the given 

variable. 
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RESULTS 

 

The research question under consideration consists of four main components: 1) the 

treatment, i.e. having a STEM degree; 2) the outcome, i.e. working a STEM job; 3) the potential 

difference of the treatment on the outcome for two different subpopulations, males and females; 

and 4) the control variables that reduce bias on those estimates. In addition to the empirical 

model described in the section above, I verified the robustness of my results by performing 

multiple tests using different configurations that combined all four of these factors. Ultimately, 

the signs and significance of all factors were mostly consistent across the nine different models, 

at very high levels of statistical significance in each case. The exception, discussed throughout, is 

the coefficient on the interaction term stem*female in some of the logit models. 

• Three Ordinary Least Squares (OLS) regressions, with increasing complexity of control 

variables, with an interaction term representing the difference in treatment effect between 

women and men. 

• Three corresponding binomial regressions, using a logit model, with the same controls as 

the OLS regressions. 

• Two variations of the most-controlled binomial regression, applying it to the 

subpopulations of a) only respondents in a certain age range and b) only respondents with 

reported wage income. 

• One preliminary analysis to determine Average Treatment Effect on the Treated (ATT) 

using propensity score matching with Mahalanobis distances. 
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A. OLS Regressions 
 

 Because the variable of analysis with which I am concerned is a binary yes/no, the linear 

model provided by OLS regression is not necessarily the most appropriate fit. Namely, under the 

right combination of values, it is possible to estimate that an individual has a STEM-working 

probability of either less than zero or greater than one, both of which are nonsensical. 

Nevertheless, the coefficients of these models are easy to interpret, including the interaction term 

between female and stemdegree, which reveals the extent to which the treatment effect differs for 

men and women. As such, the basic models herein demonstrate a preliminary benefit of roughly 

approximating effects for individuals near the mean, while also showing the clarifying effect of 

adding additional control variables. The latter is critical in the binomial models as well, and the 

OLS regression sheds light on their importance under simpler assumptions. 

 As such, there are three models included, with increasing amounts of control introduced. 

In the first basic model, there are only three terms: the treatment variable stemdegree, the 

subpopulation variable female, and the interaction between the two, female*stemdegree. The 

second model adds control variables on the non-geographic controls mentioned in the empirical 

model section above: advanceddegree, asian, black, hispanic, otherrace, established, married, 

citizen, agep and fluentenglish. The final model includes all of these controls, plus the addition of 

the state variable as a factor control, meaning that each of the 51 different state valuesd is 

included as a binary indicator for that given state.  

  

                                                 
d The data include responses from all 50 states and the District of Columbia, but to avoid collinearity the model 
automatically excludes the “baseline state,” arbitrarily chosen here as Alabama as the first alphabetically. 
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Table 2: OLS Regressions 

 Dependent variable: 

 stemworker 

 Naïve  Demographic Controls Geographic & Demographic (Full) Controls 

female -0.022*** -0.020*** -0.020*** 

 (0.0003) (0.0003) (0.0003) 

female:stemdegree -0.111*** -0.117*** -0.117*** 

 (0.001) (0.001) (0.001) 

stemdegree 0.217*** 0.217*** 0.215*** 

 (0.001) (0.001) (0.001) 

asian  0.050*** 0.050*** 

  (0.001) (0.001) 

advanceddegree  -0.042*** -0.043*** 

  (0.001) (0.001) 

black  -0.012*** -0.013*** 

  (0.0004) (0.0004) 

hispanic  -0.014*** -0.016*** 

  (0.0004) (0.0005) 

otherrace  -0.015*** -0.013*** 

  (0.001) (0.001) 

established  0.002*** 0.002*** 

  (0.0004) (0.0004) 

married  0.009*** 0.009*** 

  (0.0003) (0.0003) 

fluentenglish  0.033*** 0.033*** 

  (0.001) (0.001) 

agep  -0.001*** -0.001*** 

  (0.00001) (0.00001) 

citizen  -0.017*** -0.016*** 

  (0.001) (0.001) 

State (51 levels)   See Appendix 1.1 

Constant 0.034*** 0.050*** 0.046*** 

 (0.0002) (0.001) (0.001) 

Observations 2,247,858 2,247,858 2,247,858 

R2 0.088 0.099 0.100 

Adjusted R2 0.088 0.099 0.100 

Residual SE 0.190 (df = 2247854) 0.189 (df = 2247844) 0.188 (df = 2247794) 

F Statistic 72,522.180*** (df = 3; 2247854) 
19,044.360*** (df = 13; 

2247844) 
3,984.131*** (df = 63; 2247794) 

Note: *p<0.1; **p<0.05; ***p<0.01 

 



32 

 

Across these three models, there are a few consistent results: First, almost all control 

variables are statistically significant at extremely high levels of significance. This is largely 

ecause the enormous sample size provides for very small variances, but also because many 

demographic factors have notable substantive differences in STEM workforce participation. The 

few exceptions to this significance are in the categorical indicators for some states, but their 

addition did not do much to significantly alter the confidence levels of the main variables of 

interest. 

 Second, the variables generally have the expected signs and relative magnitudes. Having 

a STEM degree has a major positive effect on the likelihood of having a STEM job for men, 

much larger than any of the other demographic factors. The non-geographic control variables 

range in impact from less than 1 percent to 5 percent. This indicates that, for example, an Asian 

respondent is 5 percent more likely than a white respondent to have a STEM job, holding all 

other factors in the model equal. Holding an advanced degree seems to be correlated with an 

unexpectedly large decrease in STEM job likelihood, a fact that is most likely attributable to the 

fact that this analysis does not specify the field of the advanced degree; advanced degrees are a 

requirement for both lawyers and doctors, two lucrative and desirable occupations that attract 

many STEM students but are not considered to be in the STEM field.  

 Third, and most importantly, the difference in treatment effect between males and 

females is consistently very large across models. While the effect of a STEM degree for men 

ranges from approximately 21.5 to 21.7 percent across the models, the coefficient for the 

interaction term ranges from -11.1 to -11.7 percent. This means that, combined with a coefficient 

of female at around -2, the effect of a STEM degree is less than half the size that it is for men, a 
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staggering difference! The addition of the extra control variables generally appears to remove 

some semblance of downward bias, slightly decreasing both the stemdegree and female 

estimates, but the interaction term rises at a commensurate rate, suggesting that the gap between 

men and women is reliably consistent even when holding additional factors constant. In fact, the 

addition of the controls seems to change most important estimates only slightly at the reported 

level of precision, suggesting that even when controlling for demographics and geography, the 

variables of interest maintain their high explanatory power. Given that the R-squared value (i.e. 

the amount of variation in stemworker that is jointly explained by all the included variables) of 

the most complex model is only slightly higher than the version without geographic controls, this 

suggests that differences at the state level have very little explanatory value for the likelihood of 

a worker having a STEM job after accounting for the other controls. 

 With these results, we can compare each of the coefficient estimates to their expected 

values as hypothesized in the previous section:e 

• female has an estimate of -0.020, meaning that women without STEM degrees are 2 

percentage points less likely than men without STEM degrees to have a STEM job. 

• stemdegree has an estimate of 0.215, meaning that men with STEM degrees are 21.5 

percentage points more likely than men without STEM degrees to have a STEM job. This 

effect is positive, as expected, and by far the largest effect of all factors included in the 

model. 

• female*stemdegree has an estimate of -0.117, which is combined with the estimates for 

its constituent parts of stemdegree and female to show that women with a STEM degree 

                                                 
e All estimate interpretations are ceteris parabis, meaning the values are only as estimated if all other variables in 
the model are assumed to be held at equal levels. 
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are 7.8 percentage points more likely to have a STEM job than the baseline category of 

men without a STEM degree.f Compared to women without a STEM degree, they are 9.8 

percentage points more likely.  

