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Abstract.

BACKGROUND: More than 1 in 4 adult Americans have a disability limiting their daily functioning to earn living wages.
Meanwhile, the shortage of U.S. professionals in STEM fields persists because of underrepresentation of specific groups,
such as racial and ethnic minorities, women, and people with disabilities.

OBJECTIVE: The study investigates the determinants of wages among Americans with disabilities in non-STEM and STEM
occupations to explore the feasibility of broadening their participation in STEM careers where they may earn higher wages
and thereby, close the wage-gap with their non-disabled peers.

METHODS: The study used a research design based on Mincer’s earnings regression model to analyze select variables as
wage determinants based on data from the 2018 American Community Survey (ACS).

RESULTS: While the findings suggest that within the Americans with disabilities group, working in a STEM occupation
with a college degree in a STEM field was the best route to attain maximum wages, significant wage disparities exist compared

to Americans without disabilities.

CONCLUSION: The implications of the findings for Vocational Rehabilitation providers are discussed.

Keywords: Americans, disabilities, employment, STEM occupations, wages

1. Introduction

More than thirty years ago on July 26, 1990,
President George H.W. Bush signed into law the
Americans with Disabilities Act (ADA) to guarantee
equal protection for people with a range of disabili-
ties, from mental health issues to physical challenges.
Modeled after the 1964 Civil Rights Act, the ADA
prohibits discrimination against people with disabil-
ities in areas such as employment, transportation and
public accommodations. Three decades after its pas-
sage, however, disabled Americans still face higher
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unemployment than non-disabled working adults, a
problem only further compounded by the coronavirus
pandemic. More than 1 in 4 adult Americans have a
disability limiting their daily functioning to earn liv-
ing wages (Okoro et al., 2016). According to the U.S.
Bureau of Labor Statistics (2021), 17.9 percent of per-
sons with a disability were employed in 2020, down
from 19.3 percent in 2019. For persons without a dis-
ability, 61.8 percent were employed in 2020, down
from 66.3 percent in the prior year. The unemploy-
ment rates for persons with and without a disability
both increased from between 2019 and 2020 to 12.6
percent and 7.9 percent, respectively.

Meanwhile, the shortage of U.S. professionals in
STEM fields persists because of underrepresenta-
tion of specific groups, such as racial and ethnic
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minorities, women, and people with disabilities
(National Center for Science and Engineering Statis-
tics, 2021). There are many factors why this is the case
(see Fry et al., 2021). Specifically, when compared
to their nondisabled peers, working adults with dis-
abilities are less likely to earn a college degree—and
even less so in a STEM field and therefore, less qual-
ified for jobs in STEM occupations (U.S. Bureau of
Labor Statistics, 2021). Yet, the earnings premium for
a STEM degree can be as much as 24 to 27 percent,
which could lead to improved standards of living for
many disabled Americans (National Science Board,
2021, p. 39). In 2019, the average wage with a
STEM Bachelor’s degree or higher was $78,000 com-
pared to $53,000 for non-STEM jobs—a difference of
$25,000 representing a 47.2 percent premium. With-
out a college degree, the average wage was $43,200
for STEM jobs compared to $27,000 for non-STEM
positions, a difference of $16,200 representing a 60
percent premium (National Science Board, 2021, p.
37). Employment in STEM fields is also widely con-
sidered to be among the most desirable because of
its relative stability compared to other occupations
(Torres-Olave, 2019).

Nonetheless, the case for the current study derives
from the most recent findings on persons with dis-
abilities in science and engineering, published by
researchers at the National Center for Science and
Engineering Statistics (NCSES, 2021). They found
that about 10 percent of women and about 9 per-
cent of men who were scientists and engineers
with at least a bachelor’s degree were not working
due to chronic illness or disability (p. 36). More-
over, their results indicated scientists and engineers
with disability had a higher unemployment rate than
those without disability—even higher than the over-
all U.S. unemployment rate in 2019 (p. 39). Of those
employed as scientists and engineers with at least
a bachelor’s degree, males had a higher disability
rate than females, and underrepresented minorities
had a higher disability rate compared to Whites or
Asians (p. 38). The researchers also indicated that
among employed scientists and engineers with a dis-
ability, a smaller share worked in STEM occupations,
while a larger share worked in non-STEM occupa-
tions than those without disability (p. 40). In their
conclusions, the NCSES researchers cited the need
to further investigate the employment of those with
disabilities to better understand their representation
in STEM occupations (p. 54).

The current study contributes to this call for further
research to investigate the employment of those with

disabilities to better understand their representation
in STEM occupations. To do so, the current study
purposefully investigates the determinants of wages
among Americans with disabilities in non-STEM and
STEM occupations to explore the feasibility of broad-
ening their participation in STEM careers where they
may earn higher wages and thereby, close the wage-
gap with their non-disabled peers.

1.1. Workplace disparities for people with
disabilities

Several studies have documented the lower earning
power of workers with disabilities, after control-
ling for education and other personal characteristics
(e.g., Baldwin & Choe, 2014; Jones, 2008; Kruse et
al., 2018), and appear in longitudinal comparisons
of before and after the onset of disability among
those who become re-employed (e.g., Butler et al.,
2006; Pransky et al., 2016). Studies also find other
disparities in important job outcomes for workers
with disabilities. For example, some studies cite that
workers with disabilities have lower levels of per-
ceived job security and experience layoffs more often
than those without disabilities (e.g., Mitra & Kruse,
2016).

In addition, workers with disabilities are less likely
to access employer-provided benefits like health
insurance, retirement plans, and employer-provided
training (e.g., Lustig & Strauser, 2004). More often,
they are also likely to be in part-time, temporary, and
other non-standard jobs that pay low wages and pro-
vide few benefits (e.g., Jones, 2007; Schur, 2003).
Given these disparities in job outcomes, workers with
disabilities commonly report lower levels of job satis-
faction than workers without disabilities (e.g., Jones,
2016; Uppal, 2005).

Researchers have suggested labor market explana-
tions for these workplace disparities facing people
with disabilities. The lower employment rates of
people with disabilities may occur if their reser-
vation wage (i.e., the lowest wage a person is
willing to accept to be employed) is higher than
the wages an employer is willing to offer. Under
such conditions, there is a lower chance a person
would take the job offer (French & Song, 2014).
Another possible labor market explanation for work-
place disparities among people with disabilities is
that they may have different job preferences like
a desire for flexible work arrangements and part
time work compared to workers without disabili-
ties (e.g., Jones, 2007). Under such circumstances,



0.S. Lopez / Disabled Americans in non-STEM and STEM occupations 287

people with disabilities may accept lower pay in
exchange for these job preferences (Ali et al,
2011).

Two other explanations of wage disparities among
workers with disabilities are based on employer dis-
crimination (Blanck, 2005). Proposed by Becker
(1957), the taste-based discrimination model argues
that an employer’s prejudice or dislikes expressed in
an organizational setting can have negative results
in hiring minority workers, meaning the employer is
said to have a “taste for discrimination”. If so, prej-
udiced employers may refuse to hire applicants with
disabilities to avoid personal, co-worker, and cus-
tomer interaction with them—and this is regardless
of their productivity (Scior, 2011).

Statistical discrimination is another model that
may explain wage disparities of workers with dis-
abilities (Phelps, 1972). Here, employers enact
discrimination when—due to imperfect information
about the individuals they interact with during the
hiring process—they “statistically” infer productiv-
ity about the applicants based on their membership
in a particular group. For example, if an employer
believes that disabilities are associated with, on aver-
age, lower productivity, this may result in negative
employment decisions when hiring individuals with
disabilities (Rodgers, 2009, p. 223).

