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Model-based Analysis of Diversity in Higher Education

Maryam Alsadat Andalib

ABSTRACT (academic)

U.S. higher education is an example of a large multi-organizational system within the
service sector. Its performance regarding workforce development can be analyzed through
the lens of industrial and systems engineering. In this three-essay dissertation, we seek the
answer to the following question: How can the U.S. higher education system achieve an
equal representation of female and minority members in its student and faculty
populations? In essay 1, we model the education pipeline with a focus on the system’s
gender composition from k-12 to graduate school. We use a system dynamics approach to
present a systems view of the mechanisms that affect the dynamics of higher education,
replicate historical enrollment data, and forecast future trends of higher education’s gender
composition. Our results indicate that, in the next two decades, women will be the majority
of advanced degree holders. In essay 2, we look at the support mechanisms for new-parent,
tenure-track faculty in universities with a specific focus on tenure-clock extension policies.
We construct a unique data set to answer questions around the effectiveness of removing
the stigma connected with automatic tenure-clock policies. Our results show that such
policies are successful in removing the stigma and that, overall, faculty members that have
newborns and are employed by universities that adopt auto-TCE policies stay one year
longer in their positions than other faculty members. In addition, although faculty
employed at universities that adopt such policies are generally more satisfied with their

jobs, there is no statistically significant effect of auto TCE policies on the chances of



obtaining tenure. In essay 3, we focus on the effectiveness of training underrepresented
minorities (e.g., African Americans and Hispanics) in U.S. higher education institutions
using a Data Envelopment Analysis approach. Our results indicate that graduation rates,
average GPAs, and post-graduate salaries of minority students are higher in selective
universities and those located in more diverse towns/cities. Furthermore, the graduation
rate of minority students in private universities and those with affirmative action programs
is higher than in other institutions. Overall, this dissertation provides new insights into
improving diversity within the science workforce at different organizational levels by using

industrial and systems engineering and management sciences methods.



Model-based Analysis of Diversity in Higher Education

Maryam Alsadat Andalib

ABSTRACT (general audience)

One of the goals of higher education institutions is to increase diversity within student
and faculty bodies. Equal inclusion of all individuals in students and faculty populations is
important to society in several ways. First, providing an equal chance for individuals’
higher education and employment, regardless of demographic characteristics, is a
cornerstone of any democratic society. Second, improving educational system diversity
leads to higher educational achievements, as overall diversity of U.S. universities is a key
indicator of global excellence. Despite improvement over the last decades, we still do not
see an equitable distribution of women and racial minorities in such populations. The
disparities in minority representation are even greater at higher levels of education and
academic employment, such as graduate school and tenure-track positions. In this
dissertation, our focus is on the trends, processes, and performance of the U.S. higher
education system as it relates to diversity. We apply innovative industrial, systems
engineering, and management sciences methods to the subject of diversity in the higher
education context. The goal is to investigate answers to the following question: How can
the U.S. higher education system achieve equal representation of female and minority
groups in its student and faculty populations? The results of this dissertation could be used
to train policy makers at institution and state levels on the ways of transforming universities
into better places for females and minority groups. In particular, the system dynamics
model could be used as a flight simulator in performing policy tests for educational
workshops. Moreover, the outcomes could inform individuals and policy makers about the
barriers doctorate holders face in following a successful academic path. Finally, this
dissertation could be used in system dynamics and Data Envelopment Analysis classes as

both case study and teaching materials.
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Chapter 1. Introduction

Since the time when there were no female and racial minority students attending universities,
United States higher education institutions have made great strides in their inclusion of female and
racial minority students. In addition to providing equal educational opportunities to everyone
regardless of their demographic characteristics, such improved diversity is also expected to
increase overall achievement in the entire education system [1]. Equal inclusion of individuals in
the economic and political life of their country is a valuable societal aspect of a diverse education
system [2].

However, despite these efforts, we still remain far from equal distribution of educational
opportunities in our society. Figure 1.1 shows the 2013 racial and gender composition of doctorate
recipients by field of study. Figure 1.1.a shows the percentage of non-white, non-Asian minorities
in the academic fields of three major groups—engineering, biological and agricultural sciences,
and behavioral and social sciences. The “racial parity level” line shows that the percentage of non-
Asian racial minorities in the U.S. population is 18%. As shown, the percentage of non-Asian
racial minorities in all scientific fields is less than the same percentage in the overall population.
In other words, minorities are underrepresented in the science workforce. Figure 1.1.b depicts the
percentage of female students in these fields. Females are 51% of the U.S. population, but in many
fields, especially engineering, they comprise less than 20% of the workforce. Looking at the
dynamics of the gender and racial gaps over time also demonstrates that such disparities are
persistent and even growing in some areas such as medical schools and Science, Technology,
Engineering and Mathematics (STEM) fields [3, 4]. Furthermore, women and racial minorities are

underrepresented among professionals [5] as well as in tenure-track academic positions [6].
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(b) Percentage of women in the U.S. science workforce by fields.

Figure 1.1: Racial and gender composition of the US science workforce for different fields
within behavioral and social sciences, engineering, and biological sciences subfields in 20152,

— 1 Engineering fields: AE (Aerospace Engineering), CHE (Chemical Engineering), CIE (Civil Engineering), ECE
(Electrical and Computer Engineering), MAE (Material Engineering), ME (Mechanical Engineering), IE (Industrial
Engineering).

— Biological and Agricultural Sciences: AGF (Agricultural and Food Sciences), BCH (Biochemistry and Biophysics), CEL
(Cell and Molecular Biology), MIC (Microbiology), ZOO (Zoology), ENV (Environmental Life Sciences), OtherB
(Other Biological and Agricultural Sciences).

— Behavioral and Social Sciences: PSY (Psychology), ECON (Economics), PS (Political Sciences), SOC (Sociology),
OtherS (Other Social Sciences).
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Data Source: The author’s estimation based on the Survey of Doctorate Recipients (SDR) 2015,
National Science Foundation (NSF). Note: the dash lines, referred to as the parity level, which show the

percentage of the specific groups in the U.S. population.

In this dissertation, we study the gender and racial composition of the science workforce and attempt
to answer the question: How can an equal representation of female and minority groups in student and
faculty populations be achieved in the U.S. higher education? We address this question by looking at various
data sources of U.S. higher education at individual, institutional, and national levels.

Figure 1.2 summarizes our approach and the structure of this dissertation. In a three-essay format we
utilize three modeling techniques: specifically, system dynamics, statistical analysis, and data envelopment
analysis, as described in the next paragraphs. The first objective of this dissertation is to present a systems
perspective of the U.S. education pipeline and predict the gender composition of the educated workforce.
The second objective is to investigate the effects of work-life balance programs, specifically the automatic
extension of the tenure-clock for new parent faculty members and the effect on their career outcomes.
Finally, the third objective is to test the effects of several institutional and state-level factors on educational

and career outcomes of racial minorities and identify the best practices among U.S. institutions.
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factors

Figure 1.2: The topic, structure, methods, and data source of this dissertation.

Essay 1 discusses a system dynamics approach to present a systems view of the U.S. education
pipeline and predict the U.S. workforce gender composition by highest degree attainment level.
The education pipeline starts at kindergarten and models the flow of male and female students
through different educational levels (i.e., college and graduate school). The model captures several
positive and negative factors that affect individuals’ decisions to continue their education at a
higher level or start a job with their highest degree. The effects of role models and parents are
examples of phenomena that help to reduce the attrition rate of university students. The model is
calibrated using historical enrollment data from 1980 to 2015 and forecasts future gender-

composition trends in regards to the educated workforce to 2035.



Essay 2 focuses on work-life balance programs in higher education institutions and the effect
of automatic tenure-clock extensions due to childbirth or adoption on the career outcomes of pre-
tenure faculty. Career outcomes are defined as the duration of tenure track, likelihood of promotion
to a tenured position, job satisfaction, salary, and chances of getting research funding. I collect an
institutional-level data set of the top 250 U.S. universities (according to U.S. News & World
Report rankings) to investigate the characteristics of policy adopter universities. The information
is gathered through university websites and guidelines, as well as direct contact with provosts of
many of these universities. Furthermore, | connect 2008, 2010, 2013, and 2015 surveys of
doctorate recipients (SDR) from the National Science Foundation to my constructed data to
evaluate career outcomes over seven years at the individual level. Finally, | test the effect of
automatic tenure-track extension policy on the abovementioned career outcomes.

Essay 3 looks at the educational and employment outcomes of undergraduate racial minority
students at the institutional level and attempts to discern why some universities are more successful
than others in terms of improving diversity. | compare two contrasting theoretical explanations for
institutional success in bringing more diversity into higher education. Success is defined as a
higher graduation rate, higher GPA, and racial minorities’ first post-graduate job salaries. I use
data envelopment analysis (DEA), a non-parametric method, to compare universities in terms of
training and educating minority students (e.g., Hispanic and African-American students). The
input measures include number of minority undergraduate and graduate students enrolled, number
of minority faculty, and financial support provided to the students. Output measures are related to
the educational outcomes of minority students (e.g., graduation rate and GPA) or employment
outcomes (e.g., first post-graduate job salary). Number of hate incidents on campus is also

considered an undesirable output of the model. | construct my own data set for this analysis by
5



collecting and integrating different data sources at the institutional level that include the National
Survey of College Graduates (NSCG), Campus Safety and Security (CSS), and the Integrated
Postsecondary Education Data System (IPEDS). Using the DEA, | calculate efficiency scores for
universities based on the defined input/output set. We then test the effects of several institutional-
and state-level factors on training minority students.

The dissertation proceeds as follows. In Chapters Two, Three, and Four, we present each of
the three essays. Each essay is a stand-alone paper. In Chapter Five we discuss the main findings

and conclusions and point to future avenues for research.
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Chapter 2. Simulation of the Leaky Pipeline: Gender Diversity in US K-

Graduate Education

Abstract

What is the future trend of gender (dis)parity in US higher education and workforce? We take
a systems approach and develop a dynamic simulation model of gender diversity in US higher
education, from kindergarten through elementary, high school, undergraduate and graduate
studies. The model consists of the education pipeline for male and female and includes several
mechanisms that reinforce interest in higher education, or affect university admission or dropout.
We simulate the model and examine its fidelity in replicating the historical data of US higher
education (1970-2014). Then, we simulate the model to forecast the future trends of gender
composition at different stages of the education pipeline for the next two decades. The model
forecasts that women will be the majority of university degree holders in US in 2035 (female to
male ratio of 1.7 of advanced degrees) with consistently lower rates of dropout in high school,

undergraduate, and graduate level of education. We discuss the findings and implications.