• asian, has a positive coefficient, while black, otherrace, and hispanic all have negative 

coefficients, as predicted from the basic descriptive statistics of the sample. 

• advanceddegree is surprisingly not only negative, but quite large relative to some of the 

other factors. This means that those with holding a degree beyond a Bachelor’s is 

associated with a 4.3 percentage point lower likelihood of working in a STEM job, 

probably because the field of the degree is not specified and the minority of advanced 

degrees are in STEM fields. 

• established is positive and statistically significant, but substantively of little magnitude or 

interest. The same is true for married. 

• fluentenglish is positive to a nonnegligible level, indicating that English language fluency 

is associated with a 3.3 percentage point increase in likelihood over those without. This 

matches expectations, as those without English fluency are at a high disadvantage in the 

job market generally, and that difficulty certainly extends into the specialized world of 

STEM jobs. 

• citizen is surprisingly negative and statistically significant. That is, U.S. citizens are 1.6 

percentage points less likely than noncitizens to hold STEM jobs, holding the other 

factors equal. This would seem to indicate that the use of H1-B visas and other policies to 

                                                 
f The relevant factors are simply added linearly, so 0.215 – 0.117 – 0.020 = 0.078. For women, only the last term is 
omitted, so 0.215 – 0.117 = 0.098. 
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bring skilled foreign workers to the United States have some level of disproportionate 

effect on STEM industries. 

• agep is negative and statistically significant, though small. Unlike the other variables, 

which are all categorical, age represents a continuum of levels, so that each additional 

year of age is associated with approximately a 0.1 percentage point decrease in the 

likelihood of working in a STEM job, generally aligning with expectations.g 

 

 It is also worth noting that the constant term, which is typically of very little use in OLS 

models, is quite low, only 0.050 at its largest value in the middle model. Because of this, an 

individual with no STEM degree and several of the negative predictive qualities could easily 

have a nonsensical less-than-zero estimated probability of STEM work. For example, a Black 

50-year old woman with no STEM degree who was a U.S. citizen but not fluent in English 

would have a predicted probability of constant + 1* 𝛽 female + 1* β black + 50* β agep + 1* β 

advanceddegree + 1* β citizen = 0.050 – 1 (0.020) – 1 (0.012) – 50 (0.001) – 1 (0.017) = - 0.049, 

or a -4.9 percent chance. As probabilities must have a value between 0 and 1, this example 

demonstrates that an entirely reasonable combination of factors can too easily lead to prediction 

values well outside the bounds of mathematical reason and usefulness. 

 These estimation problems are compounded because of the very small ratios of the 

variables of interest, as well. Because STEM workers and STEM degree holders each make up 

less than 10 percent of the population, the bulk of the linear weight is on those without a STEM 

                                                 
g This model assumes that the effect of age is constant for every subsequent year. In reality, the effect of age 
almost certainly varies at different stages in life; this could be accounted for by adding an additional term (such as 
age-squared) that captures the non-linearity of the relationship. However, as age is only a control variable here, 
and not a variable of interest, that model complication is omitted. 
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connection. That is, the model as structured provides copious evidence that those without STEM 

degrees tend to not have STEM jobs, much more than it shows that those with STEM degrees do 

have STEM jobs. The error minimization approach and linear fit of OLS regressions is therefore 

problematic with this skewed distribution, making other regression models more appropriate fits. 

In the next section, I discuss how the binomial logit model circumvent this shortcoming, as well 

as some of the others that have been mentioned. 

 

B. Binomial (Logit) Models 
 

 As discussed, while the OLS models make for a broadly useful heuristic, a more precise 

model for the binary stemworker variable must take advantage of a binomial model, either probit 

or logit. Therefore, I also include a logit model using the same data and same variables as the 

OLS models above. The estimates, as reported below, follow many of the same general patterns 

as the OLS models, but there are a number of key differences both in the estimates and in their 

interpretation.  
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Table 3: Logit Regressions 

 Dependent variable: 

 stemworker 

 Naïve  Demographic Controls 
Geographic and Demographic 

(Full) Controls 

female -1.070*** -1.031*** -1.035*** 
 (0.011) (0.011) (0.011) 

female:stemdegree 0.154*** -0.018 -0.022 
 (0.016) (0.016) (0.016) 

stemdegree 2.248*** 2.178*** 2.139*** 
 (0.008) (0.009) (0.009) 

advanceddegree  -0.490*** -0.496*** 
  (0.014) (0.014) 

asian  0.666*** 0.637*** 
  (0.012) (0.012) 

black  -0.481*** -0.498*** 
  (0.015) (0.016) 

hispanic  -0.529*** -0.584*** 
  (0.015) (0.015) 

otherrace  -0.561*** -0.545*** 
  (0.045) (0.046) 

established  0.106*** 0.113*** 
  (0.011) (0.011) 

married  0.367*** 0.366*** 
  (0.008) (0.008) 

fluentenglish  1.580*** 1.581*** 
  (0.041) (0.041) 

agep  -0.024*** -0.024*** 
  (0.0002) (0.0002) 

citizen  -0.216*** -0.205*** 
  (0.015) (0.015) 

State   See Appendix 1.2 

Constant -3.337*** -3.736*** -3.865*** 
 (0.006) (0.043) (0.054) 

Observations 2,247,858 2,247,858 2,247,858 

Log Likelihood -326,092.600 -314,081.600 -312,740.400 

Akaike Inf. Crit. 652,193.300 628,191.300 625,608.900 

Note: *p<0.1; **p<0.05; ***p<0.01 
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Unlike the OLS results, it is unfortunately not possible to read the each coefficient as its’ 

direct effect on the probability stemworker, holding all other things equal. Nevertheless, some 

things are clear from these coefficient estimates: First is that, as was the case with the OLS 

models, the levels of statistical significance are high for almost all variables, again benefiting 

from the incredibly large sample size. Second, the signs of most coefficients remain the same as 

they were in the OLS models, and with the same general interpretation: Having a STEM degree, 

being Asian, being married, living at the current address for at least the last year, and speaking 

English fluently are all still correlated with an increased likelihood of having a STEM job. All 

other coefficients, excluding the interaction term but including for female, are negative, meaning 

they are associated with a lower probability of working a STEM job. 

The exact magnitude of each coefficient reveals little generalizable information, but the 

relative magnitudes of coefficients are important. Notably, with the difference in how 

interactions are handled in the logit model, the magnitude difference is much less extreme 

between the larger and smaller coefficients. While a STEM degree still reigns as the strongest 

correlated factor, English fluency is now seen as a much more significant predictor than it was 

before. This is likely because relatively few respondents in the sample were not fluent in English, 

but they had an incredibly low likelihood of working a STEM job, an effect that can be 

dampened by the OLS method’s focus on the mean. In fact, the coefficient for English fluency 

now outstrips even the coefficient for gender which, while small before, manifested in the 

massive interaction effect with stemdegree. 

Focusing on the main coefficients in question, the fully Controlled Logit model shows a 

coefficient for female of -1.035. This means that for women without a STEM degree, the log of 



39 

 

odds of working a STEM job are about 1.035 times lower than they are for men, holding the 

other specified factors constant. On its own, this interpretation is of little practical use, but by 

exponentiating the coefficient estimate, I determine the “odds ratio” of the female coefficient to 

be e^(-1.035) = 0.355. This means that, holding all else equal, women are 35.5 percent as likely 

to work in a STEM job as men, an even more staggering difference than the OLS results!h 

A table of the equivalent odds ratio for the (nongeographic) coefficient estimates of the 

fully controlled model is included below. Most notably of these is the ratio for stemdegree which 

shows (more dramatically than the OLS models) that someone with a STEM degree is 

approximately 16 times more likely to work a STEM degree job a similar person without such a 

degree. 