1.2. Current study theoretical framework

The current study uses human capital theory as
the basis for the research. Human capital theory sug-
gests that a worker’s earnings are related, directly
and solely, to the worker’s productive capacity,
i.e., human capital represented by an individual’s
particular set of skills, knowledge, and abilities
(Becker, 1964). Workers can increase their wages
by investing in human-capital-enhancing activities
that, presumably, make them more productive and
thereby qualified for higher paying jobs (Mincer,
1974). While human capital can take multiple forms
(e.g., communication skills, technical skills, creativ-
ity, personal resilience), economists generally cite
differences in the level of education as the explana-
tion for observed labor market differentials between
groups of workers. Even so, there is also strong
evidence that returns to the same level of educa-
tional attainment are unequal between select groups
of workers (Darity & Underwood, 2021). With this
as the backdrop for the current study, the following
questions guide the research.

e What contextual factors of employment moder-
ate returns to wages in non-STEM and STEM
occupations for workers with disabilities com-
pared to non-disabled workers?

e How donon-STEM and STEM degrees at differ-
ent levels of attainment mediate returns to wages
in non-STEM and STEM occupations for work-
ers with disabilities compared to non-disabled
workers?

e To what extent are the returns to educational
attainment unequal in non-STEM and STEM
occupations for workers with disabilities com-
pared to non-disabled workers?

In addressing these questions, the current study
contributes to the labor market literature on wage
disparities and based on the findings, offers recom-
mendations to Vocational Rehabilitation providers to
support individuals with disabilities as they prepare
for, obtain, retain or advance in STEM employment.
The next sections outline the method and results from
the analysis, followed by a discussion of the findings
and conclusions.

2. Method
2.1. Data sources

The Public Use Microdata Sample (PUMS) files
for the 2018 American Community Survey (ACS)
were the primary data source for the current study
(U.S. Census Bureau, 2019a). The ACS was selected
for the current study because it includes estimates
of disability for smaller subgroups of the population
(U.S. Census Bureau, 2022) and thereby, increased
more accurately the number of respondents with dis-
abilities that could be identified in non-STEM and
STEM occupations. Under the direction of the U.S.
Census Bureau, the ACS is an ongoing annual survey
of information about the nation’s people. The ACS
PUMS files are a set of un-tabulated records about
individual people or housing units. The U.S. Cen-
sus Bureau produces the PUMS files so data users
can create custom tables not available through pre-
tabulated (or summary) ACS data products. There
were two types of PUMS files: one for Person records
and one for Housing Unit records (U.S. Census
Bureau, 2019b). Each record in the Person file repre-
sented a single individual. Of the 3,214,539 Person
records, 525,805 respondents were selected for the
current study based on the criteria shown in Table 1.
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Data selection variables and values

Criteria Variable Value and definition
Respondent’s Age AGE 25 — 65 (numeric)
Citizenship Status CIT 1=Born in the US
2 =Born in Puerto Rico, Guam, the US Virgin Islands, or the Northern
Marianas
3 =Born abroad of American parent(s)
4 =US citizen by naturalization
Class of Worker Cow 1 =Employee of a private for-profit company or business, or of an
individual, for wages, salary, or commissions
2 =Employee of a private not-for-profit, tax-exempt, or charitable
organization
3 =Local government employee (city, county, region)
4 = State government employee
5 =Federal government employee
Employment Status Record ESR 1 =Civilian employed, at work
Survey Respondent — Relationship RELP ‘00’ =Reference person (Self-reporting)
School Grade Attending SCHG ‘blank’ = Not enrolled in school
Standard Occupational Code SOCP Non-STEM and STEM occupations*
When Last Worked WKL 1 = Within the past 12 months

*Per U.S. Census Bureau and O*NET STEM SOC codes.

Given the criteria, the final ACS 2018 data selected
consisted of self-reporting individuals (RELP) on
the survey, between the ages of 25 and 65 (AGEP),
with US citizenship status (CIT), not enrolled in col-
lege (SCHG), employed within the prior 12 months
(WKL) in the private, non-profit, or public sectors
(COW) as a civilian worker (ESR) in a non-STEM
or STEM occupation (SOCP). The ACS data also
provided a seven-digit Standard Occupational Clas-
sification (SOC) code, a federal statistical standard
used by federal agencies to classify workers into
occupational categories for collecting, calculating, or
disseminating data. To identify the STEM occupa-
tions for the current study, the ACS data was then
merged by SOC with STEM SOC codes from the
U.S. Census Bureau (2018a) based on the STEM
SOC codes from the U.S. Department of Labor’s
Occupational Information Network (National Center
for O*NET Development, 2022a). Of the 923 occu-
pations in the data collection, the O*NET defines
over 100 as STEM-related (Fayer et al., 2017,
p. 34). These include computer and mathematical,
architecture and engineering, and life and physi-
cal science occupations, as well as managerial and
postsecondary teaching occupations related to these
functional areas, and sales occupations requiring sci-
entific or technical knowledge at the postsecondary
level.

2.2. Measures

The measures in the current study consisted of
explanatory categorical indicators derived from ACS

variables. Female, STEM Degree, and STEM Occu-
pation were dichotomous variables coded a value
of one for individuals indicating they were female,
earned a STEM degree, or worked in the prior year in
a STEM occupation, respectively. If not, the select
variable was coded a zero. (Note: the ACS data
only recognizes science degrees for Bachelors, Mas-
ters, Professional degrees, and Doctorate levels).
Similarly, Hispanic, Black, Asian, and Other were
dummy variables, coded a value of one for individu-
als indicating they were a member of the ethnicity
group, and a value of zero if not a member. The
Other Race category consisted of American Indian,
Alaska Native, Native Hawaiian and Pacific Islander,
and individuals of two or more races (U.S. Cen-
sus Bureau, 2019b, 2019¢, 2019d). White Americans
were defined when Hispanic, Black, Asian, and Other
variables all equaled zero. The ACS asks respon-
dents about six disability types: hearing difficulty,
vision difficulty, cognitive difficulty, ambulatory dif-
ficulty, self-care difficulty, and independent living
difficulty (U.S. Census Bureau, 2022). The Disabled
dichotomous variable was coded a one if the respon-
dent reported anyone of the six disability types.
Otherwise, the Disabled variable was coded zero.
These reference groups were selected in the current
study because of the known impact on wages from
the intersectionality between disability, gender, and
race/ethnicity (see Kozlowski, 2022).

For the education variable, the ACS survey allowed
respondents to report their highest degree earned or
the highest level of school completed (U.S. Census
Bureau, 2019b, 2019c, 2019d). In the current study,
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respondents who received a General Educational
Development (GED, ACS category 17) were first
recoded as receiving a regular high school diploma
(ACS category 16). The ACS education categories of
15 (12th grade or less) to 24 (Doctorate) were then
renumbered zero to eight so that the education level
of zero was 12th grade or less progressing to a value
of 8 for the Doctorate level.

ACS data reported the number of weeks respon-
dents worked during the past 12 months (U.S. Census
Bureau, 2019b, 2019¢, 2019d) organized into six
progressive work-per-week levels. For the current
study, the ACS Weeks/Year categories of one (<14
weeks) to six (50 to 52 weeks) were renumbered
zero to five indicating six progressive weeks-per-year
worked levels.

The ACS defined the public sector as government
agencies (e.g., city police and fire departments) while
the non-profit sector consisted of not-for-profit orga-
nizations like the Red Cross (U.S. Census Bureau,
2019b, 2019c¢, 2019d). Non-Profit and Public were
dummy variables, coded a value of one for individ-
uals indicating they worked in that sector during the
prior year, and a value of zero if not employed in the
sector. Americans working in the private sector were
defined when both Non-Profit and Public variables
equaled zero.

Thus, when these categorical variables equaled
zero, the reference group for the current study con-
sisted of White males, not disabled, non-STEM
degreed with a 12th grade or less education level, and
working in the private sector in a non-STEM occupa-
tion less than 14 weeks in the prior year. The current
study specifically used White males as the reference
group because STEM workers are disproportionately
White and male representing one-half of the STEM
workforce (McNeely & Fealing, 2018).