Keywords: Gender diversity; US higher education; education pipeline; system dynamics;

simulation.



Introduction

In an equitable education system, we expect people from different racial, ethnic, and gender
groups with any sexual orientation and disability level to have equal chances of academic success.
Academic success is translated into receiving college admission, graduating university, achieving
higher standardized test scores, and landing technical and scientific jobs [1]. In such a society, as
opportunities are solely distributed based on skills, and skills are independent from demographic
characteristics, we expect to see the same distribution of demographics in different fields that we
see in the population. However, data suggest that we are far from this ideal situation, and our initial
demographics may predict the level of education that we will receive and our future economic
situation.

One particular dimension of diversity, which is the focus of this paper, is gender diversity. An
education system is gender segregated at the higher education level if female students are less
represented at undergraduate or graduate levels than their male counterparts [2]. Women’s lower
representation in higher education was historically due to the issues related to access to higher
education and their lower rates of degree completion. Dealing with childcare, family and labor
market commitments with lack of supporting mechanisms makes receiving a higher degree less
attractive for women. Cultural norms and gender stereotypes are two widely cited reasons for the
second aspect of gender segregation [2]. It is also argued that current gender composition of
university students and faculty members further influences the interest of women in higher
education and their retention rate by reinforcing gender stereotypes [3].

Recent evidence points to changes in gender composition of higher education in favor of more
parities and less “leakage” in education pipeline. We call the education pipeline leaky, when it

fails to retain female students at different levels of education. It seems that the trends are changing
8



and women’s demand for higher education is growing [3]. The pipeline leakage however still exists
at the later stages of higher education. The low rate of transition from doctorate degrees to faculty
positions in women is an example of this phenomenon [4]. An important question is how the future
trend of gender (dis)parity in US higher education will look like. This is our focus in this research.

A major shortcoming of previous studies of gender diversity is the common focus on a subset
of the education pipeline rather than analyzing the entire pipeline of education. Dropout in high
school [5], college [6], and faculty stages [7] are important factors that affect gender diversity.
However, these factors are interdependent, and for example, low quality of education at high
school can only later manifest itself in the form drop out from college. From a systems perspective,
one should look at the entire system of education [8] and examine long-term trend of gender
diversity.

In this paper, we develop a system dynamics model of the US education pipeline to examine
the trends of gender diversity in the US higher education. We consider a broad boundary for our
model, one that includes pre-high school and high school education as well as university level
education. The model simulates the flow of male and female students through the education
pipeline. The simulation model will help examine the future trends of gender composition in

workforce and higher education.

Background

Improving diversity in education is valued by itself but also is expected to increase the overall
achievement of the entire education system [9]. More diversity results in higher representation of
different perspectives, cultures, ideas, and strengths, which all improve our understanding of the
society as one entity [10, 11]. As a societal value, we also expect that every child regardless of

his/her family’s socio-economic status and demographic characteristics should be given similar
9



opportunities for flourishing. An equitable education is a corner stone in increasing opportunities
for under-represented groups. Such education systems ensure that historically underrepresented
populations obtain academic achievements [9].

Recent trends of gender diversity in US higher education have been promising. Overall, and
across all fields, women’s representation in educational ladders have been gradually improving
during the past two decades. Figure 1 depicts changes in gender composition of science and
engineering workforce by the level of highest degree. During the past two decades, the number of
science and engineering (S&E) workforce has grown for both genders, but in a higher rate for
women than men. As the figure shows, in 1993, only 35% of the population of US workforce with
bachelors as the highest degree were women, but the ratio increased to 46% and 48% in 2003 and
2013. Number of women with Bachelor’s degrees changed from about 2 million in 1993 to about
6 and 8 million people in 2003 and 2013.

The gender composition of the US advanced degree holders is also moving from the state of
women’s underrepresentation toward gender parity. According to Figure 1.b, only 33% of the
advanced degree holders were women in 1993. Women’s representation in the population of
advanced degree holders increased over the last two decades, as they composed 44% and 50% of
this population in 2003 and 2013 respectively. The number of women with advanced degrees also

grew from about 1 million in 1993, to 3 and 5 million in 2003 and 2013.
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Significant improvements are also observed in women’s academic success measures [12]. In
the past, one mostly cited reason of the relatively low number of women entering higher education
was their under preparation throughout high school [4]. Now, female students compared to their
male peers perform better in reading tests [12], and have higher college degree attainment rates
[13]. Over years females also improved their performance in mathematics [14], and their
representation in male dominated fields [15]. Women reached to parity in non-math-intensive
fields such as life science, psychology, and social sciences [16].

Despite all of the described improvements in different aspects of gender equity in higher
education, gender gaps are observable in some areas, like attrition of female students in math-
intensive fields, fewer employment of female faculty members, especially as associate or full
professors [17].

The identified causes of gender gaps in higher education are multiple and interconnected.
Many studies have attempted to identify these causes, which change over decades. Historically,
gender discrimination against women was the main reason of their low representation in academia,
however, currently it is not among the most contributing factors [18]. Some of the reasons that
adversely affect women in academia are role modeling [19], general beliefs about the appropriate
behaviors of men and women (i.e. gender-role attitudes), faculty composition, campus climate,
(i.e. self-selection of students) [20], lower expectations [4], and negative stereotypes that lead
students underperform in standardized tests [21]. Lack of female role models is factor that plays
an important role in both retention and recruitment. Even the enrolled female students might
perceive that they are not following a correct educational path because there is not many women

faculty or graduates in their fields [4]. Career choices of men and women are influenced by the
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gender stereotypes that pictures men with higher mathematics abilities, and ultimately yields
females to non-math intensive fields [16].

The gender gap persists at the latest stages in academia; faculty positions. Literature reports
that number of required working hours and quality of female applicants does not contribute to the
existing gender disparity in academia [22]. Gender bias against female PhD degree holders in
academia is the main cause for undervaluing women and hiring them with lower salaries [23]. The
life choices, and career preferences of female PhDs, as well as the general belief that faculty
positions are not compatible with married life and raising children are other factors that lead them
to opt-out of tenure-track positions [16].

In this research, we specifically aim at understanding the future trends of gender disparities at
different stages of the US education pipeline in the next 20 years. We model the dynamics of men
and women’s educational attainment in the US using previous empirical findings from the
literature including social and personal factors that affect recruitment and retention of students in

higher education institutes.
Method

Procedure

We develop a system dynamics [24] model that represents the US education pipeline. The
causal relationships in this model are mostly informed by empirical research in the area of
education policy and studies of gender diversity in education and scientific workforce. The model
captures the dynamics of population at different educational levels from kindergarten to graduate
school, from 1970 to 2014, and for different genders. Most model parameters are estimated from
the past empirical research. For the unknown parameters, we conducted partial model calibration

[25]. Details of parameter values and calibration procedures are presented in the Appendix.
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We conduct various tests for model validation including structural and behavioral validity
tests as described in Business Dynamics [24] including a comparison of the simulation trends with
the historical trends of US men and women enrollment in K-12 and higher education. The model
boundary is around the education system, and US birth rate is an exogenous variable in this model.
We also run the model for twenty years in the future (2016-2035) to forecast the enrollment and
graduation trend of each gender group. We also conduct sensitivity analysis for a wide range of

changes in estimated or assumed parameters, presented in the Appendix.

Data

US Census Bureau publishes school enrollment data by educational attainment level and by
different demographic characteristics. They collect the data through current population survey
(CPS) which is the main source of labor force and population statistics in the US. CPS provides
school enrollment from pre-kindergarten to higher levels of education; graduate school. We use
the longitudinal enrollment data for men and women from 1970 to 2014 as a reference for
replicating the historical data.

Current Population Survey (CPS) postsecondary education enroliment data includes both US-
born and non-US-born students in its estimations. We need to include the international students
that temporarily reside in the US to study in undergraduate or graduate programs. Institution of
International Education (11E) Open Doors provides a longitudinal data of the number of enrolled
international students in the US by education level. We use Open Doors data, which is available
online from 1960 to 2015.

Male and female birth rates are the other two exogenous variables. We use the data reported

by Census to provide the model with these rates from 1970 to 2014. Furthermore, Census publishes
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a projection of the US population as well as birth, and death rates. We use Census population
projections to estimate US birth rate for the next twenty years.

Modeling

The pipeline(s)

The model relies on two major aging chains, which represent two parallel education pipelines,
one for women and one for men [24]. Figure 2 is a simple representation of the US education
pipeline for the female population. Individuals enter the pipeline upon their birth and go through
different stages. The students can attain high school diploma, bachelors, or advanced degrees (e.g.
masters and doctorate) or dropout of school at any stage and work with their highest attained degree
until retirement or death. Individuals enter the pipeline through birth rate; then they go to school
after a period of “Under School Age” (in Figure 2, first stock from the left). For simplicity,
education prior to university is aggregated by two variables, “Enrolled in PreK-9th Grade” and
“Enrolled in High School.” Some may dropout from school; others will ultimately graduate from
high school and join the stage of “with High School Diploma as Highest Degree.” Some of this
population stay in this stage until retirement/death, and some may decide to be “Enrolled in
College” (in the Figure, the most left stock variables among the second row of stock variables).
This population may also dropout, complete education and start a job, or decide to continue

education at the graduate level.
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Figure 2.2: Levels of the US Education Pipeline for female population.

A model parallel to the one depicted for females in Figure 2, represents the pipeline of

education for males, which of course may have different dropout rate or different tendency to

continue education to higher levels.
These two parallel pipelines of course are interdependent. In the next sections, we describe

the main feedback structures that connects male and female education pipelines.

Recruiting Students
We first estimate total college admission rate, and then split it between female and male based

on the past trends and mechanisms described here. Figure 3 shows the structure and here we

discuss major equations.
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Figure 2.3: Recruiting feedback structure.

In a steady state, universities’ admission rate is equal to college exit rate that is new students
are replacing students who leave college. College exit rate is equal to graduation rates and dropout
rates of both foreign-born students, and US-born.

College Exit Rate = (Female Graduation Rate + Male Graduation Rate) +

(Female College Dropout + Male College Dropout)

in steady state where College Enrollment is constant, we have
College Admission Rate = College Exit Rate
In general, when College Enrollment Capacity changes, we will have:
College Admission Rate = College Exit Rate + Change in College Enrollment
where

17



Change in College Enrollment = College Enrollment Capacity — College Enrollment =
College Enrollment Capacity — (Female College Enrollment + Male
College Enrollment)

After estimating admission rate, then, the total admission rate splits between male and female
applicants at different fractional rates (Rremate, and Rmaie). We estimate the fractions from model
calibration.