In the controlled versions of the model, the interaction term estimate is quite small and, 

somewhat surprisingly, not statistically significant at conventional levels. This is potentially a 

matter worthy of much more disambiguation and consideration, in particular because interaction 

terms are a thorny and tangled concept in logistic regressions, even when coefficient estimates 

are expressed as odds ratios. If, as this estimate suggests, the interaction term is not statistically 

different from zero, that would seem to suggest that men and women are similarly correlated in 

terms of the benefit they receive from a STEM degree.i But, given that the coefficient estimate 

on female is still large, statistically significant, and negative (as is the interaction term), the most 

                                                 
h Technically, this difference represents only those without STEM degrees. To get the difference for STEM degree 
holders, the interaction term should also be included—even though it is not statistically significant—as the best 
unbiased estimate. That ratio is additive on the logarithmic scale, so the odds ratio would be e^(-1.035 – 0.022) = 
0.347, which is not substantively different from the value above. 
i This correlation, even with controls, would still not amount to any interpretation of a causal effect. The “benefit” 
refers only to the correlated difference in probabilities for a STEM degree. 
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consequential interpretation is that women remain much less likely to work a STEM job than 

men even after controlling for the effects of a STEM degree.  

 

Table 4: Coefficients from Full Logit Model Expressed as Odds Ratios 

Variable Odds Ratio 

female 0.3552264*** 

female*stemdegree 0.9782402 

stemdegree 8.4909424*** 

advanceddegree 0.6089616*** 

asian 1.8908000*** 

black 0.6077449*** 

hispanic 0.5576632*** 

otherrace 0.5798418*** 

established 1.1196319*** 

married 1.4419552*** 

fluentenglish 4.8598132*** 

agep 0.9762857*** 

citizen 0.8146473*** 

Note: significance levels are the same as Table 3 *p<0.1; **p<0.05; ***p<0.01 

 

C. Logit Regression on Alternate Populations 
 

 The OLS and Logit models included above incorporate all data points for respondents 

age 18 or older and not reported as being currently in school, making for a sample size of over 

2.2 million individuals. Though only a small fraction of these individuals have either STEM 

degrees or STEM jobs, liberally including respondents maximizes the sample size, thereby 

minimizing standard errors and increasing the reliability and statistical significance of small 
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effects. However, there are two subpopulations for which policy analysis might be particularly 

useful, below the level of “all Americans” that the PUMS responses approximate: First, I 

consider only those people with ages from 21 to 27 years old, to see if there is any notable 

difference in results among what is thought of as the start of the employment phase of the 

“pipeline”, i.e. the ages around which most respondents with Bachelor’s degrees are graduating 

from college and starting out in their careers. Second, I consider only the population that has 

reported wage income as a means to look at only those who are employed, emphasizing the 

difference between STEM jobs and non-STEM jobs as opposed to STEM jobs and all other 

alternatives (including unemployment). For the sake of brevity, I include only the fully 

controlled logit model on these two populations, and report only the three main variables of 

interest: female, stemdegree, and the interaction term female*stemdegree.  

Table 5: Selected Coefficients from Geographically Controlled Logit on Subpopulations 

 Dependent variable: 

 stemworker 

 Original Population 
Age 21 – 27  

Only 

Reported Wage-Earners  

Only 

female -1.035*** -0.893*** -0.953*** 
 (0.011) (0.040) (0.011) 

female:stemdegree -0.022 -0.339*** -0.038** 
 (0.016) (0.055) (0.017) 

stemdegree 2.139*** 2.772*** 2.087*** 
 (0.009) (0.032) (0.010) 

Constant -3.865*** -7.506*** -4.012*** 
 (0.054) (0.287) (0.059) 

Observations 2,247,858 183,147 1,318,842 

Log Likelihood -312,740.400 -24,406.420 -255,375.200 

Note: *p<0.1; **p<0.05; ***p<0.01 
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Here, we see the same general patterns hold from the other logit models: the correlation 

coefficient of stemdegree is large and positive, the female coefficient is sizable and negative. The 

estimates for reported wage earners, in particular, are statistically but not substantively different 

from the original population estimates. But for the young adults population, ages 21 to 27, some 

of the effects of female and stemdegree manifest in the interaction term, making it the only time 

that the interaction coefficient at the levels of statistical significance seen in the OLS models.j 

This means that, similarly to the inference of the interaction term from before, the odds ratio of a 

stemdegree is in practice different for men and women: men with STEM degrees are e^(2.772) = 

15.991 times more likely to work STEM jobs than their equivalent male counterparts without 

such a degree, but for women the ratio is estimated at e^(2.772 – 0.339) = 11.393 times more 

likely. The correlative benefit is still unsurprisingly quite large, but when considering the 

significantly negative value of the female coefficient, it means that women’s underrepresentation 

is compounded by both factors: a lower baseline likelihood without a STEM degree, and a 

smaller benefit from earning a STEM degree. 

 Because the data are only from a single year, it is not possible to tell whether this 

interaction term is different amongst younger people because they are younger (i.e. it always 

affects individuals early in their careers), or if it is a contemporary trend (i.e. the disparity is 

stronger for young people now than when their elders were the same age). Thus, these results can 

best be interpreted as evidence—but not definitive proof—that this difference in correlation may 

be attributable to some factor of choosing whether or not to work in STEM jobs early in one’s 

career. But even the results that have remained constant across all of the models so far cannot 

                                                 
j The interaction term is statistically significant in the wage-earners population as well, but at a much lower level. 
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explain anything causal about the decision to work in a STEM job, for either men or women. For 

that, I move to a different estimation technique: matching. 

 

 

D. Propensity Matching 
 

All of the above models, even those with many controls, can only establish correlation, at 

best hinting at some potential underlying causality between STEM degrees and STEM jobs. In 

order to better establish this relationship as causal, it is necessary to remove the potential 

confounding effects of any omitted variables. The ideal means to do so would be a random 

controlled experiment, in which men and women were randomly assigned to get a STEM degree 

or not. Like many policy interventions, this is untenable in practice, and there is a clear selection 

bias in terms of which individuals choose to earn a STEM degree. But some statistical tests can 

still be deployed to mitigate this selection bias, to make the separation between the treatment 

group (those with STEM degrees) and the control group (those without STEM degrees) like 

random. 

To approximate a random trial, I take advantage of the fact that there is a large dataset 

with many clear control variables and a clear treatment, making this data ideal for analysis by 

matching. To do this, I use the R Matching package, authored by Jasjeet S. Sekhon of UC 

Berkeley, to measure the Average Treatment Effect on the Treated (ATT) of having a STEM 

degree. Each respondent with a STEM degree is matched with his or her most comparable 

neighbor (in terms of race, age, and the other demographic features in the models above)k who 

                                                 
k The State variable, having demonstrated little substantive impact in the OLS and logit regressions, is omitted to 
accommodate the limitations of the Matching package, which does not incorporate large factor variables as easily 
as regressions do. 
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does not have a STEM degree, by calculating their propensity score and matching on the 

Mahalanobis distance, without calipers. In doing so, the only factors separating the treatment and 

control groups are the treatment and any unobserved factors, which are assumed to be equally 

distributed between the two groups.  