In addition to the measures based on categorical
data, the explanatory continuous variables consisted
of age (25 to 65 years old) and average hours-per-
week worked in the prior year (1 to 99), as reported
by respondents in the ACS (U.S. Census Bureau,
2019b, 2019c, 2019d). In the current study, the log
of wages was the output measure calculated from the
individual’s self-reported annual wages earned where
employed as a worker in the prior year (U.S. Census
Bureau, 2019b, 2019¢c, 2019d).

2.3. Research design

The current study used a research design based on
Mincer’s (1974) earnings regression model, which

in its initial form related the logarithm of wages to
the level of education, years of work experience, and
years of work experience squared. Researchers’ crit-
ical overviews of early studies using Mincer’s model
recognized its power to statistically predict wages
(e.g., Heckman et al., 2008). Since then, Mincer’s
earnings regression model has become the standard
research method by labor market economists for the
estimation of returns to human capital that include
preferences and demographic characteristics of the
individuals (see Mulyaningsih et al., 2021).

2.4. Analytic procedures

Following the convention in labor economics based
on Jacob Mincer’s framework (1974), the dependent
variable in the following regression model was the
natural logarithm of the annual wages output mea-
sure, which corrects for skewness in the earnings
distribution.

In(wages) = o+ B1X1 ... + ...

IBan + ,3n+1Disabled + &

The intercept term, (3o, defined the regression
constant. For a continuous predictor variable, its
regression estimate [3 multiplied by 100 defined for
a one-unit change in the predictor, a 3 percentage
change of wages in monetary form, after holding
all other covariates constant. In comparison, the fol-
lowing predictor variables required a transformation
of the B estimates into 3* based on the equation,
B*=eP — 1 x 100 to interpret the B estimates in
monetary form. For a dummy predictor variable,
its regression estimate [3* defined the percentage
change in wages in its monetary form relative to
the median wages of the reference group when the
predictor dummy-variable equaled one, and all other
dummy variables equaled zero—after holding all
other covariates constant. For a dichotomous predic-
tor variable, its regression estimate * defined the
percentage change in wages in its monetary form
relative to the median wages of the reference group
when the dichotomous variable equaled to zero, after
holding all other covariates constant. Thus, if aregres-
sion parameter 3 (or 3*) estimate was positive, the
percentage earnings resulted in a wage premium; if
negative then the percentage earnings resulted in a
discount. Random errors were captured in the term &
(Bazen, 2011).



290 0.S. Lopez / Disabled Americans in non-STEM and STEM occupations

The regression model included Age and Hours/
Week in quadratic form, Age> and Hours/Week?,
respectively. This considers the possibility of the
common presence in labor data of wages increasing
at a decreasing rate with increasing age or hours-per-
week worked. In doing so, the quadratic covariates
in the regression model do not alter the interpretation
of the findings but rather, allows for the calculation
at what age between 25 and 65, and hours-per-week
worked between 1 and 99 the wages maximize based
on the following formula:

Covariate at Maximum Salary = (=100 x 8))
+(2 x B,), where
Bp = estimate for covariate, and

Bq = estimate for quadratic covariate

3. Results
3.1. A profile of Americans in the current study

Table 2 shows descriptive statistics for the selected
ACS data. Based on the results, the following pro-
file of Americans described the context of the current
study. Of the 525,805 Americans in US occupations,
94.0 percent (n=494,135) indicated no disability in
the ACS survey. The average age among the Amer-
icans was 46.2 years (SD=11.3 years). Of the 9
educational levels, 25.8 percent (n=135,867) had a
bachelor’s degree. The primary ethnicity in the data
was White, representing 75.1 percent (r=395,000)
of the Americans among the five ethnic groups. The
gender distribution in the data was almost equal with
51.7 percent (n=271,747) male and 48.3 percent
(n=254,058) female. Of the three sectors, 70.7 per-

Descriptive statistics of wage regression model variables (N =525,805 respondents)

Variable Values/definitions n %
Disabled 0 No 494,135 94.0
1 Yes 31,670 6.0
Education 0 12th grade or less 23,356 44
1 High school/GED diploma 109,883 20.9
2 Less than 1-year college 37,281 7.1
3 1 +years college, no degree 72,370 13.8
4 Associate 56,141 10.7
5 Bachelor 135,867 25.8
6 Masters 66,178 12.6
7 Professional degree 14,818 2.8
8 Doctorate 9911 1.9
White (Reference group) 395,000 75.1
Hispanic 0=No, 1 =Yes 53,416 10.2
Black 0=No, 1 =Yes 49,017 9.3
Asian 0=No, 1 =Yes 23,083 4.4
Other 0=No, 1 =Yes 5,289 1.0
Female 0 Male 271,747 51.7
1 Female 254,058 48.3
STEM degree 0 No 439,094 83.5
1 Yes 86,711 16.5
STEM occupation 0 No 437,063 83.1
1 Yes 88,742 16.9
Private (Reference group) 371,899 70.7
Public 0=No, I =Yes 99,886 19.0
Non-profit 0=No, 1 =Yes 54,020 10.3
Weeks/year 0 Less than 14 weeks 5,439 1.0
1 14 to 26 weeks 6,041 1.2
2 27 to 39 weeks 12,572 2.4
3 40 to 47 weeks 20,335 3.9
4 48 to 49 weeks 8,630 1.6
5 50 to 52 weeks 472,788 89.9
Mean SD Min Median Max
Age 46.2 11.3 25 47 65
Hours/week 41.9 10.2 1 40 99
Wages (unadjusted) $68,304 $70,173 $4 $50,000 $718,000
Wages (exponentiated) $48,212 $2 $4 $50,000 $717,997
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Table 3
Descriptive statistics of disabled Americans education level by non-STEM and STEM occupations
Non-STEM STEM
Cumulative Cumulative

Education level n % n % n % n %
12th grade or less 2,350 8.5 2,350 8.5 45 1.2 45 1.2
High school/GED diploma 8,288 29.9 10,638 38.3 333 8.5 378 9.7
Less than 1-year college 2,807 10.1 13,445 48.4 259 6.6 637 16.3
1 + years college, no degree 4,692 16.9 18,137 65.3 590 15.1 1,227 314
Associate 2,985 10.8 21,122 76.1 721 18.5 1,948 49.9
Bachelor 4,186 15.1 25,308 91.2 1,213 31.1 3,161 81.0
Masters 1,901 6.9 27,209 98.0 505 12.9 3,666 93.9
Professional degree 314 1.1 27,523 99.1 144 3.7 3,810 97.6
Doctorate 242 0.9 27,765 100.0 95 2.4 3,905 100.0
All degrees BA+ 6,643 23.9 1,957 50.1
Non-STEM degrees (BA+) 4,452 76.1 972 49.1
STEM degrees (BA+) 2,091 31.5 985 50.3

Bachelor 1,202 57.5 1,202 57.5 567 57.6 567 57.6

Masters 627 30.0 1,829 87.5 260 26.4 827 84.0

Professional degree 138 6.6 1,967 94.1 98 10.0 925 93.9

Doctorate 124 5.9 2,091 100.0 60 6.1 985 100.0

cent (n=371,899) of the Americans indicated they
worked in the private sector. About 89.9 percent
(n=472,788) indicated the number of weeks worked
in the prior year ranged from 50 to 52 weeks, and the
average number of hours worked per week was 41.9
hours (SD =10.2). Lastly, the average wage among
the Americans was $68,304 (SD=$70,173), based
on the selected ACS data.

Table 3 shows the distribution of disabled Amer-
icans by education level in non-STEM and STEM
occupations further disaggregated by non-STEM and
STEM degrees. Of the disabled Americans in non-
STEM occupations, 23.9 percent (n=6,643) held
a Bachelor’s degree or above with 31.5 percent
(n=2,091) in a STEM field. In STEM occupations,
50.1 percent (n=1,957) of disabled Americans held
a Bachelor’s degree or above with 50.3 percent
(n=985) in a STEM field.

3.2. The return to wages for Americans with
disabilities

The subsequent research was guided by the follow-
ing question: What contextual factors of employment
moderate returns to wages in non-STEM and STEM
occupations for workers with disabilities compared to
non-disabled workers? Table 4 organized the results
from the wage regression model. All predictor vari-
ables indicated statistical significance at p <.0001
and represented about 53.0 percent of the variation
in the model, as indicated by the adjusted R? value.