Female Admission Rate = Rremale*Collage Admission Rate
Male Admission Rate = Rmae*College Admission Rate

where Rremale,* Rmale=1, Female Admission Rate < Females with High School Diploma as
their highest degree, and Male Admission Rate < Males with High School Diploma as their highest
degree.

Similar mechanisms exists for graduate admission rates. For high school and lower grades,

we assume infinite capacity, so any one can enroll as long as they do not drop out.

Reinforcing Students

We identified several feedback mechanisms that reinforce students’ enrollment in universities.
These mechanisms improve students’ enrollment through either increasing admission rate or
decreasing dropout rate. The following is a list of the reinforcing mechanisms.

— Parental financial support: Individuals with higher university degrees receive higher
incomes on average. When women’s education level increases, families would be better
prepared to support their children financially because mothers can contribute more [26].

— Mentoring: Families would be able to provide more support to their children through their
education path when parents have any or more college experience [27].

— Role modeling: Existence of female role models encourages students of the same gender
to peruse higher degrees, improve their perception of chance of successfully finishing their

studies, and reduce their dropout rates [28].
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— Established image of female highly educated professionals: Existence of more women with
university degrees in the society makes the image of a female highly educated employee
more established [28].

We model the positive effect of having more women with university degrees (i.e. increased
education level of women) on the representation of female students at universities through two
aggregate loops. These two reinforcing loops represent all previously described mechanisms,
which reinforce highly educated women in the society. First, increased education level of women
positively affects younger women'’s interest in higher education by increasing their inflow to the
universities. Second, increased education level of women improves female student’s persistence
through getting their degrees.

Figure 4 shows the effect. It represents the change of college dropouts based on the population
of individuals holding bachelor’s degree and higher.

<Female Advanced

Female College Degree Holders>

Dropout Rate \ /

+ Females Holding
Bachelor's Degree and

< Higher
-+
Female College </
Dropout * .
- Retirement Rate
Femaleswith | o
o . » Female College - .| Bachelorsas
Female Enrollment Female Highest Degree
Admission Rate Graduation Rate Death Rate

Figure 2.4: Reinforcing feedback structure.

Here, we only described the recruiting and retaining feedback structures for college level.

Similar structure also exists for other levels of the model (e.g. high school and graduate school).
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International Students

The previously described aging chain structure is designed to model the educational
attainment level of US-born students using the birth rate and university capacity at both
undergraduate and graduate levels. However, the goal of this model is to replicate the US
enrollment data, which includes both foreign-born and US-born students. Therefore, we need to
incorporate the annual incoming international students into the model at university level and adjust
the enrollment rates to account for foreign-born in primary and secondary education levels. The
trends of incoming international students at both educational levels are derived by multiple
complex mechanisms. Modeling the dynamics of international students is out of the boundaries of
the current system dynamics model. Therefore, we import the number of international students
enrollment by education level and decompose it with a constant rate of 56% male and 44% female
[29]. The population of international students affects the dynamics of the current model in the
following ways:

1. Enrolled Students by Education Level: The stocks of the number of enroliments
include only US-born students. We add the number of international students by
gender and education level to the number of domestic students to count the total
enrollments and replicate the historical enrollment data.

2. Exit Rate by Education Level: We use the college exit rate to calculate the available
seats for the next cohort of students in both undergraduate and graduate schools.
We add the number of graduating international students to the graduating domestic
students to reach to a more accurate estimation of next year’s admission rate.

3. Degree Holders by Educational Attainment Level: Past studies state that 45% of
international students want to stay in the US. Therefore, we assume that 45% of the
graduating international students enter the stocks of degree holders and affect the

retention mechanisms.
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Based on our estimations from the Scientists and Engineers Statistical Data System
(SESTAT) from NSF, the ratio of international graduate students who did their
undergraduate studies in the US was 12% on average. We use this ratio to avoid double
counting the number of international students staying in the US with bachelor’s as their
highest degree in the stock of international students who stay in the US with advanced

degrees.

The Entire Model

Figure 5 shows a simple representation of the whole model. Both gender groups share the
same stock-and-flow structure. Here, we use M and F acronyms for differentiating between male
and female variables. We import two types of variables into the model: birth rate and university
capacity. We divide the first exogenous variable, birth rate, into two rates by gender, which are the
inflow to the first stock of the education pipeline, pre-high school enrollment. Male and female
students enter the education pipeline upon their birth and enter pre-high school. Then they proceed
through the aging chain and can receive higher degrees if they do not dropout or decide to work
with a lower degree. Number of new admissions to college and graduate school is a function of
other exogenous variables; college and graduate school capacities. They determine the extra
available seats in universities each year and are exogenous variables. These variables drive the
aggregate admission rate (for both male and female students) and the portion that goes to each
gender group is calculated by recruiting students feedback loops (described in previous sections).
Finally, individuals exit the pipeline when they retire or die. The rates have different values for
men and women. We documented detailed formulation and parameter values of the model in the

appendix.
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Figure 2.5: Feedback structure of education pipeline model.

Base Run Simulation

Figures 6 through 9 depict simulation results for the number of pre-high school and high
school enrollments in the US from 1970 to 2035 for male and female students. They also compare
the results to the actual enrollment data for the period of 1970--2014 for males and females, which
are both quite successful replications. As Figures 6-9 show, the model fairly replicates the data
and predicts a relatively steady trend for male and female enrollment in pre-high school and high

school for the next twenty years.
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Figure 2.8: Female high school enroliment. Figure 2.9: Male high school enrollment.

Figures 10 and 11 depict the simulated and the actual number of college enrollments in the
US from 1970 to 2035 for female and male students respectively. The figures compare the results
of simulation to the actual enrollment data for both males and females, which is a quite successful
replication. The model also forecasts the enrollment trends for the next twenty years (until 2035).
The grey band around the enrollment graph shows the sensitivity of the model to the calibrated
parameters. In other words, there is a confidence interval for the forecasts of the population model.

The simulation model replicated the past forty five years growth in college enrollment: It more
than doubles from 6.2 million to 15.4 million students. In 1970, the population of female college

students were 1 million smaller than the male population. Since the number of female
23



undergraduate students historically grew faster than males, the population of female college
students exceeded males in 1974. In 2014, the number of female college students is approximately
3 million more. The model forecasts that the gender gap in college enrollment continues to widen
with a slower pace compared to 1994-2014 decade. However, the model predicts that the gap is
reversed in the next two decades with 1.6 million more male college enrollments. The main reason
is that a large proportion of the population has already received college degrees. Enrollment for
male, in fact, might stay steady.

Figures 12 and 13 also depict graduate school enrollment for males and females. Population
of graduate students in the US grew from 1.1 to 3.8 million students from 1970 to 2014, which
translates to five percent annual growth. The number of female graduate students was half of male
enrollment (0.4 million female and 0.8 million male graduate students). The population of female
graduate students grew faster than males. Therefore, the intersection point of male and female
enrollment graphs happens in 1977 with about 2 million total graduate school enrollments. Female
enrollment increased from 366 thousands to 2.1 million in 1970-2014, which is higher than male
enrollment (1.6 million male students). The gender gap in graduate school grew annually by 8
percent in 1994-2014, but the model predicts that this pace increases from 2014 to 2035 (13 percent

annual growth).
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enrollment.

Gender Parity Trends Prediction

We investigate model’s prediction of gender parity. Figure 14 depicts the number of men and
women by their highest level of educational attainment from 1970 to 2014. It also predicts the
population of similar groups from 2015 to 2035. We present three levels of highest educational
attainment (e.g. high school diploma, bachelor’s degree, and advanced degree) according to model

properties.

25



According to the figure, both men and women pursue their studies at some level of higher
education. The population of men and women with high school diploma as their highest level of
education slightly increases until 1980-1990, and then it slightly decreases over time. However,
the decline rate is steeper in women’s population with high school diploma as highest degree.Men
and women continue their education up to different levels and their tendency to stay in school
changes over time. For example, we have almost equal number of men and women working with
their bachelor’s degrees until 2020. In 2035, the gap is around 10 million people in favor of men
with bachelor’s as their highest degree increases. The model also forecasts that more women will
choose to stay in school and get advanced degrees. In 2035, this will lead to around 7.7 million
more women holding advanced degrees and consequently larger population of men holding
undergraduate degree and high school diploma.

35
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Figure 2.14: Male and female population by highest level of educational attainment from 1970 to
2035.
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Figure 15 depicts the ratio of female to male population by their highest degree. Female to
male ratio of one shows gender parity in each group. Any point below the dashed line (female to
male ratio equals 1) shows male dominated situation, and points above the dashed line are female
dominated ones. Female to male ratio of individuals with bachelor’s degree as their highest were
slightly more than one in 1970 (male dominated situation), then it stays at a steady state until 2020.
After 2020, the female to male ratio of individuals with bachelor’s degree as their highest degree
slightly becomes a male dominated situation (female to male ratio around 0.7 in 2035). Looking
at the population with advanced degrees shows that this group is moving toward being female
dominated by passing the gender parity level in 1998. Female to male ratio of people with
advanced degrees were historically less than one (around 0.75 in 1975). Then the ratio grows over
time and the model forecasts it to be around 1.7 in 2035. Population of high school diploma holders
was close to parity in 1970 (female to male ratio around 0.9). The ratio decreases over time and

becomes male dominated with female to male ratio around 0.15 in 2035.
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Figure 2.15: Female to male population ratio by highest level of educational attainment from
1970 to 2035.

Discussion

We developed a system dynamics model of the US education system from its earliest stage
(pre-kindergarten) to the latest stage (graduate school). We use recruiting, retaining and role
modeling as the main feedback structures to develop the model with a broader scope compared to
other studies that modeled a smaller section of the education pipeline. The developed model
captures the population dynamics of the students and education workforce, focused on the gender
composition from 1970 to 2014. We use the same model to predict the gender composition of the
educated workforce by degree attainment level (e.g. high school diploma, bachelor’s degree, and
advanced degree) from 2015 to 2035.

Results of the model show that in the next two decades, women hold 50% of bachelor’s and
64% of advanced degrees. Meaning that the gender gap is in favor of women among bachelor’s

and graduate degree holders. Number of bachelor’s and advanced degree holders of both gender
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groups will increase, although at different rates. Consequently, the number of females with high
school diploma as highest degree decreases over this period since many will pursue higher
educations.