There are many versions and iterations of matching algorithms that are included within 

the matching package, but most are computationally expensive on large datasets. With the 

greater than 2.2 million observations on hand, the computational intensity quickly outstrips the 

capabilities of even reasonably well-equipped modern personal computers.l To keep the size of 

data manageable, but still large enough to reliably detect significant results, I take a random 

subsample of 10,000 observations from the working dataset. To focus on the singular treatment 

effect (stemdegree) without the confounding effect of gender, I then divide this subpopulation 

into two smaller subpopulations—males and females—and perform this matching analysis on 

each group.m The table below shows the estimated ATT for each population: 

 

Table 6: Matching Analysis Results on Randomly Selected Subsample 

 
Measurement Males Females 

Estimated ATT 0.194*** 0.123*** 

Estimate SE (0.020) (0.020) 

Original Observations 4856 5144 

Matched Observations 645 407 

Note:  *p<0.1; **p<0.05; ***p<0.01 

 

 

 

                                                 
l This analysis was run on a Microsoft Surface Pro 4 with 8GB of RAM and an Intel Core i5 processor, yet even that 
overheated and crashed R within a few minutes of attempting to execute the matching command. 
m The match balance tables in Appendices 2.1 and 2.2 show how effective this matching approach is at removing 
any discrepancy in observed variables between the treatment and control groups.  
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Unlike the previous model coefficients, this ATT is an estimate of a causal effect, not merely 

correlation, and the result is mostly in line with the previous estimates: For both men and 

women, there is a sizable effect of STEM degree attainment on the likelihood of working in a 

STEM job. For men, it corresponds to a 19.4 percentage point increase in the likelihood, and for 

women it is 12.3 percentage points. Both effect estimates are highly statistically significant, but 

the effect is much smaller for women, at roughly 60 percent the magnitude.n  

 Caution should be liberally applied when interpreting these causal effect measures as 

authoritative; matching analysis includes many assumptions that may or may not be satisfied 

here, such as no factors affecting the balance between the treatment and control groups other 

than the ones explicitly accounted for here. A proper, full-fledged matching analysis would 

involve rigorous sensitivity analysis by using more of the data, changing the variables of 

analysis, and using slightly different algorithms to match the treatment and control cases. As is, 

this basic matching exercise serves only to demonstrate that that the correlation effects observed 

in the earlier regressions can be reasonably assumed to have a causal component, and that the 

difference between that effect for the genders is roughly in the same range. 

In summary, the OLS models used in the first section provide an easy-to-interpret 

description of the correlation between gender, STEM degree attainment, and the probability of 

working in a STEM job. Namely, they show that the relationship is positive, significant, and 

much larger for men than it is for women. The logit models diverge somewhat on whether or not 

the benefit of a STEM degree is different between the genders when measured as an odds ratio, 

                                                 
n A simple two-sample t-test using only the number of matched observations and the estimates above confirms 
that the difference between the two has a t-test statistic value of 56.773 and 1,050 degrees of freedom, 
corresponding to a p-value far, far below the 0.01 threshold needed to establish statistical significance at higher-
than-conventional levels. 
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but confirm that women are at a significant disadvantage from the baseline category of those 

without STEM degrees. Finally, the matching analysis suggests that this effect is causal, not 

merely a correlation, with a similar disparity between men and women. No matter which 

approach is used, the pipeline problem is clearly not enough of an explanation: the difference in 

STEM degree attainment rates does not account for the severe disparity of women and men in 

working in STEM jobs. In the next and final section, I discuss the implications of this finding in 

terms of potential policy interventions.  
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CONCLUSION AND POLICY RECOMMENDATIONS 

 

In this analysis, I leveraged the broad and detailed data available from the American 

Community Survey to first confirm that women are disproportionately underrepresented in 

STEM jobs, and then to refute the notion that this underrepresentation is primarily attributable to 

the “pipeline problem,” i.e. a dearth of women with qualifying academic credentials. After 

controlling for factors that generally distort labor market participation, including race, age, and 

geography, possession of a STEM degree remained a strong predictor for whether or not an 

individual works in a STEM job. However, the estimated size of the effect is regularly about half 

as strong for women as it is for men, varying in its exact value with the specifics of the model 

specification and methodology: linear approximation, logistic regression, or propensity score 

matching. This demonstrates that even when they get a STEM degree, women are less likely to 

work in a STEM job than their male counterparts, holding constant race, age, geography, and 

other factors. Accordingly, this implies that even if women were to attain parity in STEM degree 

attainment rates, that alone would not be enough to erase the discrepancy of their participation 

rate in STEM careers. 

Knowing the depth to which this discrepancy persists reveals a need for broad-based 

policy interventions, including those outlined below: First, to iterate on the models included in 

this analysis to account for factors that were omitted for simplicity, including survey replicate 

weights. Second, to extend this data analysis with improved data collection to more precisely 

determine educational effects on STEM and STEM-related jobs. Third, to extend this analysis to 

other underrepresented groups, including ethnic and racial minorities, whose underrepresentation 

may be doubly compounded with the effects of gender. Fourth, to evaluate how female- and/or 
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family-focused labor policies, such as anti-discrimination requirements and paid family leave, 

specifically affect the STEM subpopulation. Fifth, to investigate and implement requirements in 

the hiring process that can counteract engrained biases that negatively impact the hiring rate of 

women for STEM positions. Sixth, to pilot and evaluate programs targeting cultural attitudes 

within STEM workplaces, especially promoting women as role models. Seventh and lastly, to 

continue to encourage gender parity in STEM degree programs, as these degrees continue to be a 

major determinant in STEM jobs, even accounting for the wide gender disparity of impact 

outlined in this paper. 

 

A. Incorporate Existing Data Into More Advanced, Computationally-Intensive Models 
 

The models included within this paper represent a broad but shallow survey of 

approaches to estimating the intersection of gender, STEM education, and the STEM workforce. 

The data are drawn from a single year, where similar volumes of quality data exist in the form of 

American Community Survey responses from at least the last decade (and decennial Censuses 

before then) that could observe the changes of these effects over time, and other outside data sets 

could be joined to identify more characteristics of self-reported data features, such as specific 

college majors or a cross-listing of the amount of resources in a given region. 

In addition, the responses are all self-reported, meaning that there is an inescapable 

amount of response bias in the data that poses a challenge to extrapolating results from the 

population of respondents to the United States more broadly, let alone to other countries. The 

Census Bureau, well aware of these problems, includes not only a statistical weight for each 

individual within the data, but also a collection of 80 replicate weights that statistical software 
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can use to properly calibrate standard errors for all estimates without compromising the 

anonymity of individual respondents that could possibly be identified by the full, raw data. My 

models here do not account for any of these statistical weights, as the large sample sizes already 

provide some certainty in the form of highly significant results, but parties with greater 

computational resources or more efficient algorithms could incorporate them to validate the 

results with more proper and precise methodology.  

Similarly, limiting geographic controls to the state level may capture differences in 

economic, policy, and legal conditions that vary at the state level, but misses out on the variation 

that occurs within states, including between urban and rural areas. A more geographically 

controlled model would also incorporate the PUMA (Public Use Microdata Area), which is the 

smallest geographic unit included in the PUMS that includes enough respondents to preserve the 

anonymity of all respondents. However, there are hundreds of PUMAs represented in the large 

populations used for this analysis, meaning the State approach of simply breaking out each as a 

factor level with its own binary indicator variable is not feasible without considerable amounts of 

computational power. More sophisticated approaches could be pursued to capture this variance 

by locality, if it is believed likely to be significant. 

 

 

B. Improve Data Gathering to Evaluate Specifics of How Educational Choices 
Influence Career Choices 

  

In this analysis, I only use two primary categories for both education and employment: 

STEM and everything non-STEM. For education, the latter category includes a range of 

everything from those who drop out of high school to those who have PhDs in non-STEM fields. 

For employment, the latter category pointedly excludes all occupations that the Census Bureau 
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classifies as “STEM-related”, including all medical professions. The result is that many high-

paying, skill-intensive jobs have significantly more female representation than core STEM jobs. 

To most exhibit this point, consider that neither attorneys nor surgeons are considered STEM 

jobs, but both employ significant numbers of people who earned STEM degrees at the 

undergraduate level, and may attract qualified women away from STEM jobs by nature of their 

higher compensation, prestige, or existing gender balance. 

 A more precise analysis, based on more granular education and employment data, would 

be able to identify specific points of deviation between the education and career paths of men 

and women. It would help identify how many women who earn STEM degrees without plans to 

seek STEM careers, as opposed to those who start in the STEM pipeline and are forced out by 

other factors. With detailed enough data, it could even be possible to isolate more causal factors 

that keep women from STEM jobs, or cause them to leave, whether those factors are cultural (i.e. 