For the current study, the predictors were grouped
into three categories. The least malleable variables

were predictors where individuals cannot alter these
wage determinants. The Age estimate indicated indi-
viduals earned, on average, a 5.8 percent increase for
every year beyond 25 years of age, but at a decreas-
ing rate of —5.4 percent with each year increase.
Maximum salary calculated to 53.7 years of age.
White Americans non-disabled were the reference
group to the ethnicity dummy variables in the regres-
sion model. Asian Americans were the only ones
with a positive parameter 3 estimate (0.051) indi-
cating 5.2 percent higher wages than the reference
group. The other three ethnic groups had nega-
tive parameter [3 estimates, indicating percentage
discounts in monetary wages compared to White
Americans. Here, Black Americans had the largest
discount parameter B estimate (-0.161) followed
by Americans from Other ethnicities (-0.152) and
then by Hispanic Americans (—0.060), indicating
percentage discounts in monetary wages of —14.9,
—14.1, and -5.8, respectively. American males (non-
disabled) were the reference group when the Female
dichotomous variable equaled zero in the regression
model. American females had a negative parameter
[ estimate (—0.245), indicating a percentage discount
of —21.7 in monetary wages relative to American
males.

The somewhat malleable variables were predictors
where individuals have some possibility in altering
these wage determinants. The Hours/Week estimate
indicated individuals earn, on average, a 9.0 percent
increase in wages, but at a decreasing rate of —6.8
percent with each additional hour. Maximum salary
calculated to 66.2 hours-per-week. Weeks/Year pro-
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Table 4
Wage regression model

Predictor Est. SE t p-value 9% Wage change

Least malleable:
Age (years) 0.058 0.0007 87.17 <.0001 5.8
Age?/100 -0.054 0.0007 -74.14 <.0001 54
Hispanic -0.060 0.0029 -21.23 <.0001 -5.8
Black -0.161 0.0030 —54.59 <.0001 -14.9
Asian 0.051 0.0042 12.32 <.0001 52
Other -0.152 0.0085 -17.96 <.0001 -14.1
Female -0.245 0.0018 -138.45 <.0001 -21.7

Somewhat malleable:
Hours/week 0.090 0.0003 291.6 <.0001 9.0
Hours/week?/100 —-0.068 0.0003 —205.82 <.0001 -6.8
Weeks/year 0.258 0.0010 252.21 <.0001 29.4
Public -0.030 0.0022 -13.41 <.0001 -3.0
Non-profit -0.094 0.0029 -32.46 <.0001 -9.0
Disabled -0.157 0.0036 -43.97 <.0001 -14.5

Most malleable:
Education 0.127 0.0005 255.18 <.0001 13.5
STEM degree 0.118 0.0026 45.01 <.0001 12.5
STEM occupation 0.249 0.0024 104.94 <.0001 28.3

Constant 5.268 0.0160 330.17 <.0001

Adjusted R-square 0.5298

DF 16

n 525,805

Age (years) at max salary 53.7

Hours/week at max salary 66.2

Dependent median (Log) 10.81978

Dependent median ($) $50,000

Note. The natural log of wages entered as the dependent variable in the model.

vided the largest premium regression parameter 3
(0.258), an increase of 29.4 percent in monetary
wages for each unit increase in the categories shown
in Table 2. Americans in the private sector were the
reference group to the public and non-profit dummy
variables in the regression model. Relative to the
reference group, the results showed negative param-
eter 3 estimates for Americans working in the public
(-0.030) and non-profit (-0.094) sectors, indicating
percentage discounts in monetary wages of —3.0 and
—9.0 percent, respectively.

As reported in the ACS data, the dichotomous
Disabled predictor variable was coded zero if the
individual indicated no disability and a value of one
if any of the six disability types was reported (U.S.
Census Bureau, 2022). The Disabled covariate vari-
able shown in Table 4 was included in the somewhat
malleable category because workers with disabilities
have the possibility of increasing their productivity
through accommodations and thereby their wages.
Even so, the results showed a negative parameter
B estimate (—0.157) for Americans with disabilities
working in US occupations, indicating a percentage
discount in monetary wages of —14.5 percent below
non-disabled American males.

Next, the research was guided by the question:
How do non-STEM and STEM degrees at differ-
ent levels of attainment mediate returns to wages
in non-STEM and STEM occupations for workers
with disabilities compared to non-disabled workers?
The most malleable variables were predictors where
individuals have the greatest potential to alter these
wage determinants. Working in a STEM occupation
provided the largest premium regression parameter
B (0.249)—a difference of 28.3 percent above the
median salary of $50,000 earned by Americans across
all occupations (see Table 2). Education level (0.127)
and STEM degree (0.118) status also contributed a
premium to the median monetary wage of 13.5 and
12.5 percent, respectively.

3.3. Interpretation of the regression parameter
estimates

Lastly, the research was guided by the following
question: To what extent are the returns to educa-
tional attainment unequal in non-STEM and STEM
occupations for workers with disabilities compared to
non-disabled workers? Table 5 illustrates how select
regression parameter estimates translated as wage
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Wage multipliers by educational level for non-disabled/disabled Americans in non-STEM/STEM occupations per STEM degree status

Non-STEM occupation

STEM occupation

Education level No STEM degree STEM degree No STEM degree STEM degree
Americans without disabilities
Bachelor 1.000* 1.144 1.201 1.375
Masters 1.188 1.359 1.427 1.633
Professional degree 1411 1.614 1.695 1.940
Doctorate 1.676 1.918 2.014 2.304
Americans with disabilities
Bachelor 0.763 0.873 0.917 1.049
Masters 0.907 1.037 1.089 1.246
Professional degree 1.077 1.232 1.294 1.481
Doctorate 1.279 1.464 1.537 1.759
Wage disparities

Bachelor -0.237 -0.271 -0.284 -0.326
Masters —-0.281 -0.322 —-0.338 -0.387
Professional degree -0.334 -0.382 -0.401 -0.459
Doctorate -0.397 —-0.454 —0.477 -0.545

Note. Reference shown (¥) is 82,662 non-disabled workers, in the private sector, with a Bachelor degree, 43.7 years average age (SD=11.3)

and worked on average 43.6 hours/week (SD =8.9), 50 to 52 weeks in the prior year earning a median wage of $73,130.

determinants by education level, under conditions
of employment in non-STEM and STEM occupa-
tions with and without STEM degrees for Americans
without disabilities compared to Americans with dis-
abilities. To do so, the Mincer model was rerun with
the log of wages regressed by Education, Disabled,
STEM Degree, and STEM Occupation, after control-
ling for Age and Hours/Week where the Weeks/Year
equaled 5 (i.e., worked 50 to 52 weeks in the prior
year). Since the ACS only identifies STEM degrees
at the Bachelor level and above, the Education levels
were limited to these levels and recoded zero to three,
so that zero represented the lowest education level in
the model.

Having done so, the Table 5 entries represent wage
multipliers relative to the reference group, calcu-
lated from exponentiating select regression estimates.
Annotated in the table with an asterisk, the reference
group consisted of 82,662 non-disabled workers, in
the private sector, with a Bachelor degree, 43.7 years
average age (SD = 11.3) and worked on average 43.6
hours/week (SD=38.9), 50 to 52 weeks in the prior
year earning a median wage of $73,130. Below the
reference group, the entries show monetary wages
based on a one-unit change in education level, after
holding all other covariates constant. As a result, the
reference group of non-disabled American workers
can expect, for example, to increase their median base
wages of $73,130 to $86,878 (median base wage x
1.188), if they earn a non-STEM Master’s degree,
and still higher wages at higher education levels. Put
another way, if the reference group earned an annual

salary of just one dollar (1.000=$1.00), having a
Masters, Professional, or Doctorate would increase
their wages by 18.8 cents, 41.1 cents, and 67.6 cents,
respectively.