The population forecasts of this study are close to the estimations of National Center for
Educational Statistics (NCES). NCES performs periodic projections of education statistics using
statistical methods, such as regression analysis. The forecasted numbers of bachelor’s and
advanced degrees awarded is on average 8 percent different between these two studies. For
example, they estimated that around 1.91 million bachelor and associate degrees would be awarded
to females, while our model forecasts 2.03 million degrees, which are very close estimation.

One policy implication of forecasting the population by educational attainment level and
gender is to estimate the future demand for jobs [30]. If population projection model predicts a
downward trend in any subgroup of the educated workforce, we can test preventive policies to
prevent the creation of further imbalance in the education system. We can also apply the model to
estimate the future racial composition of the educated workforce by field of study. Furthermore,
forecasting the gender composition or demographics of educated workforce or generally education
statistics helps the policy makers to take the required actions to support each group’s special needs.

This study contributed to the literature of education policy and gender studies at different
levels. First, we offered a systems view of the pipeline of education as affected by several feedback
loops. The model has a broad boundary of analysis and does not focus on one or two stages, but
includes different education stages from elementary to graduate studies. Then, we used the model
to predict the future trend of gender parity in the US. Our findings corroborates with other
resources [31, 32] and show that the gender gap in higher education is reversed, which were

historically in favor of men.
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This study has several limitations that suggest future studies. First, this was a first attempt to
model the entire education pipeline, so we did not attempt to model bachelor and advanced degree
holders in different fields, and rather aggregated them. We understand that the future trend for
different fields will be different, and we suggest future studies to take our model and disaggregate
the undergraduate and graduate studies based on fields. Looking at similar gender composition
variables at field level might reveal that the gaps between male dominated and female dominated
fields are getting wider. We also focused on gender parity; one can further develop the model to
study racial disparities and the intersection of racial and gender groups. A valid argument is one
that workforce dynamics affect individuals’ interest in pursuing higher degrees in long-term. We
assumed that workforce dynamics does not change students’ interest in higher education in the
next two decades and modeling that phenomenon is out of the boundaries of the model, which is
limited to the education system. Modeling this effect can be a future addition to the model.
Moreover, many questions are remained for future studies. For example, will the change in gender
composition translate to more women representation in academic leadership, and full professor
positions? Will more representation of women lead to mitigating salary gaps? We hope this study
triggers future dynamic modeling works that utilize methods such as system dynamics to study
gender disparities in science workforce.
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Chapter 3. Happy with a baby and a declined tenure:
Effects of tenure-clock extension policies on career outcomes of new parent

faculty members

Abstract

Tenure-track faculty members often cope with high levels of stress before promotion to
tenured positions. Childbearing and childrearing, which happens in the tenure probationary periods
of around 45% of the tenure-track faculty, adds to the stress. Meeting tenure and promotion criteria
and raising a newborn child turns these tenure-track professors to servants of two masters, who
eventually have to spread their time and energy between two demanding responsibilities. Higher
education institutions adopt policies such as parental leaves, reduced teaching and service loads,
and tenure-clock extensions to support their employees in one of their most stressful life events.
In this paper, we look at the tenure-clock extension policies of the top 250 US universities based
on the US news ranking and investigate their characteristics, adoption period, and their effects. We
specifically focus on automatic approval or grant of one-year extension to tenure-clock for birth
or adoption of a child. We investigate effects of these policies on career outcomes of tenure-track
faculty including promotion to tenured position, tenure-track duration, and job satisfaction. The
results show that tenure-track faculties stay an average of 6 years on their probationary period.
This duration increases by 0.9 years in new parent faculty who are employed in universities with
automatic TCE policies compared to their colleagues without a newborn. Staying more on tenure-
track does not necessarily lead to improved chance of getting tenure compared to leaving high

status academic positions. We observe that faculty members in universities with automatic TCE
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policies are generally happier about their jobs than universities without the same policy. We do
not find any evidence for a positive effect of automatic TCE policies on the chance of getting

tenure.
Keywords: Work-life balance programs, tenure-clock extension, higher education, tenure-

track faculty, newborn.
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Introduction

Since mid-18" century, when women started attending colleges and earning university
degrees, the nation have made many advancements in providing equal educational and
employment opportunities for women. As today, women earn an almost equal share of university
degrees and even the gender gap is in favor of women in colleges. While there are still gender
imbalances in science and engineering fields against women, the overall trend is promising.
Women receive half of the doctorate degrees awarded annually by the US higher education
institutions (i.e., 46.2% of doctorate recipients in 2015 were female). Field variation, though, still
exists: among doctorate degree recipients of math-intensive fields, women are significantly less
represented than men. Figure 1 depicts the ratio of female doctorate recipients from 2006 to 2016
by field of study. Field of psychology graduates the highest ratio of female PhDs in the US; health
slightly falls below psychology; Biological Sciences relatively awards a lower ratio of the PhD
degrees to women (i.e., around 52%), however it is still above the national average (dashed line).
The ratio of female doctorate recipients in other fields is less than the average (i.e., around 30%),

which includes engineering and sciences.
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Figure 3.1: Ratio of female doctorate recipients from 2006 to 2016 by field of study.

Despite the narrowed down gender gaps in educational outcomes, women are still among
minorities in higher-level managerial and high-status faculty careers [1-4]. They get promoted to
managerial jobs less frequently than their male counterparts [1]. Even in academic positions, fewer
female tenure-track faculty members are employed. However, the socio-economic processes that
lead to educational segregation and those that foster job segregation are different. The gap against
female doctorate recipients holds true for all fields; however, the magnitude of this gap varies [5].
Getting a tenure-track position is very competitive, considering the relatively long waiting times
in temporary positions such as postdoc (3 years on average) and low chance of getting a tenure-
track position (around 17%) [6]. As depicted in Figure 2, there is a declining trend in women’s
representation as we go from doctorate recipients to tenured faculty. As the figure shows there is
also field differences in female PhDs representation. The gap is wider in biological sciences

compared to psychology and social sciences. In engineering, there is less than 10% female faculty
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among tenured faculty members which is alarming. The disproportionate distribution of tenure-
track positions might be due to men’s higher intention in applying for faculty positions than
women’s interests [7]. Moreover, women who succeed to land a tenure-track job in academia tend
to opt-out of their positions with higher rates, before getting promoted to a tenured faculty position
[2]. The pipeline leakage in the transition of female doctorate recipients to professoriate careers
[8, 9] can be also a reason for the observed trend. However, we should be careful that the depicted
figure is a snap shot picture of the representation, and a dynamic trend may exist since it takes time
to see the impact of change in new graduates on more senior faculty positions. In simple words,
the composition of more senior faculty members may change as time passes as more PhD students
graduate and join tenure-track positions, and more senior faculties (who are disproportionally

male) are retired. This is called the “cohort effect” in the literature.
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The historical context of gender representation and discrimination in the society and academia
can provide insights into the underlying causes of today’s gender gaps. Effects of stereotypical
gender roles show a continued presence in women and men’s education and employment choices.
In the past, women were expected to stay at home, and raise children, while men supposed to be
socially and economically active and spend long hours out of home [10]. The social structure of
US has changed due to the changes in the economy, family structure, and education [11].
Traditional gender roles gave their place to more egalitarian attitudes [11]. Single-earner families
turned into dual-earner families. Women’s education level and employment rate improve as the
society adopts more egalitarianism gender attitudes [11]. Women’s perception of happiness also
evolved through the last century. Currently, women who have multiple roles (e.g. childcare,
family, and employment) report higher levels of well-being, while traditionally having domestic
roles was sufficient to be considered as successful women [10].

The literature attributes the gender gap in high-status academic positions (e.g., tenure-track
and tenured faculty) to several factors; stereotypes, gender bias, and family settings. Stereotypes
about careers in sciences requires individuals who want to become a faculty, to have certain
characteristics like innate talent [12]. Gender stereotypes create a mismatch between women and
high-status faculty and scientific careers and perceive men to be more compatible with such careers
[12, 13]. Furthermore, small portion of female faculty strengthen the stereotypes of women’s lack-
of-fit to careers in sciences [14]. Women’s marginalized presence in science and technology fields
is another example of such reinforcing stereotypes and the misinformation [9, 15]. Gender bias in
interviewing, hiring, publishing, and funding puts women among minorities in high-status
academic positions [16]. Male faculty tend to hire less female students and postdocs, especially in

elite research groups [17]. Female PhD students tend to receive less financial rewards and
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encouragement from faculty during their studies. Therefore, all of the mentioned negative
experiences during doctorate studies lead women to self-select non-academic careers [16].
However, there are variations in the interest of female PhDs in tenure-track positions and their
chance of receiving the offer among different fields.

Family settings including marital status, parental status, taking care of elder family members
are widely cited as the reason behind underrepresentation of female faculty in academia. The
chance of having a spouse/ partner in women faculty is lower than men faculty. Spouses/partners
of those women faculty spend more time on household tasks [18]. There are contradictory evidence
regarding the effect of children on women’s career choices and advancements. A group of studies
report that children do not negatively affect women’s tenure and promotion status as well as their
research productivity [19], while having a child benefits male faculty promotion [20]. On the other
hand, a second group of studies report that having children and the career choice that it imposes
put a downward pressure on mothers’ rather than fathers [9, 20, 21] and parenthood eventually
leads to self-exclusion from academic careers [7].

Higher education institutions have interest in improving women’s presence among their
faculty members. They design and adopt policies to attract and improve retention rates of faculty
and assist them in balancing their work-life responsibilities. The NSF ADVANCE programs are
designed to promote women’s presence in academic science and engineering careers. Between
2001 and 2016, more than 160 US higher education institutions received the ADVANCE grants.
Work-life support programs such as dual career support, parental leave, and tenure-clock extension
(TCE) policies are among these policies. The goal of dual career support is to retain the newly
hired tenure-track faculty and moreover attract another faculty to the department. A study on dual

career academic couples states that for these academic couples, job satisfaction is higher, working
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hours is higher, stress level is lower and balancing work-life responsibilities is easier [22].
However, the support mechanisms do not always function in the desired way. There is stigma or
bias against the spouse who is hired after his/her spouse. The second partner is viewed as being
inferior to the spouse as well as to the rest of the colleagues, called the “trailing spouse.” Tenure-
clock extension policies (TCE) are being implemented by higher education institutions for around
40 years [23]. Delaying tenure review might cause a backlash among faculty against the colleague
who is using these policies [23, 24]. This might lead to a similar stigma and fear against using TCE
policies due to child birth, child care or adoption [25]. Recently universities started to adopt a new
level of TCE policies due to childbearing and childrearing. They automatically extend the tenure
probationary period for one year as the tenure-track faculty notifies them of birth or adoption of a
child. Their goal is to fight the previously explained stigma among faculty members [25]. There
are some variations in the details of the automatic TCE policies and the way that universities
operationalize them. In the next section, we will explain the differences by bringing examples and
clarify what we mean by auto TCE policies.