STEM workplaces are hostile to women), economic (there are more attractive, better-paying jobs 

available for those with the same qualifications), or purely preference-based. This information 

would be crucial to generating more structured, targeted policy interventions, or even 

determining the relative severity of these factors from a societal prioritization perspective. For 

example, if it is the case that women with STEM degrees instead choose medical or non-STEM 

jobs because they are simply better jobs, then that could be viewed by policymakers as less 

problematic than women who actively want STEM jobs but are excluded by bias in the hiring 

process. 

 There is some reason to suspect that this may be the case. As shown in the table below, 

the women and men with STEM degrees work in jobs categorized as “STEM-Related” (i.e. 



51 

 

medical or architecture) at very similar levels, especially compared to every other group. It also 

shows that women with STEM degrees are only slightly more likely to work STEM jobs than 

STEM-related jobs. Perhaps most importantly, it shows that both STEM and STEM-related jobs 

account for only a small fraction of the total job market, so this further analysis would have to 

continue to evaluate the entire job market to fully understand the differentiating factors 

impacting STEM. 

 

Table 7: Proportion of Respondents in Each Employment Category, by Gender and 

Degree Status 

 
Job Category  Without STEM 

Degree 

With STEM Degree 

Non-STEM Men 0.4156 0.0465 

 Women 0.3824 0.0365 

    

STEM Men 0.0200    0.0220 

 Women 0.0079    0.0071 

    

STEM-Related Men 0.0094    0.0065 

 Women 0.0397    0.0064 
 

 

C. Extend Analysis to Interaction Effects of Other Subpopulations, Especially 
Underrepresented Racial and Ethnic Minorities 

 

 As briefly noted in the results section above, there is obviously some effect of race on 

STEM workforce participation, which should come as no surprise. Like women, African 

Americans and Hispanics are markedly underrepresented in STEM jobs, relative to their share of 

the general population. Using the same data and similar methodologies to what I have included 

here, this analysis could be extended to measure the relative impact of STEM degrees for these 

populations. It could also be further extended to determine whether there is an interaction effect 
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for women in these ethnic groups, as it seems likely that women of color could have lower 

representation rates than both white women and men of the same ethnicities. 

 While the remedies to racial underrepresentation and gender underrepresentation may not 

be exactly the same, it seems likely that similar methodologies could be applied to aid other 

groups who face similar problems, and certainly the same methods used above would be 

effective in studying these groups. 

 

D. Evaluate the Effect of Gender-Focused Labor Market Regulations on STEM Jobs 
 

 Other literature within the fields of gender studies, labor policy, and economics has 

investigated the effect of family-friendly policies on women’s participation in the workforce. In 

theory, policies such as paid maternity leave, daycare subsidies, and family planning resources 

reduce the burden of pregnancy on women’s careers by allowing them to maintain control of 

their professional lives through the many disruptions that come from pregnancy, childbirth, and 

the responsibilities of caring for infants. In general, women can work more and earn more when 

they have some guarantee that their children will be looked after, or if they are able to choose if 

and when to have children. 

 These effects are seen in many ways for women in the workforce, and can be compared 

across environments that have different levels of each of these policies, which are often 

implemented at the state or local level.o While the economic effects are broad enough that they 

                                                 
o The National Partnership for Women & Families tracks and grades each state on the family-friendly labor policies 
that they enact above the minimum federal baseline (National Partnership for Women & Families, 2016). The 
scoring system is somewhat subjective, but the general analysis shows that socially liberal states with large 
metropolitan areas and large economies (e.g. California and New York) generally provide much more generous 
protections to new parents. 



53 

 

surely apply to all women, specific research could determine the relative magnitude of these 

effects within the STEM population. If STEM jobs are already competitive and male-dominated, 

family-friendly labor laws may help mitigate the rate at which women are pushed out of a STEM 

career path by necessity to accommodate new family needs. Similarly, given that some STEM 

jobs are dependent on rapidly evolving technology, women in these fields may be 

disproportionately affected by any childcare burdens that keep them from spending time in the 

office, keeping abreast of the latest developments. 

 In either case, more precise information about the nature and magnitude of these effects 

would help policymakers make more informed decisions about the tradeoffs between the gender 

parity benefits of such policies and their potential costs or market-distorting effects. 

 

E. Implement Formalized Processes in Hiring Decisions to Mitigate Gender Bias 
 

Laws prohibiting explicit discrimination against women in hiring decisions have no doubt 

benefited women’s workforce participation rate, and some of that gain is undoubtedly felt in 

STEM. However, as the current literature shows, the effects of implicit bias in hiring decisions 

may be especially strong in STEM jobs, and governments have far fewer tools to combat implicit 

biases. Some amount of affirmative action may be warranted, but also risks a backlash effect that 

could make women perceived as outsiders to the field even more. Private firms are 

experimenting with ways to select more women for scarce jobs for their own benefit, but as of 

yet none seem to be enforceable by a governing agency. 

If, however, STEM jobs can be shown to have more objective measures of success or 

qualification than non-STEM jobs—a strong but not inconceivable assumption—then it may be 
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possible to develop objective processes or tests that employers could use in hiring decisions, 

reducing the weight given to other factors that are subject to implicit bias. 

 

F. Pilot More Programs to Address Culture within the STEM Workforce 
 

Culture will, of course, remain the hardest factor for policies to change, but there are 

steps that governments can take. First would be to acknowledge and validate that culture is a 

factor, and to support further research to better understand its nebulous impact. Second, 

governments can enforce strict control over more flagrant offenses, such as sexual harassment in 

the workplace that creates an openly hostile environment. Finally, governments have the capacity 

to lead by example: hiring qualified women for top, high-profile STEM jobs in government 

provides a highly visible set of role models for boys and girls to internalize from a young age, 

with the potential to drastically reduce bias and imposter syndrome in later years. 

 

G. Continue to Promote Gender Parity in STEM Education at All Levels 
 

 While this thesis refutes the notion that educational attainment alone is enough to explain 

the gender disparity in the STEM workforce, it also shows that educational attainment is a 

hugely important factor, one in which women are still severely behind. Bringing more women 

into academic disciplines where they are currently absent would likely increase the total number 

of them that enter related jobs, even if they do so at a lower rate than their male counterparts. 

Fields that have particularly low female participation rates, such as engineering and computer 

science, may present the “lowest hanging fruit,” in that an increase to just 30 percent women 

graduating would, in some cases, be increasing their proportion by half again its current value. 
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On the other hand, if these programs are especially unequal because of deeply engrained 

expectations or practices, they may be the most resistant to change, and perhaps more gains 

could be made by investing in support for programs that are closer to parity, in the hopes that 

they may lead by example in establishing best practices to increase participation.  