The table then provides wage multiplier compar-
isons within the context of four workplace conditions
for Americans with disabilities: working in (a)
non-STEM occupations with no STEM degree, (b)
non-STEM occupations with a STEM degree, (c)
STEM occupations with no STEM degree, and (d)
STEM occupations with a STEM degree. Across the
four conditions, the table shows progressive wage
multipliers at each education level. Compared to the
reference group, for example, Americans without dis-
abilities earn 1.144 more in wages with a STEM
Bachelor’s degree working in a non-STEM occupa-
tion. With a non-STEM Bachelor’s degree, however,
they can earn 1.201 more in wages working in a
STEM occupation. Wages maximize with a multi-
plier of 1.375 if they have a STEM Bachelor’s degree
and work in a STEM occupation. Such a pattern can
be seen at each education level and within each of
the two groups: Americans without disabilities and
Americans with disabilities.

Wage disparities emerged, however, when compar-
ing the wage multipliers between the two groups for
a given education level. For example, the wage mul-
tipliers of 1.375 and 1.049 for Americans without
disabilities and Americans with disabilities, respec-
tively, working with a STEM Bachelor’s degree in
a STEM occupation differs by —.326. Relative to
the reference group’s wages of $73,130, this means
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Americans without disabilities make a median wage
of $100,554 compared to $76,713 for Americans with
disabilities—a wage disparity of $23,840.

Wage disparities also emerged between the two
groups when comparing the wage multipliers among
the education levels for a given workplace condition.
For Americans with a STEM degree working in a
STEM occupation, wage disparities between the two
groups began at the Bachelor’s degree level at —0.326
and progressively expanded by —0.386, —0.459, and
—0.545 at the Master’s, Professional, and Doctor-
ate levels, respectively. This equates to progressive
wage losses of —$23,840, —$28,301, —-$33,567, and
—$39,856 for Americans with disabilities.

Table 5 illuminates another finding related to
wage disparities: the notion of non-equivalence of
equivalents in education level between Americans
without disabilities and Americans with disabili-
ties. For example, Americans with disabilities with a
STEM Doctorate degree working in a STEM occupa-
tion have a 1.759 wage multiplier as shown in Table 5,
or $128,636 when multiplied by the reference group
base wage ($73,130). For Americans without disabil-
ities, this wage amount of $128,636 lies between the
wage multipliers of a STEM Master’s degree (1.633)
and STEM Professional degree (1.940) education
level, or between $119,421 and $141,872, respec-
tively. In comparison, Americans without disabilities
with a STEM Doctorate degree working in a STEM
occupation earn $168,492 based on their wage mul-
tiplier of 2.304. Americans with disabilities must
therefore earn higher education levels to compensate
for losses in wages even with STEM degrees working
in STEM occupations because their degree does not
result in comparable wages for the degree at the same
level held by Americans without disabilities.

4. Discussion

The current study investigated the determinants
of wages among Americans with disabilities in
non-STEM compared to STEM occupations, after
controlling for characteristics defined by the predic-
tor variables. The predictors were grouped into three
categories. The least malleable variables were pre-
dictors where individuals could not alter these wage
determinants. These findings related to Age, Gender,
and the ethnicity/race covariates were consistent with
prior studies (e.g., Benito et al., 2016; Fogg et al.,
2018; Friedman & Rizzolo, 2020).

The somewhat malleable variables were predictors
where individuals had some possibility in alter-
ing these wage determinants. In the current study,
hours-per-week and weeks-per-year worked were
two explanatory variables not commonly found in
prior disability studies and therefore, a contributor
to the literature by providing a more concise picture
of wage differentials among disabled Americans. In
comparison, the findings related to the sector vari-
ables were consistent with more recent labor market
studies (e.g., Fogg et al., 2018). Americans work-
ing in the private sector earn higher wages than
those working in the public and non-profit sectors.
The Disabled covariate variable was included in the
somewhat malleable category because workers with
disabilities have the possibility of increasing their
productivity through accommodations and thereby
their wages (e.g., Padkapayeva et al., 2017; Telwatte
et al., 2017). Even so, the results showed Americans
with disabilities working in US occupations receive
a percentage discount in monetary wages of —14.5
percent below non-disabled American males. Other
prior labor market studies have shown similar dis-
parities (e.g., Benito et al., 2016; Fogg et al., 2018;
Friedman & Rizzolo, 2020).

The most malleable variables were predictors
where individuals had the greatest potential to alter
these wage determinants. The finding of education
as a positive determinant to wages was consistent
with prior studies (e.g., Benito et al., 2016; Fogg
et al., 2018; Friedman & Rizzolo, 2020). Even so,
augmenting the education level was STEM Degree,
an explanatory dichotomous variable indicating if a
degree earned was in a non-STEM or STEM field
of study. This predictor was not commonly found
in prior disability studies and therefore, a significant
contributor to the literature by providing a more con-
cise picture of education level as a wage differential
among disabled Americans. Having a STEM degree
at the Bachelor’s level and above contributed a 12.5
percent premium to median monetary wages, after
holding all other covariates constant.

A measure of whether Americans worked in a non-
STEM or STEM occupation, the STEM Occupation
dichotomous variable was another wage determinant
not commonly found in prior disability studies and
therefore, a contributor to the literature by providing a
more concise picture of wage differentials among dis-
abled Americans. Among the explanatory variables in
the current study, the STEM Occupation dichotomous
variable alone provided the second largest premium
regression parameter (3 among all wage determi-
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nants, almost as large as the weeks-per-year worked
parameter estimate. The findings indicated working
in a STEM occupation—with or without a STEM
degree—would result in 28.3 percent higher wages
than working in a non-STEM occupation, after hold-
ing all other covariates constant.

4.1. Assumptions and limitations

These findings should be considered within the fol-
lowing assumptions and limitations: The ACS data
for a given year represents approximately one percent
of the United States population (U.S. Census Bureau,
2018b). For the current study, the estimates found
were assumed to apply to the entire U.S. working
population in non-STEM and STEM occupations.

The O*NET does not define a career pathway or
degree major for an occupation, but rather by its
knowledge, skills, and abilities, experience and prior
training, credentials (e.g., licenses), job tasks, tech-
nology and tools used to perform the tasks, as well
as the required level of education (National Cen-
ter for O*NET Development, 2022b). The current
study assumes these occupation characteristics were
embedded in respondent’s level of education and
degree type (non-STEM or STEM) reported in the
ACS and thereby, controlled for in the Mincer model.

Lastly, the current study acknowledges the limi-
tations of the results from the absence of predictor
variables in the Mincer model that might further
explain the wage disparity findings. Categorical vari-
ables indicating type of disability (e.g., hearing,
vision, cognitive), severity, and the onset occurrence
of the disability (before or after entering the work-
force) are examples of such predictors. Support for
these variables comes from studies showing that wage
returns can differ by the type of disability and are less
for workers with more severe versus less severe dis-
abilities (Jones, 2008), and for persons who become
disabled early in life compared to those who become
disabled as adults (Choe & Baldwin, 2017).

4.2. Implications for vocational rehabilitation
providers

Based on the findings, the current study offers
recommendations to Vocational Rehabilitation (VR)
providers to support individuals with disabilities as
they prepare for, obtain, retain or advance in STEM
employment. Despite the disparities noted in the
wage multipliers, VR providers should continue to
inspire and guide individuals with disabilities to pur-

sue a STEM degree or a career in STEM occupations
because they earn higher wages than those with non-
STEM degrees working in non-STEM occupations.
For individuals with disabilities that do not want to
pursue a STEM degree, VR providers should encour-
age them to pursue as much STEM education as
available because the most recent research shows that
STEM knowledge has become increasingly impor-
tant even in non-STEM occupations (Cherrstrom et
al., 2021).