Past studies investigated the effects of extending tenure-clock on different career outcomes of
tenure-track faculty. In a large research university, delaying tenure review had a salary penalty for
the faculty. However, the tenure-clock extension did not have a negative effect on their promotion
rate to tenured positions [23]. Another institution-level research focused on tenure-track faculty of
university of Wisconsin-Madison in 2003. The results showed that job satisfaction even declines
in faculty who use tenure-clock extensions and the negative effect exists for both gender groups
[25].

In this paper, we seek the answer to two questions; (1) which universities adopt the automatic

tenure-clock extension (TCE) policy? (2) How does automatically extending the tenure
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probationary period of new parents affect their career outcomes? To answer these questions, we
conduct the study in two steps. First, we take a statistical analysis approach to investigate the
characteristics of universities which adopt automatic TCE policies. For this purpose, we construct
a unique dataset of the levels of TCE policies among the top 250 US universities according to the
US news ranking. In the second part, we also take a statistical approach to test the effect of
automatic TCE policies on the career outcomes of tenure-track faculty who birth or adopt a child.
For this purpose, we use the Survey of Doctorate Recipients (SDR), conducted by National Science
Foundation (NSF), of 2008, 2010, 2013, and 2015 and connect the dataset to our institution-level
dataset. We discuss policy implications.

Automatic Tenure-Clock Extension Policy

Before moving to methods, we clarify what we mean from automatic TCE policy in higher
education institutions. Figure 3 depicts the variations on TCE policies of US universities. In most
of universities that have a tenure system, faculty who encounter any difficult family circumstances
including birth or adoption of a child can request an extension to their tenure-clock (shown by box
Al in Figure 3). In other words, they can request a one-year delay in their tenure review date.
Some universities have a case-by-case review process for these requests and it has to be approved
by the department head, the appropriate dean and the provost (box B2 in Figure 3). For instance,
new-parent faculty in Georgia State University should request the stoppage and it must be
approved by the Provost. On the other hand, others automatically extend the tenure probationary
period for new parent faculty (box Bl in Figure 3). We acknowledge that the policies of
universities that we considered as automatic TCE adopters are not exactly identical. The first group
of auto TCE adopters require the faculty to request the extension and then the university approves

the extension automatically (box C1 in Figure 3). For example, Virginia Tech modified its stop-
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the-clock policy and implemented automatic TCE policy in 2005 for both genders but requires a
request form to be submitted to the office of the provost [24]. The second group of universities
even do not require any formal request and documentation from the faculty (C2 in Figure 3). They
extend the probationary term of the tenure-track faculty member as soon as the faculty takes a
family leave; however, the faculty may later deny the granted extension. For example, Princeton
University automatically extends assistant professors’ tenure-clock by one year for each childbirth
or adoption of a child, upon notification. The policy is the same for men, women and same-sex
partners [26]. The University of Missouri System is another example of the second group of
policies. The tenure-clock of new-parent faculty members will be automatically extended by one-
year when they take family and medical leaves [27]. In this paper, we take both of these groups as
automatic TCE adopters or the treatment group of the analysis. We take universities as automatic
TCE policy adopters if they automatically approve the request regardless of their requirement for

submitting formal requests.
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Figure 3.3: Variations in tenure-clock extension policies in the US universities.
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Method

Institution-level Dataset

We construct a distinct dataset of TCE policy adoption in the US higher education institutions.
We specifically focus on the top 250 universities based on the US news ranking. We used a mix
of online resources, email communications and short interviews to collect the data about TCE
policies in universities. The data are collected according to faculty handbooks or other online
resources describing the related policies in each university. In cases of ambiguity in online
documents, we contacted either the office of human resources or the office of the provost and
requested more information. In several cases, we had a chance to have short interviews with the
provosts of some of the universities which resulted in more insights on the policy and its
operationalization on campuses. We accomplished to collect data on 204 universities policies. In
short, the constructed dataset includes the following variables at institution-level: ranking,
institution type (private vs. public), geographic region (e.g., West, South, Northeast, and Midwest),
political orientation of the state in 2016 presidential elections (democratic vs. republican),
institution size, and Carnegie classification (framework of classifying colleges and universities in
the U.S. based on factors such as degree level and research intensity). Another variable, called
“AutoExt” shows whether each university adopts automatic TCE policy. We consider “AutoExt”
(automatic TCE) to be equal to 1 if a university automatically extends the tenure probationary
period of tenure-track faculty who birth or care for a newborn or adopted child regardless of the
requirement for formal request. Furthermore, we include whether each university requires request
for extension and the approval is automatic or they will automatically stop the tenure-clock when

the faculty member takes a family leave. We also collected the year when the policy first was in
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place in each university. Descriptive statistics of the institution-level dataset is shown in Table B.1

of Appendix B.

Individual-level Dataset

We build the second part of the dataset, individual-level dataset, by connecting the institution-
level dataset to Survey of Doctorate Recipients (SDR) conducted by National Science Foundation
(NSF). The data include individual-level information about tenure-track faculty who participated
in the Survey of Doctorate Recipients (SDR) by National Science Foundation (NSF). We include
individual data if they meet two criteria. First, the individuals should work in one of the institutions
of the institution-level dataset during 2008-2015 period. Therefore, we know whether they had the
option of using automatic TCE before 2008 or not. Second, they should have responded to the
SDR in years 2008, 2010, 2013 and 2015. The latter allows us to generate measures of progress in
each individual’s career outcomes. These measures include their promotion to tenured position,
salary raise, likelihood of receiving government funding, and change in their job satisfaction level.
Furthermore, we control for other independent variables including age, gender, race, having a
newborn baby, time since graduation, and hours worked during each week.

Table 1 shows the descriptive statistics of the individual-level dataset. Out of total 487 data
points of this dataset, 205 are female and 282 are male. We compare the mean values of different
variables between male and female subjects and present the p-values. Hours worked and

probability of being married is significantly higher in the male sub-sample compared to females.
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Table 3.1: Descriptive statistics of individual-level dataset and t-test between gender groups.

Female (N=205) Male (N=282)
Mean SD Mean SD p-value*

Salary 90,539.70 69,724.75 96,485.08 44,389.70 0.252
Job Satisfaction 3.39 0.73 3.36 0.65 0.663
Any Government Funding 0.42 0.47 0.211
Promotion

Tenured 0.74 0.77 0.452

Left TT 0.11 0.10 0.781

Stillon TT 0.15 0.13 0.491
Tenure-Track Duration 6.14 1.63 6.02 1.35 0.427
Race

White 0.60 0.60 0.864

Asian 0.11 0.17 0.074

Hispanic 0.13 0.13 0.922

Black 0.09 0.07 0.402

Other Races 0.07 0.02 0.011
Age (2008) 37.40 6.39 37.11 6.24 0.621
Newborn 0.41 0.47 0.242
Married 0.82 0.88 0.065
Cohort 2002.68 351 2002.45 3.85 0.495
Start Year 2005.69 2.31 2006.00 2.13 0.125
Hours Worked 203.40 35.05 212.77 38.63 0.006

* p-value for the null hypothesis of no gender difference.

Figure 4 illustrates the rate at which individuals in the sample get promoted to a tenure position
or leaving high status jobs for other employment opportunities over the study period. We have four
data points per individuals from years 2008, 2010, 2013, and 2015. In the first data point all
individuals are tenure-track faculty and over time. With different starting points, except a small
percentage, they either get promoted or leave the position. According to the figure, in 2015, 9% of
tenure-track faculty members are still in the same position (not yet promoted to tenured), 75% are
promoted to tenured position and 16% leave the position for other types of employment in

academia, industry or government.
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Figure 3.4: Change in tenure status and employment from 2008 to 2015 according to

individual-level dataset.

Model

We conduct two rounds of analysis to answer the research questions. In the first round, we
investigate the likelihood of adopting automatic TCE vs. non-automatic TCE using a logistic
regression model. We exclude universities that do not have any TCE policy. The dependent
variable is binary and takes a value of zero if the university reviews the tenure-clock extension
files on a case-by-case basis regardless of its requirement for formal request of tenure-clock
extension by the faculty member. We are interested to know whether different characteristics of
higher education institutions correlate with the probability of adopting auto TCE policy. Therefore,
we take the following variables as the independent variables of the analysis: being located in a
state with democratic political orientation, ranking, campus size (e.g. number of students enrolled),
being private, type of campus (e.g., urban, rural, etc.), and Carnegie classification affects their
policy adoption level.
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In the second round of the analysis, we use the individual-level dataset to investigate the effect
of automatic TCE policy on career outcomes using different regression models. Our outcome
variables are duration of tenure-track, promotion to tenured position, salary raise, likelihood of
receiving government funding, and their job satisfaction level are the dependent. We run logistic
regression for promotion to tenured position which is a binary variable. It takes a value of 1 if the
faculty gets promoted to a tenured position and zero if he/she leaves the tenure-track position for
temporary academic or non-academic positions. For continuous variables (e.g., tenure-track
duration, salary raise and likelihood of receiving government funding), we use multivariable linear
regression. Finally, the job satisfaction variable is in a 1-4 scale (4 highest).We run ordinary least-
square regressions for job satisfaction. Moreover, we run each regression for female and male
subgroups separately. It is worthwhile mentioning that we do not use the weights of the survey of
doctorate recipients’ based on the suggestion of U.S. Bureau of Labor Statistics regarding

connecting multiple waves of a longitudinal survey [28].
Results

Which institutions adopt automatic tenure-clock extension policy?

Let us first start with answering the following question: “Which institutions adopt automatic
tenure-clock extension policy?” As mentioned before, we collected data related to TCE policy in
the top 250 universities. We accomplished to collect 204 data points through online documents
and university employees. Out of these 204 universities, 112 institutions (55%) have the tenure-
clock extension option for new parent faculties but it has to be requested by faculty and approved
by the dean and the provost. Eighty two universities (40%) have adopted some form of automatic
TCE policy and 10 institutions (5%) do not have any form of TCE. A larger group of the

institutions require the new-parent faculty to request the tenure-clock extension and the approval
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is automatic (N=55). While, a smaller group in our dataset automatically extend the tenure-clock
when the faculty member takes a family or medical leave (N=27). We also collected the date that
the automatic TCE policy was first in place in each university. We received answers from 74
universities. Therefore, we miss 8 adoption dates from total 82 universities that adopt automatic
TCE policy. It is interesting to investigate the timeline of adopting automatic TCE policy. Figure
3.5 shows the number of universities that adopted the auto TCE policies over time. According to
the policy adoption graph, in late 1980°s there were fewer universities with automatic TCE policy,
which are operated under the University of California System. A relatively larger number of the
higher education institutions joined the adopters around 2007- 2008 that reported to be a result of

American Association of University Professors (AAUP) collective bargaining.
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Figure 3.5: Number of automatic TCE policy adopter universities over time- policy adoption.
Note: AAUP: American Association of University Professors.