Notably, nothing in any of this analysis gives any credence to the idea that these 

interventions must or should be implemented in isolation. Even if each makes only a small 

difference, the cumulative effect of many interventions countering many factors that feed the gap 

is necessary to achieve balance in the long run. 
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APPENDIX 1.1: COMPLETE OLS RESULTS 

 

OLS Regressions 

 Dependent variable: 

 stemworker 

 Naïve  
Demographic 

Controls 

Geographic and 

Demographic (Full) 

Controls 

female -0.022*** -0.020*** -0.020*** 
 (0.0003) (0.0003) (0.0003) 

female:stemdegree -0.111*** -0.117*** -0.117*** 
 (0.001) (0.001) (0.001) 

stemdegree 0.217*** 0.217*** 0.215*** 
 (0.001) (0.001) (0.001) 

asian  0.050*** 0.050*** 
  (0.001) (0.001) 

advanceddegree  -0.042*** -0.043*** 
  (0.001) (0.001) 

black  -0.012*** -0.013*** 
  (0.0004) (0.0004) 

hispanic  -0.014*** -0.016*** 
  (0.0004) (0.0005) 

otherrace  -0.015*** -0.013*** 
  (0.001) (0.001) 

established  0.002*** 0.002*** 
  (0.0004) (0.0004) 

married  0.009*** 0.009*** 
  (0.0003) (0.0003) 

fluentenglish  0.033*** 0.033*** 
  (0.001) (0.001) 

StateALASKA   -0.006* 
   (0.003) 

StateARIZONA   0.006*** 
   (0.001) 
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OLS Regressions 

 Dependent variable: 

 stemworker 

 Naïve  
Demographic 

Controls 

Geographic and 

Demographic (Full) 

Controls 

StateARKANSAS   -0.006*** 
   (0.002) 

StateCALIFORNIA   0.006*** 
   (0.001) 

StateCOLORADO   0.016*** 
   (0.001) 

StateCONNECTICUT   0.006*** 
   (0.002) 

StateDELAWARE   0.014*** 
   (0.003) 

StateDISTRICT OF 

COLUMBIA 
  0.026*** 

   (0.003) 

StateFLORIDA   -0.001 
   (0.001) 

StateGEORGIA   0.004*** 
   (0.001) 

StateHAWAII   -0.031*** 
   (0.002) 

StateIDAHO   -0.001 
   (0.002) 

StateILLINOIS   0.003*** 
   (0.001) 

StateINDIANA   -0.003** 
   (0.001) 

StateIOWA   -0.003* 
   (0.002) 

StateKANSAS   0.001 
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OLS Regressions 

 Dependent variable: 

 stemworker 

 Naïve  
Demographic 

Controls 

Geographic and 

Demographic (Full) 

Controls 
   (0.002) 

StateKENTUCKY   -0.005*** 
   (0.001) 

StateLOUISIANA   -0.001 
   (0.001) 

StateMAINE   -0.007*** 
   (0.002) 

StateMARYLAND   0.026*** 
   (0.001) 

StateMASSACHUSETTS   0.015*** 
   (0.001) 

StateMICHIGAN   0.004*** 
   (0.001) 

StateMINNESOTA   0.002* 
   (0.001) 

StateMISSISSIPPI   -0.004** 
   (0.002) 

StateMISSOURI   0.001 
   (0.001) 

StateMONTANA   -0.005** 
   (0.002) 

StateNEBRASKA   -0.002 
   (0.002) 

StateNEVADA   -0.008*** 
   (0.002) 

StateNEW HAMPSHIRE   0.015*** 
   (0.002) 

StateNEW JERSEY   0.007*** 
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OLS Regressions 

 Dependent variable: 

 stemworker 

 Naïve  
Demographic 

Controls 

Geographic and 

Demographic (Full) 

Controls 
   (0.001) 

StateNEW MEXICO   0.009*** 
   (0.002) 

StateNEW YORK   -0.005*** 
   (0.001) 

StateNORTH CAROLINA   0.004*** 
   (0.001) 

StateNORTH DAKOTA   -0.009*** 
   (0.003) 

StateOHIO   0.003** 
   (0.001) 

StateOKLAHOMA   -0.006*** 
   (0.002) 

StateOREGON   0.004*** 
   (0.001) 

StatePENNSYLVANIA   0.0002 
   (0.001) 

StateRHODE ISLAND   0.004* 
   (0.002) 

StateSOUTH CAROLINA   -0.002 
   (0.001) 

StateSOUTH DAKOTA   -0.011*** 
   (0.003) 

StateTENNESSEE   -0.002 
   (0.001) 

StateTEXAS   0.009*** 
   (0.001) 

StateUTAH   0.009*** 



60 

 

OLS Regressions 

 Dependent variable: 

 stemworker 

 Naïve  
Demographic 

Controls 

Geographic and 

Demographic (Full) 

Controls 
   (0.002) 

StateVERMONT   0.004 
   (0.003) 

StateVIRGINIA   0.017*** 
   (0.001) 

StateWASHINGTON   0.011*** 
   (0.001) 

StateWEST VIRGINIA   -0.006*** 
   (0.002) 

StateWISCONSIN   -0.0003 
   (0.001) 

StateWYOMING   -0.009*** 
   (0.003) 

agep  -0.001*** -0.001*** 
  (0.00001) (0.00001) 

citizen  -0.017*** -0.016*** 
  (0.001) (0.001) 

Constant 0.034*** 0.050*** 0.046*** 
 (0.0002) (0.001) (0.001) 

Observations 2,247,858 2,247,858 2,247,858 

R2 0.088 0.099 0.100 

Adjusted R2 0.088 0.099 0.100 

Residual Std. Error 
0.190 (df = 

2247854) 

0.189 (df = 

2247844) 
0.188 (df = 2247794) 

F Statistic 
72,522.180*** (df = 

3; 2247854) 

19,044.360*** (df = 

13; 2247844) 

3,984.131*** (df = 63; 

2247794) 

Note: *p<0.1; **p<0.05; ***p<0.01 
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APPENDIX 1.2: COMPLETE LOGIT RESULTS 

 

Logit Regressions 

 Dependent variable: 

 stemworker 

 Naïve  
Demographic 

Controls 

Geographic and 

Demographic (Full) 

Controls 

female -1.070*** -1.031*** -1.035*** 
 (0.011) (0.011) (0.011) 

female:stemdegree 0.154*** -0.018 -0.022 
 (0.016) (0.016) (0.016) 

stemdegree 2.248*** 2.178*** 2.139*** 
 (0.008) (0.009) (0.009) 

advanceddegree  -0.490*** -0.496*** 
  (0.014) (0.014) 

asian  0.666*** 0.637*** 
  (0.012) (0.012) 

black  -0.481*** -0.498*** 
  (0.015) (0.016) 

hispanic  -0.529*** -0.584*** 
  (0.015) (0.015) 

otherrace  -0.561*** -0.545*** 
  (0.045) (0.046) 

established  0.106*** 0.113*** 
  (0.011) (0.011) 

married  0.367*** 0.366*** 
  (0.008) (0.008) 

fluentenglish  1.580*** 1.581*** 
  (0.041) (0.041) 

StateALASKA   -0.092 
   (0.095) 

StateARIZONA   0.227*** 
   (0.041) 
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Logit Regressions 

 Dependent variable: 

 stemworker 

 Naïve  
Demographic 

Controls 

Geographic and 

Demographic (Full) 

Controls 

StateARKANSAS   -0.272*** 
   (0.058) 

StateCALIFORNIA   0.223*** 
   (0.035) 

StateCOLORADO   0.411*** 
   (0.040) 

StateCONNECTICUT   0.196*** 
   (0.045) 

StateDELAWARE   0.389*** 
   (0.068) 

StateDISTRICT OF 

COLUMBIA 
  0.471*** 

   (0.065) 

StateFLORIDA   0.003 
   (0.037) 

StateGEORGIA   0.156*** 
   (0.039) 

StateHAWAII   -0.436*** 
   (0.066) 

StateIDAHO   0.003 
   (0.064) 

StateILLINOIS   0.109*** 
   (0.037) 

StateINDIANA   -0.088** 
   (0.044) 

StateIOWA   -0.095* 
   (0.053) 

StateKANSAS   0.033 
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Logit Regressions 

 Dependent variable: 

 stemworker 

 Naïve  
Demographic 

Controls 

Geographic and 

Demographic (Full) 

Controls 
   (0.052) 

StateKENTUCKY   -0.182*** 
   (0.048) 

StateLOUISIANA   -0.055 
   (0.048) 

StateMAINE   -0.183*** 
   (0.070) 

StateMARYLAND   0.618*** 
   (0.039) 

StateMASSACHUSETTS   0.376*** 
   (0.039) 

StateMICHIGAN   0.145*** 
   (0.039) 

StateMINNESOTA   0.111*** 
   (0.043) 

StateMISSISSIPPI   -0.230*** 
   (0.060) 