The importance of education and training from
vocational rehabilitation cannot be understated.
Education is generally viewed as a pathway to
professional work with good wages, benefits, and
work conditions (Henly & Brucker, 2020). Education
has both a direct effect on wages because educa-
tion increases human capital, and an indirect effect
because education decreases the probability of job
mismatch for workers with physical disabilities. All
else equal, workers with disabilities who find a good
match (i.e., a job where their functional limitations
have little or no impact on important job functions)
have better employment outcomes than their counter-
parts who are mismatched (Choe & Baldwin, 2017).

For workers with disabilities to pursue STEM
careers, they must not only acquire some level of
STEM knowledge and abilities for a select occupa-
tion, but also develop the independent living skills
required for workplace success. In this process, VR
providers should make sure workers with disabilities
learn to use computers, electronic communications,
and internet resources to achieve their goals toward
pursuing STEM careers (Henly & Brucker, 2020).

Developing social capital is another area where
VR providers can assist workers with disabilities pre-
pare for STEM occupations. Social capital enhances
individual productivity in the workplace as well as
facilitates socioeconomic upward mobility through
skills that form personal relationships (Mau & Kopis-
chke, 2001). First proposed by French sociologist
Pierre Bourdieu (1977), the theory of social capital
seeks to explain how differences in people’s cultural
resources—embodied in their knowledge and prac-
tices in social interactions such as social networks
and relationships—create opportunities for social and
financial advancement. Operationalized, his central
thesis was that people acquire such social capital
from their parents, which includes education, cul-
tural knowledge, and language. People then deploy
their cultural capital in social arenas to compete for
positions of distinction and higher status (Webb et al.,
2002). Hence, whereas physical capital refers to phys-
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ical objects and human capital refers to the properties
of individuals, social capital refers to connections
among individuals that define the social networks and
norms of reciprocity and trustworthiness arising from
them (Portes, 1998).

People often underestimate the influence of their
social capital because it stands in contrast to
American society’s attitudes rooted in the myth
of individualism: the cultural belief that everyone
should succeed or fail based on individual efforts and
abilities (Baker, 2000, p. 2). But the cultural resources
valued and rewarded in the workplace—that is,
certain ways of being and talking, and common
understandings—also reflects a dominant culture
(Webb et al., 2002). Bourdieu’s (1977) theory
assumes that cultural capital includes familiariza-
tion with this dominant culture, with an emphasis
on understanding and using educated language. This
would be particularly important during the inter-
view hiring process when negotiating and securing
a competitive salary (Mau & Kopischke, 2001). The
discrepancies in the wage multipliers suggest dif-
ferences may exist in how well Americans with
disabilities derive and use social capital to self-
advocate in securing equal, competitive salaries
compared to their non-disabled peers. If so, then this
is where VR providers can prepare Americans with
disabilities—in the development of social capital for
the STEM job interview.

The current study provided a reference for real-
izing the feasibility of broadening the participation
of disabled Americans in STEM careers where they
may earn higher wages and thereby, close the wage-
gap with their non-disabled peers. For the 2,091
disabled Americans shown in Table 3 with STEM
degrees (BA+) working in non-STEM occupations,
for example, there may be a possibility a STEM
employer can transition them to a STEM occupa-
tion. They are the lowest hanging fruit for increasing
disabled Americans in the STEM workforce. To put
this into perspective, consider that the ACS data in
the current study represented approximately one per-
cent of the United States population (U.S. Census
Bureau, 2018b). As a result, the estimate reported
here could represent approximately 209,100 disabled
Americans available for STEM occupations.

Referencing Table 3 further, there may also exist
potential employees for STEM employers among the
4,452 disabled Americans with non-STEM degrees
(BA+) working in non-STEM occupations. Here, the
estimate could represent approximately 445,200 dis-
abled Americans available as potential employees for

STEM employers. Even if the job is not in a STEM
field, the findings suggest disabled Americans would
have a greater likelihood of higher wages employed in
a job with a STEM employer than working in a non-
STEM occupation. Even so, the table entry of 972
disabled Americans with a non-STEM degree (BA+)
now working in a STEM occupation—representing
97,200 in the US population—provide another poten-
tial source for increasing professionals in STEM
fields but would require a STEM employer to invest in
their education, technical training, and opportunities
for technical STEM-related work.

Lastly, opportunities exist for a STEM employer to
hire disabled Americans below the Bachelor’s degree,
including those with cognitive disabilities, assuming
the employer can provide appropriate accommoda-
tions and sustained supports to a disabled worker in
the workplace (Bonaccio et al., 2020). Appropriate
workplace accommodations can lead to more creative
work by employees with disabilities by enhancing
their creative self-efficacy and problem-solving skills
(e.g., Man et al., 2020). More so, coping with every-
day life challenges can also result in higher abilities
to concentrate and deal with adversity. Yet, these tal-
ents and abilities can be quashed by the non-disabled
population in the workplace because of their mis-
understandings, a lack of inclusivity policies, and
biases against people with disabilities (Noa & Akhtar,
2021).

Even so, individuals with disabilities face multi-
ple barriers in the scientific workforce, including a
lack of systemwide recruitment of individuals with
disabilities, and workplaces have limited resources
for staff training and purchasing accessibility-related
technology (Bellman et al., 2018). STEM employers
have options to increase Americans with disabilities
in STEM occupations. For example, the EEOC pro-
vides the following non-exhaustive list of suggestions
to end wage inequity and provide equal employment
opportunities for all workers (Coleman et al., 2021).

e Offer bias training to all employees

e Establish mentoring programs

e Provide opportunities for meaningful work
assignments

e Establish meaningful paths to advancement,
such as pathway programs

e Provide necessary accommodations outright
instead of as an afterthought

e Provide work flexibility, such as alternate work
schedules and telework

e Add inclusive practices in performance ratings
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e Demonstrate a commitment to equal employ-
ment throughout the organization

e Discipline workers found to discriminate against
underserved employees

This being so, the current study recognizes the con-
straints but also the possibilities to what VR providers
can recommend to employers to increase employ-
ment of disabled Americans in STEM occupations
at equal pay comparable to their non-disabled peers.

4.3. Future research

Expanding the Mincer model in future research to
include additional variables might illuminate further
the context of wage disparities among Americans
with disparities. Certainly, newer findings would
add to the labor market literature, and to helping
NCSES researchers better understand the employ-
ment of those with disabilities in STEM occupations
(NCSES, 2021, p. 54). Other lines of research are
more pragmatic. As cited earlier, the discrepancies
in the wage multipliers suggest differences may exist
in how well Americans with disabilities derive and
use social capital to self-advocate in securing equal,
competitive salaries compared to their non-disabled
peers. As an analogy, if STEM education is the ful-
crum upon which qualifying for a STEM job relies
on, then social capital is the force on the lever that
Americans with disabilities need to negotiate with
employers for wages comparable to workers without
disabilities employed in similar STEM occupations.

To explore this supposition, researchers could
employ best practices in research designs to study
social capital development and application (e.g.,
Demirkiran & Gencer, 2017; Seibert et al., 2001), but
within the context of pursuing a STEM career (e.g.,
Dutta et al., 2015). Using purposeful sampling meth-
ods to identify workers with disabilities employed
in STEM occupations making comparable wages as
their non-disabled peers in similar jobs, researchers
could use qualitative methods to learn how each group
effectively used social capital for STEM career suc-
cess. More so, how they developed their social capital
would be paramount to this research. Such findings
would provide VR providers, educators, counselors,
and employers with ideas for social capital interven-
tions that effectively prepare workers with disabilities
to self-advocate and negotiate and thereby, secure
equal, competitive salaries compared to their non-
disabled peers. Having done so, this would broaden
their participation in STEM careers.

5. Conclusions

There are three main insights derived from the cur-
rent study. The findings suggested that opportunities
exist for employers to hire qualified Americans with
disabilities seeking gainful employment in STEM
occupations. Identifying and recruiting such candi-
dates into STEM jobs should therefore be paramount
to employers seeking to diversify its workforce in
technical fields. The findings also suggested that
within the Americans with disabilities group, work-
ing in a STEM occupation with a college degree in
a STEM field was the best route to attain maximum
wages. Of course, one could earn higher wages to
some extent by working more hours-per-week and
weeks-per-year in the private industry where wages
are greater than in the public or non-profit sector.
Even so, advanced STEM degrees resulted in still
higher wages, which aligns with many of the eco-
nomic and personal benefits workers perceive when
seeking an advanced STEM degree (Torres-Olave,
2019).