As mentioned in the method section, we run a logistic regression for different combinations
of independent variables (ranking, geographic region, Carnegie classification, institution size,

private indicator, and location). We choose the best logistic model based on the results of a
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stepwise regression analysis. The final model has ranking of universities and geographic region as
its only two independent variables. Psuedo R? is 0.041. Figure 6 depicts the selected characteristics
of universities that adopt automatic TCE. Ranking of the university is significantly correlated with
the likelihood of adopting automatic tenure-track extension policy. The odds ratio is less than one
(i.e., equal to 0.996) which means that universities with a higher number for ranking (low ranked
universities) are less likely to adopt automatic TCE policy (Figure 6.a). In other words, the
probability of adopting automatic TCE policy drops by 5% if university’s ranking is 10 ranks
worse. The average ranking for adopters and non-adopters are 96 and 113 respectively (p=0.032).
Moreover, if we add the geographic region of the state to the regression, ranking stays significant
(p-value is 0.076). The odds ratio of adopting automatic TCE policies in universities located in
south geographic region is 0.41 compared with northeastern institutions (p=0.036). As depicted in
Figure 6.b, fewer southern universities adopted automatic TCE policies. The figure depicts the p-

values from the t-test between each pair of geographic regions.
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Effect of automatic TCE on career outcomes

Next interesting question is whether automatically extending the probationary period of new
parent tenure-track faculty, helps faculty members in achieving better career outcomes or at least
prevents their productivity from dropping. We investigate the effect of automatic TCE on tenure-
track duration, likelihood of promotion (i.e., getting tenure), job satisfaction change, likelihood of
receiving government funding, and salary raise in a seven years period (i.e., 2008 to 2015). For
this purpose, we use the constructed individual-level dataset.

One of the goals of adopting automatic TCE policies is to remove the stigma attached to
extending tenure probationary period due to birth or adoption of a child. We hypothesize that if
the automatic TCE policies are successful in removing the bias or stigma, the average time in
tenure-track position should be longer for individuals with a newborn baby. We run a multivariable
linear regression to test the effect of automatic TCE policies on the duration that a tenure-track
faculty stays in the position until promotion to a tenured position or leaving tenure-track position.
Table 2 shows the results of the regression analysis. The sample is limited to individuals who are
either promoted to tenured position or left tenure-track position. Regressions M1 to M3 include
different sets of independent variables other than the core independent variables which are AutoExt
(automatic TCE policy indicator), Newborn, the interaction effect of the former variables, and
university ranking. We include ranking of the university as an indicator of the difficulty of meeting
tenure criteria for pre-tenure faculty or tenure-track pressure. In all three models, the main effect
of AutoExt and the interaction of AutoExt and Newborn are significant (p<0.05).

We take M3 with highest R? of 0.053 as the final model and discuss the results accordingly.
The intercept of the model is 6.2 years. Average tenure-track duration of four groups are depicted

in figure 7. The mean time in tenure-track position for (a) faculty with no newborn and employed
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in a university with auto TCE policy, (b) faculty with newborn and employed in a university with
auto TCE policy, (c) faculty with no newborn and employed in a university with non-auto TCE
policy, and (d) faculty with newborn and employed in a university with non-auto TCE policy are
relatively 5.7, 6.3, 6.4 and 6.1 years. The interaction effect of AutoExt and Newborn which is
shows by the coefficient of AutoExt X Newborn is 0.92. This means that a tenure-track faculty
with newborn baby who works in an institution with automatic TCE policy stays 0.92 years longer
than another faculty who works in the same institution and does not have a newborn.

The mean chance of getting tenure for (a) faculty with no newborn and employed in a
university with auto TCE policy, (b) faculty with newborn and employed in a university with auto
TCE policy, (c) faculty with no newborn and employed in a university with non-auto TCE policy,
and (d) faculty with newborn and employed in a university with non-auto TCE policy are relatively

0.94, 0.82, 0.89 and 0.92.
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Table 3.2: Results of multivariable linear regression for tenure-track duration.

M1 M2 M3
Coef. Coef. Coef.
(Std. Err.) (Std. Err.) (Std. Err.)
AutoExt -0.68 ** | -0.76 ** 1 -0.80 faled
(0.30) (0.32) (0.33)
Newborn -0.26 -0.28 -0.27
(0.25) (0.27) (0.28)
AutoExt X Newborn | 0.82 * 0.84 * 0.92 *x
(0.43) (0.45) (0.26)
Female 0.10 0.05
(0.22) (0.23)
University Ranking 0.0006 -0.0005
(0.0017) (0.0017)
Hours Worked 0.001
(0.003)
Race (ref: White)
Asian -0.21
(0.31)
Black -0.02
(0.49)
Hispanic 0.20
(0.32)
Native Hawaiian -0.30
(0.99)
Multiple Race 0.48
(0.52)
Intercept 6.38 **x 1 6.48 *rxE6.17 il
(0.18) (0.30) (0.74)
AIC 595.8 565.7 575.4
BIC 608.4 587.3 612.5
R-squared 0.032 0.040 0.053
Observations 173.0 162.0 162.0

* p<0.10; ** p<0.05; *** p<0.01

53




m
o

— =0.07
o S LU
(10
QU
6.2
S
= 6.0
o
A 5.8
S
© 5.6
L
Y54
3
3
2 5.2
5.0
No NB NB No NB NB
Auto TCE Non-auto TCE

Figure 3.7: Average tenure-track duration by newborn and auto TCE policy.

Note: NB: faculty who have a newborn, No NB: faculty who do not have a newborn.

We are also interested to know if adopting automatic TCE policy in an institution improves
the likelihood of getting tenure for tenure-track faculty. We also test whether staying longer on a
tenure-track position improves the chance of getting tenure compared to those faculty who leave
these positions. We run binomial logistic regression for a binary dependent variable called
“Tenured” which takes 1 if the faculty is promoted to a tenured position and takes 0 if the faculty
leaves tenure-track position to other jobs in academia, industry or government. Table 3 shows the
results of the regression analysis for three different combinations of independent variables. M1
only tests for the main effects of AutoExt, having newborn as well as the interaction effects. We
also control for gender, hours worked, and university ranking in M1. Model M2 is similar to M1
except it controls for tenure-track duration too. In M3, we also add the effect of racial group to
model M2. Automatic TCE policy and its interaction effects with newborn and older child

variables do not have a significant effect on the likelihood of getting tenure. Also, the duration of
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tenure-track does not show a significant correlation with the chance of getting tenure. Figure 8
depicts the chance of getting tenure by different combinations of AutoExt and Newborn. No
significant difference is observed between the means.

Table 3.3: Binomial logistic regression results for getting tenure.

M1 M2 M3
Odds Ratio | Odds Ratio Odds Ratio
(Std. Err.) (Std. Err.) (Std. Err.)
AutoExt 2.20 2.16 2.13
(1.93) (1.92) (1.90)
Newborn 2.20 2.26 2.34
(1.52) (1.59) (1.65)
AutoExt X Newborn 0.14 * 10.17 0.17
(0.16) (0.20) (0.20)
Female 0.75 0.71 0.70
(0.41) (0.39) (0.40)
Start Year 1.12 1.19 1.18
(0.14) (0.18) (0.18)
Hours Worked 1.00 1.00 1.00
(0.01) (0.01) (0.01)
University Ranking 1.00 1.00 1.00
(0.004) (0.004) (0.004)
Race (ref: White)
Asian 0.66
(0.49)
Black 0.76
(0.87)
Hispanic 0.67
(0.50)
Multiple Race 0.74
(0.87)
Tenure-Track Duration 111 1.11
(0.25) (0.25)
AIC 120.4 117.9 125.0
BIC 145.2 145.7 165.0
Pseudo R-squared 0.044 0.044 0.048
Observations 164.0 164.0 160.0

* p<0.10; ** p<0.05; *** p<0.01
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Figure 3.8: Chance of getting tenure (compared to leaving tenure-track position) by having
newborn and auto TCE policy.

NB: faculty who have a newborn, No NB: faculty who do not have a newborn.

The results of the previously described analyses show that automatic TCE policy significantly
improves the time that a faculty stays on tenure-track but it does not significantly affect the chance
of getting tenure compared to leaving high status academic positions. Job satisfaction of tenure-
track faculty is also another interesting outcome in a sense that work-life balance programs seek
the well-being of the university employees and the community. SDR’s questionnaire assesses the
job satisfaction of each individual on a 1 to 4 scale. Therefore, we use an ordered logistic regression
to test the effect of automatic TCE policies and other variables of interest (Appendix B, Table
B.2). Table 4 shows the results of the regression for job satisfaction in 2015. All three models test
the effect of core independent variables; AutoExt, newborn, the interaction effect and gender. We
also control for initial job satisfaction reported in 2008 and geographic region of university.

Models M1 to M3 are different in the set of control variables.
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We take M2 with R? of 0.22 and AIC of 373.6 as the final model and discuss the results
accordingly. Overall, faculty who work in universities that adopt auto TCE policy report 0.28
points higher job satisfaction on average (p<0.01). Moreover, having newborn children improves
the job satisfaction in tenure-track faculty by 0.25 points on a 1 to 4 scale (p<0.05). The interaction
term of AutoExt and Newborn is -0.33 (p<1.0). This means that faculty who have a newborn and
work in an institution with automatic TCE policy report 0.33 points lower job satisfaction than
their colleagues who do not have a newborn during their pre-tenure period. Figure 9 shows the
average job satisfaction by AutoExt and Newborn combinations. New parent Tenure-track faculty
who work in non-adopter universities significantly report higher levels of job satisfaction
compared to their colleagues with no newborn children (p=0.01). The mean job satisfaction for (a)
faculty with no newborn and employed in a university with auto TCE policy, (b) faculty with
newborn and employed in a university with auto TCE policy, (c) faculty with no newborn and
employed in a university with non-auto TCE policy, and (d) faculty with newborn and employed
in a university with non-auto TCE policy are relatively 3.6, 3.5, 3.2 and 3.5. No gender
heterogeneity is observed in the models. It is worthwhile mentioning that we test the effects of the
same sets of independent variables on two other career outcome variables (e.g., individual’s salary
in 2015 and an indicator for having government funding support). No significant effect of AutoExt,
children and gender is observed on salary and funding. Tables B.3 and B.4 of Appendix B show

the results of the regression analyses.
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Table 3.4: Multivariable linear regression for job satisfaction.