StateMISSOURI   0.034 
   (0.043) 

StateMONTANA   -0.118 
   (0.078) 

StateNEBRASKA   -0.067 
   (0.062) 

StateNEVADA   -0.161*** 
   (0.056) 

StateNEW HAMPSHIRE   0.416*** 
   (0.056) 

StateNEW JERSEY   0.182*** 
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Logit Regressions 

 Dependent variable: 

 stemworker 

 Naïve  
Demographic 

Controls 

Geographic and 

Demographic (Full) 

Controls 
   (0.038) 

StateNEW MEXICO   0.317*** 
   (0.059) 

StateNEW YORK   -0.086** 
   (0.036) 

StateNORTH CAROLINA   0.158*** 
   (0.039) 

StateNORTH DAKOTA   -0.332*** 
   (0.095) 

StateOHIO   0.097** 
   (0.038) 

StateOKLAHOMA   -0.221*** 
   (0.053) 

StateOREGON   0.179*** 
   (0.044) 

StatePENNSYLVANIA   0.026 
   (0.038) 

StateRHODE ISLAND   0.146** 
   (0.069) 

StateSOUTH CAROLINA   -0.040 
   (0.046) 

StateSOUTH DAKOTA   -0.414*** 
   (0.096) 

StateTENNESSEE   -0.041 
   (0.043) 

StateTEXAS   0.282*** 
   (0.035) 

StateUTAH   0.274*** 
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Logit Regressions 

 Dependent variable: 

 stemworker 

 Naïve  
Demographic 

Controls 

Geographic and 

Demographic (Full) 

Controls 
   (0.049) 

StateVERMONT   0.188** 
   (0.079) 

StateVIRGINIA   0.430*** 
   (0.038) 

StateWASHINGTON   0.325*** 
   (0.039) 

StateWEST VIRGINIA   -0.214*** 
   (0.066) 

StateWISCONSIN   0.015 
   (0.043) 

StateWYOMING   -0.275*** 
   (0.106) 

agep  -0.024*** -0.024*** 
  (0.0002) (0.0002) 

citizen  -0.216*** -0.205*** 
  (0.015) (0.015) 

Constant -3.337*** -3.736*** -3.865*** 
 (0.006) (0.043) (0.054) 

Observations 2,247,858 2,247,858 2,247,858 

Log Likelihood -326,092.600 -314,081.600 -312,740.400 

Akaike Inf. Crit. 652,193.300 628,191.300 625,608.900 

Note: *p<0.1; **p<0.05; ***p<0.01 
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APPENDIX 1.3: COMPLETE SUBPOPULATIONS LOGIT TABLE 

 

Logit on Subpopulations 

 Dependent variable: 

 stemworker 

 Original Population 
Age 21 – 27  

Only 

Reported Wage-

Earners  

Only 

female -1.035*** -0.893*** -0.953*** 
 (0.011) (0.040) (0.011) 

female:stemdegree -0.022 -0.339*** -0.038** 
 (0.016) (0.055) (0.017) 

stemdegree 2.139*** 2.772*** 2.087*** 
 (0.009) (0.032) (0.010) 

advanceddegree -0.496*** -1.351*** -0.683*** 
 (0.014) (0.116) (0.016) 

asian 0.637*** 0.566*** 0.676*** 
 (0.012) (0.043) (0.013) 

black -0.498*** -0.713*** -0.425*** 
 (0.016) (0.054) (0.017) 

hispanic -0.584*** -0.547*** -0.577*** 
 (0.015) (0.046) (0.016) 

citizen -0.205*** -0.184*** -0.313*** 
 (0.015) (0.053) (0.016) 

otherrace -0.545*** -0.869*** -0.411*** 
 (0.046) (0.165) (0.049) 

established 0.113*** -0.232*** 0.046*** 
 (0.011) (0.027) (0.012) 

married 0.366*** 0.038 0.213*** 
 (0.008) (0.032) (0.009) 

fluentenglish 1.581*** 1.439*** 1.529*** 
 (0.041) (0.171) (0.044) 

StateALASKA -0.092 0.285 -0.224** 
 (0.095) (0.297) (0.101) 



67 

 

Logit on Subpopulations 

 Dependent variable: 

 stemworker 

 Original Population 
Age 21 – 27  

Only 

Reported Wage-

Earners  

Only 

StateARIZONA 0.227*** 0.101 0.197*** 
 (0.041) (0.169) (0.045) 

StateARKANSAS -0.272*** 0.102 -0.256*** 
 (0.058) (0.214) (0.062) 

StateCALIFORNIA 0.223*** 0.368*** 0.145*** 
 (0.035) (0.140) (0.037) 

StateCOLORADO 0.411*** 0.576*** 0.310*** 
 (0.040) (0.158) (0.043) 

StateCONNECTICUT 0.196*** 0.501*** 0.055 
 (0.045) (0.175) (0.048) 

StateDELAWARE 0.389*** 0.439 0.303*** 
 (0.068) (0.276) (0.074) 

StateDISTRICT OF 

COLUMBIA 
0.471*** 0.635*** 0.342*** 

 (0.065) (0.196) (0.069) 

StateFLORIDA 0.003 -0.007 -0.044 
 (0.037) (0.150) (0.040) 

StateGEORGIA 0.156*** 0.324** 0.100** 
 (0.039) (0.155) (0.042) 

StateHAWAII -0.436*** -0.387 -0.584*** 
 (0.066) (0.258) (0.072) 

StateIDAHO 0.003 0.295 -0.077 
 (0.064) (0.236) (0.070) 

StateILLINOIS 0.109*** 0.294** 0.023 
 (0.037) (0.149) (0.040) 

StateINDIANA -0.088** 0.161 -0.169*** 
 (0.044) (0.167) (0.047) 

StateIOWA -0.095* 0.218 -0.163*** 
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Logit on Subpopulations 

 Dependent variable: 

 stemworker 

 Original Population 
Age 21 – 27  

Only 

Reported Wage-

Earners  

Only 
 (0.053) (0.196) (0.056) 

StateKANSAS 0.033 0.293 -0.061 
 (0.052) (0.190) (0.055) 

StateKENTUCKY -0.182*** -0.019 -0.195*** 
 (0.048) (0.189) (0.052) 

StateLOUISIANA -0.055 0.560*** -0.090* 
 (0.048) (0.170) (0.052) 

StateMAINE -0.183*** -0.218 -0.286*** 
 (0.070) (0.300) (0.078) 

StateMARYLAND 0.618*** 0.719*** 0.495*** 
 (0.039) (0.156) (0.042) 

StateMASSACHUSETTS 0.376*** 0.562*** 0.264*** 
 (0.039) (0.151) (0.041) 

StateMICHIGAN 0.145*** 0.537*** 0.116*** 
 (0.039) (0.153) (0.042) 

StateMINNESOTA 0.111*** 0.320* 0.012 
 (0.043) (0.168) (0.045) 

StateMISSISSIPPI -0.230*** -0.199 -0.244*** 
 (0.060) (0.239) (0.065) 

StateMISSOURI 0.034 0.449*** -0.011 
 (0.043) (0.163) (0.046) 

StateMONTANA -0.118 0.016 -0.168** 
 (0.078) (0.315) (0.084) 

StateNEBRASKA -0.067 0.023 -0.177*** 
 (0.062) (0.239) (0.065) 

StateNEVADA -0.161*** 0.121 -0.330*** 
 (0.056) (0.208) (0.062) 

StateNEW HAMPSHIRE 0.416*** 0.416* 0.293*** 
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Logit on Subpopulations 

 Dependent variable: 

 stemworker 

 Original Population 
Age 21 – 27  

Only 

Reported Wage-

Earners  

Only 
 (0.056) (0.232) (0.061) 

StateNEW JERSEY 0.182*** 0.196 0.056 
 (0.038) (0.156) (0.041) 