The third insight from the current study cannot
be avoided: the noticeable gaps in wage multipli-
ers between Americans with disabilities compared
to Americans without disabilities. Future researchers
should focus on the extent that these wage dispari-
ties were manifested by disabled workers’ career and
employment decisions within the context of social
capital. Such research would inform VR providers
on selecting interventions to bridge any knowledge
and technical gaps through education and train-
ing and thereby, increase the likelihood of gainful
employment for Americans with disabilities in STEM
occupations comparable to their non-disabled peers.
In so doing, it could significantly reduce any resid-
ual effects on wage disparities from unobserved
characteristics in the STEM workplace that may be
rooted in discrimination towards individuals with
disabilities still lingering in American society and
workplace.

Acknowledgments

The author has no acknowledgments.

Conflict of interest

The author declares no conflict of interest.



298 0.S. Lopez / Disabled Americans in non-STEM and STEM occupations

Ethical declaration

The study was exempt from Institutional Review
Board approval because it used publicly available
secondary data.

Funding

The author reports no funding.

Informed consent

The study did not require informed consent
because it used publicly available secondary data.

References

Ali, M., Schur, L., & Blanck, P. (2011). What types of jobs do
people with disabilities want? Journal of Occupational Reha-
bilitation, 21(2), 199-210. https://doi.org/10.1007/s10926-
010-9266-0

Baker, W. (2000). Achieving success through social capital: Tap-
ping the hidden resources in your personal and business
networks. Jossey-Bass.

Baldwin, M. L., & Choe, C. (2014). Wage discrimination against
workers with sensory disabilities. Industrial Relations, 53(1),
101-124. https://doi.org/10.1111/irel.12048

Bazen, S. (2011). Econometric methods for labour economics.
Oxford University Press.

Becker, G. S. (1957). The economics of discrimination. Chicago:
University of Chicago Press.

Becker, G. S. (1964). Human capital: A theoretical and empir-
ical analysis with special reference to education (3rd ed.).
University of Chicago Press.

Bellman, S., Burgstahler, S., & Chudler, E. H. (2018). Broadening
participation by including more individuals with disabil-
ities in STEM: Promising practices from an engineering
research center. American Behavioral Scientist, 62(5), 645-
656. https://doi.org/10.1177/0002764218768864

Benito, S. G., Glassman, T. S., & Hiedemann, B. G. (2016). Dis-
ability and labor market earnings: Hearing earnings gaps in
the United States. Journal of Disability Policy Studies, 27(3)
178-188. https://doi.org/10.1177/1044207316658752

Blanck, P. (2005). Americans with disabilities and
their civil rights: Past, present, future. Univer-
sity of Pittsburgh Law  Review, 66(4), 687-719.
https://lawreview.law.pitt.edu/ojs/lawreview/article/view/26/26

Bonaccio, S., Connelly, C. E., Gellatly, I. R., Jetha, A., &
Martin-Ginis, K. A. (2020). The participation of people
with disabilities in the workplace across the employ-
ment cycle: Employer concerns and research evidence.
Journal of Business and Psychology, 35(2), 135-158.
https://doi.org/10.1007/s10869-018-9602-5

Bourdieu, P. (1977). Reproduction in education, society, and cul-
ture. Sage.

Butler, R. J., Baldwin, M. L., & Johnson, W. G. (2006). The
effects of occupational injuries after returns to work: Work
absences and losses of on-the-job productivity. Journal of Risk
Insurance, 73(2), 309-334. https://doi.org/10.1111/j.1539-
6975.2006.00177.x

Cherrstrom, C. A., Lopez, O. S., & Ashford-Hanserd, S.
(2021). STEM knowledge in non-STEM occupations:
Implications for community colleges. Community Col-
lege Journal of Research and Practice, 46(7), 457-471.
https://doi.org/10.1080/10668926.2020.1868359

Choe, C., & Baldwin, M. L. (2017). Duration of disability, job mis-
match and employment outcomes. Applied Economics, 49(10),
1001-1015. https://doi.org/10.1080/00036846.2016.1210767

Coleman, A., Dupont, R., & Rivera, N. (2021). In pursuit of
pay equity: Examining barriers to equal pay, intersectional
discrimination theory, and recent pay equity initiatives. Equal
Employment Opportunity Commission Office of Federal
Operations. https://www.eeoc.gov/pursuit-pay-equity-
examining-barriers-equal-pay-intersectional-discrimination-
theory-and-recent-pay#_ftnl

Darity, W. A., & Underwood, M. (2021). Reconsidering
the relationship  between  higher education, earn-
ings, and productivity. Postsecondary Value
Commission. https://www.postsecondaryvalue.org/wp-
content/uploads/2021/10/PVC_DarityUnderwood.pdf

Demirkiran, C. Y & Gencer, M. (2017). Impact of social
capital on career development. PEOPLE: Interna-
tional Journal of Social Sciences, 3(3), 580-600.
https://doi.org/10.20319/pijss.2017.33.580600

Dutta, A., Kang, H.-J., Kaya, C., Benton, S. F.,, Sharp, S. E., Chan,
F., da Silva Cardoso, E., & Kundu, M. (2015). Social-Cognitive
Career Theory predictors of STEM career interests and goal
persistence in minority college students with disabilities: A
path analysis. Journal of Vocational Rehabilitation, 43(2), 159-
167. https://doi.org/10.3233/JVR-150765

Fayer, S., Lacey, A., & Watson, A. (2017). BLS Spotlight on
Statistics: STEM occupations - past, present, and future. U.
S. Department of Labor. https://www.bls.gov/spotlight/2017/
science-technology-engineering-and-mathematics-stem-occ-
upations-past-present-and-future/

Fogg, N., Harrington, P., & Khatiwada, 1. (2018). Skills
and earnings in the full-time labor market. The Impact
of Human Capital in the American Labor Market
Series, Princeton, NIJ: Educational Testing Service.
https://www.ets.org/s/research/pdf/skills-and-earnings-in-the-
full-time-labor-market.pdf

French, E., & Song, J. (2014). The effect of disabil-
ity insurance receipt on labor supply. American
Economic  Journal: ~ Economic  Policy, 6(2):291-337.
https://www.jstor.org/stable/43189386

Friedman, C., & Rizzolo, M. C. (2020). Fair wages for
people with disabilities: Barriers and facilitators.
Journal of Disability Policy Studies, 31(3), 152-163.
https://doi.org/10.1177/1044207320919492

Fry, R., Kennedy, B., & Funk, C. (2021). STEM jobs see
uneven progress in increasing gender, racial and ethnic
diversity. Pew Research Center. https://www.pewresearch.org/
science/2021/04/01/stem-jobs-see-uneven-progress-in-incre-
asing-gender-racial-and-ethnic-diversity/

Heckman, J., Lochner, L. J., & Todd, P. E. (2008). Earnings func-
tions and rates of return. Journal of Human Capital, 2(1), 1-31.
https://doi.org/10.1086/587037



0.S. Lopez / Disabled Americans in non-STEM and STEM occupations 299

Henly, M., & Brucker, D. L. (2020). More than just lower
wages: Intrinsic job quality for college graduates with dis-
abilities. Journal of Education and Work, 33(5-6), 410-424.
https://doi.org/10.1080/13639080.2020.1842865

Jones, M. K. (2007). Does part-time employment provide a way of
accommodating a disability? Manchester School, 75(6), 695-
716. http://dx.doi.org/10.1111/j.1467-9957.2007.01042.x

Jones, M. K. (2008). Disability and the labor market—a review
of the empirical evidence. Journal of Economic Studies, 35(5),
405-424. https://doi.org/10.1108/01443580810903554

Jones, M. K. (2016). Disability and perceptions of work and
management. British Journal of Industrial Relations, 54(1),
83-113. https://doi.org/10.1111/bjir.12043

Kozlowski, D., Lariviere, V., Sugimoto, C. R., & Monroe-White,
T. (2022). Intersectional inequalities in science. Proceed-
ings of the National Academy of Sciences, 119(2), 1-8.
https://doi.org/10.1073/pnas.2113067119

Kruse, D., Schur, L., Rogers, S., & Ameri, M. (2018).
Why do workers with disabilities earn less? Occu-
pational job requirements and disability discrimination.
British Journal of Industrial Relations, 56(4), 798-834.
https://doi.org/10.1111/bjir. 12257

Lustig, D. C., & Strauser, D. (2004). Employee benefits for indi-
viduals with disabilities: The effect of race and gender. Journal
of Rehabilitation, 70(2), 38-46.