M1 M2 M3
Coef. Coef. Coef.
(Std. Err.) (Std. Err.) (Std. Err.)
AutoExt 0.33 *xx10.28 *xx 1 0.26 *x
(0.12) (0.12) (0.12)
Newborn 0.27 **% 10.25 *x 0.24 *x
(0.10) (0.10) (0.10)
AutoExt X Newborn -0.38 ** -0.33 * -0.29 *
(0.17) (0.17) (0.17)
Female 0.13 0.11 0.10
(0.08) (0.09) (0.09)
Race (ref:white)
Asian -0.31 *xx | -0.26 *x
(0.12) (0.12)
Black -0.07 -0.04
(0.18) (0.18)
Hispanic -0.13 -0.14
(0.13) (0.13)
Native Hawaiian 0.03 0.11
(0.42) (0.42)
Multiple Race -0.08 -0.02
(0.22) (0.22)
Hours Worked -0.002 * 0.00 *
(0.001) (0.001)
Ranking -0.001 *x 0.00 *x
(0.001) (0.0006)
Initial Job Satisfaction -0.30 k2027 Rk 1-0.27 falaied
(0.07) (0.07) (0.07)
Major Field
(ref:Computer & mathematical sciences)
Biological, agricultural and environmental life 0.33 **
sciences (0.17)
Physical sciences 0.13 *
(0.16)
Social sciences 0.09
(0.18)
Engineering 0.37
(0.22)
South Region -0.22 *x -0.20 *x -0.18 *x
(0.09) (0.09) (0.09)
Intercept 3.68 **% | 4.36 **k 14,15 ek
(0.13) (0.29) (0.34)
AIC 409.2 373.6 374.1
BIC 432.9 420.1 437.3
R2 0.155 0.221 0.256
220 206 206

Observations

* p<0.10; ** p<0.05; *** p<0.01

58




3.7

e p=0.01
)

35
3.4

33

Job Satisfaction

3.2
31

3.0
No NB NB No NB NB

Auto TCE Non-auto TCE

Figure 3.9: Average job satisfaction by having newborn and auto TCE policy.

Note: NB: faculty who have a newborn, No NB: faculty who do not have a newborn.

Discussion

Work-life balance can be challenging for new-parent faculty who are in their pre-tenure
period. Tenure-clock extension policy gives them the option of postponing the date of their tenure
review for each child birth or adoption. However, new-parent tenure-track faculty might be
reluctant to apply for tenure-clock extension because of the possible backlash from their
colleagues. Universities automatically grant a one-year extension to the tenure probationary period
of their pre-tenure faculty upon birth or adoption of a child to remove the stigma attached to
requesting extensions. In some universities, the automatic extension of tenure-clock is defined as
an automatic approval of the extension requests, and the faculty members who have a new child
should request the extension in order to be automatically approved. While in the other group of
universities, tenure-clock is extended automatically when the faculty member takes a family leave.

Therefore, the faculty member does not need to fill an extension request form or take a parental
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leave to use the tenure-clock stop option. According to the results of our short interviews with
provosts of several universities, the difference is mainly due to the various ways that universities
operationalize the flexibility in TCE policies. Human resources department is often responsible
for processing the leaves (including parental and pregnancy leaves) and tenure-clock
extension/stopping is related to the office of the provost. Sometimes the reason that the university
requires a request is the difficulty in coordination of these two offices. In other cases, universities
might not have any leave specific to new parents or family leaves. They have sick leave and in
case of adoption, the new parent cannot use sick leave. So, they require the faculty members to
request an extension, unless there would be no other way that the university determines the
occurrence of life changes. Considering how universities state such flexibility in their policies and
operationalize it, there is variation in the procedure of extending tenure probationary period for
new parent faculties. A large group of universities (around 67 percent of all adopter institutions)
require a request for tenure-clock extensions. In this paper, we consider both of the previously
described groups as universities with automatic TCE policy.

Twelve higher education institutions started adopting automatic TCE policy in late 1980°s
including the University of California System, Michigan State University and University of
Wisconsin-Madison. The adoption rate picks around 2007-2008 and according to our data; 21
universities adopted the policy in these years. Finally, 74 institutions among the 204 collected data
points adopted the policy since 2017. Our analysis of the characteristics of higher education
institutions that adopt automatic TCE policy show that higher ranked universities are more likely
to follow these policies. In accordance with the results of this study, universities with best work-
life balance programs are more high-ranked universities such as Brown University and Yale

University [29], the Universities of Notre Dame, University of Texas at Austin, University of
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Illinois at Urbana Champagne and Virginia Tech [30]. Moreover, looking at the geographic region
of the adopter institutions shows that those located in southern states of the United States are less
likely to use these policies, even controlling for their ranking.

Other than investigating the characteristics of these universities, it is important to understand
the impact of the policy on the career outcomes of new parent faculty. According to our current
knowledge, this study was the first attempt to investigate the effect of automatic TCE policy on
career outcomes of faculty at national level. We studied the duration of tenure-track until getting
tenure or leaving high status academic positions as the initial outcome of such policies.
Furthermore, these policies are designed to improve the retention rate of tenure-track faculty. Thus,
we investigated the likelihood of getting promoted to a tenure position in our sample. Finally, well-
being of faculty is another important objective of work-life balance programs including automatic
TCE policies. So, we investigated the reported job satisfaction based on the Survey of Doctorate
Recipients.

The results show that the average tenure-track duration in universities that adopt the automatic
TCE policies is smaller than the ones that require approval. Tenure-track faculties spend on
average 6 years in their position until getting tenure or leaving high status faculty positions to
temporary academic, industry or government employment opportunities. Those who birth or adopt
a newborn child during their probationary period and work in institutions that adopt automatic
TCE policy stay around 0.92 years more than their colleagues without a newborn. We did not
observe any gender heterogeneity in these effects. However, one of the widely mentioned
objectives of making automatic TCE policies gender neutral is to encourage faculty of both

genders to contribute to childcare responsibilities in their families. Higher education institutions
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that automatically extend the tenure-clock of faculty who birth or adopt a child are successful in
removing the stigma attached to requesting the extension.

New parent tenure-track faculty employed in universities with automatic TCE policies stay
longer on tenure-track, however, the results indicate that increasing the duration of pre-tenure
position does not affect the probability of ultimately getting tenure and meeting the tenure criteria.
We expected that universities with automatic TCE policies have higher faculty retention rates the
same as the results of a study of work-life policies in top-ten medical schools [31]. However, we
do not find any significant of automatic TCE policies in our sample. A study on tenure-track
faculty in a doctorate-granting university found no significant effect of TCE policy on faculty
retention rate [23]. Although, we cannot determine that the reason of leaving high status academic
positions and starting a non-academic job is necessarily the person’s lower ability in meeting
tenure criteria or him/ her being unable to keep a desired work-life balance. Faculty who leave
academia might have different concerns like change in spouse’s job location, and desire for higher
salary. We acknowledge that one might say that for observing the effect of automatic TCE policies
on the likelihood of getting tenure the timeframe of applying automatic TCE policy should be
more. Future research can further investigate the effects of automatic TCE policies or other work-
life balance programs on the chance of getting tenure which highly depends on data availability.
Performing the same analysis on a sample of faculty who left academia because of family concerns
can be a better indicator of these effects.

As mentioned before, one of the main objectives of work-life balance is to improve the well-
being of employees and the community. According to the results, generally having a newborn child
improves job satisfaction of tenure-track faculty regardless of their gender. Furthermore, faculty

members that work in universities with automatic TCE policy, report higher levels of job
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satisfaction. These universities might have a set of work-life balance programs that improve the
overall job satisfaction among all faculty members. New parent faculty who work in higher
education institutions that do not adopt automatic TCE policies report higher job satisfaction, while
having a newborn among faculty who are employed in adopter universities slightly decreases job
satisfaction. Another study found that job satisfaction in faculty members who use TCE policies
declines [25], which is in accordance with our finding in universities with automatic TCE policy.
Working more hours also reduce the reported job satisfaction in tenure-track faculty.

In conclusion, automatic TCE policy, which is a part of work-life balance programs, assists
new parent faculty to overcome the existing stigma attached to requesting tenure-clock extension.
It helps the junior faculty to allocate time to both their job and family responsibilities. Especially,
it is important because junior faculties are at the age of starting families and having children. In
other words, their tenure-clock and biological clock for having children overlaps and such policies
can assist them in handling the conflicting responsibilities. These policies do not necessarily
improve the retention rate of tenure-track faculty. It might be due to different reasons behind
tenure-track faculties’ opt out other than inability to meet tenure criteria such as relocation and
other family and career related concerns. Overall, faculties who can benefit such policies spend
more time in the tenure-track position and are happier with their career.

We recognize that our study provides a descriptive view of the correlations between various
investigated factors and we do not report any causations. We also acknowledge that ignoring the
weights in our regression analyses affect the generalizability of our study. As we previously
discussed in the method section, we could not use the provided survey weights by NSF because of
connecting several waves of the SDR longitudinal data. Another limitation of this study is that we

cannot separate the effects of auto TCE policies from other work-life balance programs (e.g.
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modified teaching and service duties) on tenure-track duration and job satisfaction in new parent
faculty. As, universities might adopt auto TCE policy under a set of work-life balance programs.
Further investigation is required to test whether the observed correlations are a result of auto TCE
programs solely or the combination of several work-life balance programs.
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Chapter 4. What Factors Do Make a University More Successful in Diversity
Programs?

Abstract

Despite all the attention and progress to diversify university campuses, many educational
institutions are still far from gender and racial parity in their faculty and student populations. An
important question is what makes an institution perform better regarding diversity and outcomes
of under-represented minorities (URM). Our focus is on the problem at the institutional level. We
construct an institution-level dataset from multiple sources and apply the Data Envelopment
Analysis (DEA) to systematically benchmark, compare, and contrast organizational performance
with respect to the educational and work outcomes of URM. We find that universities located in
states with affirmative action policies in place have higher graduation rates of URM, but show no
significant difference in average GPA and first job salaries of URM. More competitive universities
with lower acceptance rates show better organizational performance regarding diversity. Our
analysis shows that many diversity measures are highly influenced by macro-level factors beyond
organizational boundaries. Moreover, we explore institutional outliers (very successful or
unsuccessful universities), and analyze the differences. This study also provides a methodological
contribution by providing an example of how a well-established operations research technique can
be used to study a multi-dimensional, social concept, such as diversity, in organizations.