StateNEW MEXICO 0.317*** 0.227 0.294*** 
 (0.059) (0.253) (0.064) 

StateNEW YORK -0.086** 0.133 -0.199*** 
 (0.036) (0.145) (0.039) 

StateNORTH CAROLINA 0.158*** 0.219 0.098** 
 (0.039) (0.156) (0.042) 

StateNORTH DAKOTA -0.332*** 0.391 -0.414*** 
 (0.095) (0.279) (0.102) 

StateOHIO 0.097** 0.408*** 0.020 
 (0.038) (0.151) (0.041) 

StateOKLAHOMA -0.221*** 0.052 -0.243*** 
 (0.053) (0.197) (0.057) 

StateOREGON 0.179*** 0.354** 0.120** 
 (0.044) (0.173) (0.048) 

StatePENNSYLVANIA 0.026 0.279* -0.059 
 (0.038) (0.150) (0.041) 

StateRHODE ISLAND 0.146** 0.405 -0.028 
 (0.069) (0.254) (0.075) 

StateSOUTH CAROLINA -0.040 0.193 -0.105** 
 (0.046) (0.176) (0.050) 

StateSOUTH DAKOTA -0.414*** -0.022 -0.434*** 
 (0.096) (0.336) (0.099) 

StateTENNESSEE -0.041 0.211 -0.071 
 (0.043) (0.167) (0.046) 

StateTEXAS 0.282*** 0.571*** 0.205*** 
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Logit on Subpopulations 

 Dependent variable: 

 stemworker 

 Original Population 
Age 21 – 27  

Only 

Reported Wage-

Earners  

Only 
 (0.035) (0.142) (0.038) 

StateUTAH 0.274*** 0.576*** 0.216*** 
 (0.049) (0.184) (0.052) 

StateVERMONT 0.188** 0.828*** 0.076 
 (0.079) (0.290) (0.086) 

StateVIRGINIA 0.430*** 0.550*** 0.324*** 
 (0.038) (0.149) (0.040) 

StateWASHINGTON 0.325*** 0.507*** 0.253*** 
 (0.039) (0.153) (0.042) 

StateWEST VIRGINIA -0.214*** 0.271 -0.229*** 
 (0.066) (0.227) (0.072) 

StateWISCONSIN 0.015 0.346** -0.065 
 (0.043) (0.169) (0.046) 

StateWYOMING -0.275*** -0.427 -0.441*** 
 (0.106) (0.449) (0.116) 

agep -0.024*** 0.108*** -0.007*** 
 (0.0002) (0.008) (0.0003) 

Constant -3.865*** -7.506*** -4.012*** 
 (0.054) (0.287) (0.059) 

Observations 2,247,858 183,147 1,318,842 

Log Likelihood -312,740.400 -24,406.420 -255,375.200 

Akaike Inf. Crit. 625,608.900 48,940.840 510,878.300 

Note: *p<0.1; **p<0.05; ***p<0.01 
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APPENDIX 2.1: MATCH BALANCE TABLE, MALE SAMPLE 
 

 

Variable  Before Matching After Matching 

advanceddegree Mean treatment 0.19845 0.19845 

 Mean control 0.016148 0.19845 

 Std. Mean Diff. 45.673 0 

 T-test p-value <0.000000000000000222 1 

    

asian Mean treatment 0.12403 0.12403 

 Mean control 0.038471 0.12403 

 Std. Mean Diff. 25.937 0 

 T-test p-value 0.00000000024544 1 

    

black Mean treatment 0.048062 0.048062 

 Mean control 0.10853 0.048062 

 Std. Mean Diff. - 28.246 0 

 T-test p-value 0.0000000006388 1 

    

hispanic Mean treatment 0.069767 0.069767 

 Mean control 0.12705 0.067959 

 Std. Mean Diff. - 22.467 0.70946 

 T-test p-value 0.00000044806 0.42808 

    

otherrace Mean treatment 0.0062016 0.0062016 

 Mean control 0.011161 0.0062016 

 Std. Mean Diff. - 6.3128 0 

 T-test p-value 0.15578 1 

    

established Mean treatment 0.89457 0.89457 

 Mean control 0.86986 0.89535 

 Std. Mean Diff. 8.0396 - 0.25223 

 T-test p-value 0.060873 0.83123 

    

married Mean treatment 0.71938 0.71938 

 Mean control 0.57326 0.72093 

 Std. Mean Diff. 32.496 - 0.3448 

 T-test p-value 0.000000000000085709 0.75191 

    

fluentenglish Mean treatment 0.9814 0.9814 

 Mean control 0.96224 0.98295 

 Std. Mean Diff. 14.164 - 1.1465 

 T-test p-value 0.0016798 0.31731 
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Variable  Before Matching After Matching 

agep Mean treatment 52.657 52.657 

 Mean control 50.962 53.194 

 Std. Mean Diff. 10.53 - 3.3353 

 T-test p-value 0.014233 0.011916 

 KS Bootstrap p-value 0.008 0.986 

 KS Naïve p-value 0.011399 0.99948 

    

citizen Mean treatment 0.94109 0.94109 

 Mean control 0.94229 0.94341 

 Std. Mean Diff. 0.51294 - 0.98689 

 T-test p-value 0.90334 0.42274 

    

Before Matching 

Minimum p-value 
<0.000000000000000222 Variable name(s): advanceddegree 

After Matching 

Minimum p-value 
0.011916 Variable name(s): agep 
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APPENDIX 2.2: MATCH BALANCE TABLE, FEMALE SAMPLE 

 

Variable  Before Matching After Matching 

advanceddegree Mean treatment 0.15725 0.15725 

 Mean control 0.015833 0.15725 

 Std. Mean Diff. 38.799 0 

 T-test p-value 0.000000000000055067 1 

    

asian Mean treatment 0.14005 0.14005 

 Mean control 0.046443 0.14005 

 Std. Mean Diff. 26.94 0 

 T-test p-value 0.00000014208 1 

    

black Mean treatment 0.071253 0.071253 

 Mean control 0.10407 0.072482 

 Std. Mean Diff. -12.743 -0.47697 

 T-test p-value 0.015514 0.47964 

    

hispanic Mean treatment 0.071253 0.071253 

 Mean control 0.12117 0.072482 

 Std. Mean Diff. -19.382 -0.47697 

 T-test p-value 0.00027199 0.47964 

    

otherrace Mean treatment 0.002457 0.002457 

 Mean control 0.014777 0.002457 

 Std. Mean Diff. -24.855 0 

 T-test p-value 0.000048665 1 

    

established Mean treatment 0.89189 0.89189 

 Mean control 0.89297 0.89558 

 Std. Mean Diff. -0.34685 -1.1854 

 T-test p-value 0.94647 0.22053 

    

married Mean treatment 0.66093 0.66093 

 Mean control 0.55373 0.65725 

 Std. Mean Diff. 22.619 0.77757 

 T-test p-value 0.000015769 0.55646 

    

fluentenglish Mean treatment 0.97789 0.97789 

 Mean control 0.94849 0.97789 

 Std. Mean Diff. 19.966 0 

 T-test p-value 0.00024859 1 
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Variable  Before Matching After Matching 

agep Mean treatment 47.42 47.42 

 Mean control 53.69 47.608 

 Std. Mean Diff. -42.245 -1.2686 

 T-test p-value 0.0000000000000066613 0.33903 

 KS Bootstrap p-value <0.000000000000000222 1 

 KS Naïve p-value 0.0000000000004039 1 

    

citizen Mean treatment 0.91892 0.91892 

 Mean control 0.94047 0.92138 

 Std. Mean Diff. 7.8851 0.89903 

 T-test p-value 0.12379 0.31731 

    

Before Matching 

Minimum p-value 
<0.000000000000000222 Variable name(s): agep 

After Matching 

Minimum p-value 
0.22053 Variable name(s): established 
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