Man, X., Zhu, X., & Sun, C. (2020). The positive effect of work-
place accommodation on creative performance of employees
with and without disabilities. Frontiers in Psychology, 11(Arti-
cle 1217), 1-11. https://doi.org/10.3389/fpsyg.2020.0121

Mau, W. C., & Kopischke, A. (2001). Job search methods,
job search outcomes, and job satisfaction of college gradu-
ates: A comparison of race and sex. Journal of Employment
Counseling, 38(3), 141-149. https://doi.org/10.1002/j.2161-
1920.2001.tb00496.x

McNeely, C. L., & Fealing, K. H. (2018). Moving the needle,
raising consciousness: The science and practice of broadening
participation. American Behavioral Scientist, 62(5) 551-562.
https://doi.org/10.1177/0002764218768874

Mincer, J. (1974). Schooling, experience, and earnings. New York:
National Bureau of Economic Research.

Mitra, S., & Kruse, D. (2016). Are workers with disabil-
ities more likely to be displaced? International Journal
of Human Resource Management, 27(14), 1550-1579.
https://doi.org/10.1080/09585192.2015.1137616

Mulyaningsih, T., Adhitya, D., & Rosalia, A. C. T. (2021).
Education, skills and labour market outcome in
Indonesia: An instrumental variable approach. Eco-
nomic Journal of Emerging Markets, 13(2), 168-177.
https://doi.org/10.20885/ejem.vol13.iss2.art6

National Center for O*NET Development. (2022a).
Browse STEM occupations. Retrieved from
https://www.onetonline.org/find/stem?t=0

National Center for O*NET Development. (2022b). The O*NET
content model. https://www.onetcenter.org/content.html

National Center for Science and Engineering Statistics. (2021).
Women, minorities, and persons with disabilities in science
and engineering (Report NSF 21-321), National Science Foun-
dation. https://ncses.nsf.gov/pubs/nsf21321/report/executive-
summary

National Science Board. (2021). The STEM labor force
of today: Scientists, engineers and skilled technical
workers — Science and engineering indicators 2022

(Report NSB-2021-2). National Science Foundation.
https://ncses.nsf.gov/pubs/nsb20212

Noa, L., & Akhtar, N. (2021). Neurodiversity and
deficit perspectives in The Washington Post’s cover-
age of autism, Disability & Society, 36(5), 812-833.
https://doi.org/10.1080/09687599.2020.1751073

Okoro, C. A., Hollis, N. D., Cyrus, A. C., & Griffin-Blake,
S. (2016). Prevalence of disabilities and health care
access by disability status and type among adults—United
States. Morbidity and Mortality Weekly Report, 67(32),
882-887.  https://www.cdc.gov/media/releases/2018/p0816-
disability.html

Padkapayeva, K., Posen, A., Yazdani, A., Buettgen, A., Mahood,
Q., & Tompa, E. (2017). Workplace accommodations for
persons with physical disabilities: Evidence synthesis of the
peer-reviewed literature. Disability and Rehabilitation, 39(21),
2134-2147. https://doi.org/10.1080/09638288.2016.1224276

Phelps, E. (1972). The statistical theory of racism and
sexism. American Economic Review, 62(4), 659-661.
https://www.jstor.org/stable/1806107

Portes, A. (1998). Social capital: Its origins and applications in
modern sociology. Annual Review of Sociology 24(1998), 1-24.
https://www.jstor.org/stable/223472

Pransky, G., Fassier, J. P., Besen, E., Blanck, P., Ekberg, K., Feuer-
stein, M., & Munir, F. (2016). Sustaining work participation
across the life course. Journal of Occupational Rehabilitation,
26(4), 465-479. https://doi.org/10.1007/s10926-016-9670-1

Rodgers, W. M. (2009). Handbook on the economics of discrimi-
nation. Edward Elgar Publishing.

Schur, L. (2003). Barriers or opportunities? The causes of contin-
gent and part-time work among people with disabilities. Indus-
trial Relations, 42(4), 589-622. https://doi.org/10.1111/1468-
232X.00308

Scior, K. (2011). Public awareness, attitudes and Dbeliefs
regarding intellectual disability: A systematic review.
Research in Developmental Disabilities, 32(6), 2164-2182.
https://doi.org/10.1016/j.ridd.2011.07.005

Seibert, S. E., Kraimer, M. L., & Liden, R. C. (2001). A social capi-
tal theory of career success. Academy of Management Journal,
44(2), 219-237. http://www.jstor.org/stable/3069452

Telwatte, A., Anglim, J., Wynton, S. K. A., & Moulding, R. (2017).
Workplace accommodations for employees with disabilities:
A multilevel model of employer decision-making. Rehabilita-
tion Psychology, 62(1), 7-19. https://doi.org/10.1037/rep0000
120

Torres-Olave, B. M. (2019). Underestimating the gender gap?
An exploratory two-step cluster analysis of stem labor seg-
mentation and its impact on women. Journal of Women
and Minorities in Science and Engineering, 25(1), 53-
74. https://doi.org/10.1615/JWomenMinorScienEng.201902
1133

U.S. Bureau of Labor Statistics. (2021). Persons with a disability:
Labor force characteristics—2020 (Report USDL-21-0316).
Author. https://www.bls.gov/news.release/disabl.nr0.htm

U.S. Census Bureau. (2018a). 2018 census STEM, STEM-related
and non-STEM related code list. Author. https://www.census.
gov/topics/employment/industry-occupation/guidance/code-
lists.html

U.S. Census Bureau. (2018b). Public use microdata sample
(PUMS): Accuracy of the data (2018). Author. https://www2.
census.gov/programs-surveys/acs/tech_docs/pums/accuracy/
2018AccuracyPUMS.pdf?



300 0.S. Lopez / Disabled Americans in non-STEM and STEM occupations

U.s. Census  Bureau. (2019a).  Accessing ~ PUMS
data. Author. https://www.census.gov/programs-
surveys/acs/microdata/access.2018.html

U.S. Census Bureau. (2019b). 2018 ACS I-year PUMS
readme. Author. https://www.census.gov/programs-
surveys/acs/microdata/documentation.2018.html

U.S. Census Bureau. (2019c). American Community Survey and
Puerto Rico Community Survey 2018 subject definitions.
Author. https://www2.census.gov/programs-surveys/acs/tech_
docs/subject_definitions/2018_ACSSubjectDefinitions.pdf

U.S. Census Bureau. (2019d). American Community Sur-
vey and Puerto Rico Community Survey 2018 code lists.
Author. https://www2.census.gov/programs-surveys/acs/tech_
docs/code_lists/2018_ACS_Code_Lists.pdf

U.S. Census Bureau. (2022). How disability data are col-
lected from The American Community Survey. Author.
https://www.census.gov/topics/health/disability/guidance/data-
collection-acs.html

Uppal, S. (2005). Disability, workplace characteristics, and job
satisfaction. International Journal of Manpower, 26(4), 336-
349. https://doi.org/10.1108/01437720510609537

Webb, J., Schirato, T., & Danaher, G. (2002). Understanding Bour-
dieu. Sage.