Keywords: Data Envelopment Analysis, Higher Education, Diversity, Under-represented

minorities, Gender, Race, Ethnicity.
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Introduction

There has been an increasing attention to improve diversity in different public and private
organizations including educational institutions. Institutions of higher education have thrived
because of the quality of their education programs. The definition of quality in higher education
differs depending on the stakeholders’ perspectives that includes the products (students), users of
outputs (employers of graduating students), the employees and universities [1]. Different
stakeholders might have different priorities, however, graduating students’ educational and career
outcomes are the two mutual outcomes, which are important to all of the stakeholders [2]. Earlier
versions of universities’ strategic plans put more emphasis on increasing the number of
enrollments and graduation rates as well as improving the quality of teaching and research
activities. Besides creating knowledge, educating citizens and training the future generation of the
workforce are the responsibilities of higher education [3]. Especially in a diverse society like the
United States, providing equal educational opportunities is essential. In the last decades, the role
of diversity and inclusion have received more attention in the design of higher education
institutions’ strategic plans. Now, many universities strive to provide equal opportunity for all of
their students regardless of their social background [4]. They care about the social composition of
their admitted and graduated cohorts. They also seek to improve student minority educational
outcomes in addition to improving overall performance. The number of universities designing and
implementing diversity strategic plans is increasing due to the issuance of presidential executive
orders around the topic of diversity and inclusion.

In 2011, the Obama administration issued an Executive Order to establish an initiative to
improve workforce diversity and inclusion across all federal government agencies [5]. Likewise,

the department of education sets goals and objectives to promote faculty and staff diversity and
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campus inclusion [6]. Diversity and inclusion initiatives now appear in most strategic plans of
major organizations, and many managerial-level plans are developed to improve racial and gender
parities. Universities, as examples of such organizations, strive to provide equal opportunities for
all of their students and professors regardless of their social and demographic background [4].
They pay special attention to the demographic composition of their admitted and graduated
students, and many actively try to recruit students and professors from under-represented minority
groups. In addition, universities seek to improve educational outcomes of minorities such as
graduation rate and GPA. Higher educational outcomes for URM can lead to a better representation
of URM in workforce, thus is of critical importance.

Diversity in educational systems is often examined at three main levels of access to education,
college experience, and post-graduation outcomes [7]. Historically, racial minorities had a very
limited access to higher education. It has been less than two hundred years that the first African-
American entered college [8] and less than hundred years that they were granted access to
predominantly white institutions (PWIs) [9]. Furthermore, their college experience and
employment outcomes were not as favorable as their peers. They were subject to negative
perceptions regarding their education capabilities and even explicit or subtle insults [10]. Average
salary of racial minorities also lags behind their white and Asian peers, which is caused in part by
their lower education attainment level [11].

During the last decades, universities have made progress in the aforementioned areas of
education equality; they achieved to narrow down the gaps between minority and majority students
in access, college experience and post-graduation outcomes. Despite all improvements in
educational outcomes of higher education institutions, they have not achieved an equal population

representation of students and faculty members from all segments of the society. Most recent
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statistics on racial and gender compositions (NCES 2015) show that there are major gaps that
remain. Figure 4.1 compares the status of men and women from different racial groups in the US
education system in 2015. Figure 4.1.a depicts the gender and racial composition of conferred
degrees by universities, and Figure 4.1.b shows gender and racial composition of faculty members
by their academic rank. In an ideal situation, the population representation of each social segment
should be close to its population representation in the US (i.e., according to the Census population
estimates of 2016, the US population were composed of 61% white, 13% Black, 18% Hispanic,
6% Asian, and 2% other races). However, looking at the number of conferred degrees shows that
there is an imbalance in the fraction of conferred degrees to different racial groups. The proportion
of black and Hispanic students receiving degrees are smaller than their population representation
in the US population (13% Black and 18% Hispanic). Disparities further increase as we move to
the higher degree levels [12].

The trend is similar for the postsecondary faculty. As depicted in Figure 4.1.b, 83% of
professors are white and the remainder distributed unevenly between black, Hispanic and Asians
(4, 3 and 9 percent respectively). The racial imbalance in faculty positions worsens at higher
faculty ranks [12]. Unlike the number of degrees conferred, women are among the minority in
postsecondary faculty positions, especially for associate and full professors. The condition is

reversed in lower rank positions such as assistant professor and non-tenure-track faculty.
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Underrepresentation of ethnic and racial minorities is a result of complex individual,
institutional and environmental factors [13]. Past studies widely investigated the effect of socio-
economic factors on minority students’ persistence in higher education and their educational
outcomes. College affordability, lack of parental support, and campus integration are examples of
these socio-economic factors. In the next section, we will discuss each of these factors in more
details to present a comprehensive view of the current literature. However, what is worthwhile
mentioning is the small body of literature on the effect of institutional and state-level factors on
the success of ethnic and racial minorities in US higher education. Obviously, not all universities
are equally successful in designing and implementing campus-wide diversity plans. This can be
due to their institutional characteristics, environmental factors or state-level policies. US
universities have decentralized decision-making structures, they design their diversity and
inclusion improvement plans based on the specific characteristics of their campuses. Heterogeneity
exists among universities in their diversity and inclusion efforts, as they are different in their
available resources. Some universities might be able to better allocate their resources to support
minority students, while others might not be that effective. Thus, identifying the best practices of
US universities and understanding why they can better implement their diversity plans is essential
for improving the overall diversity of US universities. A major research question is: what makes a
university more successful in improving diversity outcomes?

In this paper, we compare the effectiveness of the US universities’ campus diversity and
inclusion initiatives to identify the best practices. We use the Data Envelopment Analysis (DEA)
approach to quantify the effectiveness of each institution’s efforts in training their minority
students, with a focus on African-Americans and Hispanics, based on multiple inputs and outputs.

Furthermore, we test several hypotheses to see whether various environmental factors that are
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attributed to universities (e.g., campus size, university ranking, location, applying vs. banning
Affirmative Action programs, etc.) contribute to diversity inefficiencies. Finally, we introduce

environmental factors that hinder (or facilitate) diversity initiatives in higher education institutions.

Theoretical background

Factors contributing to underrepresentation of ethnic and racial minorities in higher education
are widely studied. At an individual-level, educational background of students and their socio-
economic status are argued to influence education outcomes in universities [13]. Students’
academic preparation is in fact one of the most important factors contributing to their
underrepresentation. Their high school GPA and standardized test scores are relatively lower than
their peers on average [14]. Furthermore, they lack the required financial resources to afford their
education expenses. URMs are more likely to be the first generation college students in their
families. They lack receiving potential mentoring from their parents who themselves may not have
college experience [15].

As mentioned earlier, a group of studies investigate the effect of students’ individual
characteristics (e.g., students’ background and families’ socio-economic status) on their
graduation rate and educational outcomes [13]. These specific characteristics of ethnic and racial
minorities make it difficult to meet white-created educational standards. Also, subtle bias exists in
course designs and curriculum, which makes minority students to be less successful in their
educational outcomes [9]. Minority students’ academic preparation is one of the most important
factors contributing to their underrepresentation. Their high school GPA and standardized test
scores are relatively lower than their peers on average [14]. Furthermore, they lack the required
financial resources to afford their education expenses, which is due to their families’ lower socio-

economic status. Parents’ education level is an important factor that hinders academic
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achievements of minority students. Parents, who do not have college experience, are less able to
provide financial support and mentoring to their children [15]. However, even if we account for
family income, the gaps between students of color and their Asian and White peers are not
completely explained [16].

The aforementioned individual factors are not the only drivers of ethnic and racial minority
students’ underrepresentation in higher education. At macro-level, ethnic and racial minorities’
educational outcomes suffer from the negative stereotypes, racial biases and lack of role models.
Negative racial stereotypes exist about their inferior merits and intellectual abilities to successfully
graduate [10]. These stereotypes have more negative influence on the educational outcomes of
minority students as they are more exposed to such environments [17]. Racial bias in evaluating
ethnic and racial minorities’ academic background also explain a part of URM’s historical
underrepresentation in universities.

Between these extremes of individual and social factors, one can look at policy initiative at
government or organizational levels that can support URM representation and their educational
outcomes. Higher education institutions are the environments that can be very influential in
boosting minority students to higher economic status.

At intuitional levels it appears to be more feasible to implement policies that help URM.
However, the literature is also less developed. Many studies that looked into the effects of
institutional factors on ethnic and racial minorities’ success, investigated a small sample of
institutions, mostly public universities [9, 13, 18-20]. They mostly focused on the details of
campus climate and university culture and their effects on minority students’ success. In these
studies, minority students’ success is defined as having the same retention and graduation rates as

their white peers. Underrepresented minorities often do not find the campus climate welcoming
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[21] and as time goes by, they become isolated and alienated from the majority of students [13].
This issue is especially reported in elite schools, where minority students experience subtle bias
[10]. As aresult, URMSs become less involved in university activities and receive less peer support
during their studies [20]. All of these factors ultimately lead to higher attrition and lower
graduation rates.

Overall, it seems that at the organizational level, effects of campus climate on minority
students’ success, especially interaction of students with faculty and staff, are more explored than
effects of organizational characteristics and policies [20]. Educational outcomes of minority
students are also better in universities where minorities have more interaction with faculty and
receive more targeted support from the university [19]. Past studies postulate that ethnic and racial
minority students’ performance is also influenced by cultural differences with the majority of
students which impedes blending with the community of students (e.g., cultural difference theory)
[22], and by lower outcome expectations leading to lower outcome [23-25].

In this study we look at the effect of institutional characteristics and its environment on the
performance of higher education institutions in training their minority students. Figure 4.2 offers
a big picture of competing or supplemental theories of underrepresentation of URM students’
underrepresentation in the higher education system. In this paper, our first group of hypotheses
(Figure 4.2- top left corner) deal with characteristics of the environments in which universities are
operating, such as ratio of minorities living in the city and whether the state banned affirmative
action programs. It is expected that in more diverse environments, the cultural differences of URM
students are more accepted. As a result, their integration with the academic system including
faculty and staff improves and this leads to more commitment to academic goals which is essential

for better educational outcomes. Also, higher population of minority students enhances their social
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interaction on campus and probability of finding peers. The second group of hypotheses (Figure
4.2- bottom left corner) relates to the effects of institutional characteristics such as universities
financial resources, university (public vs. private), and selectivity in the admission process. This
group of hypotheses state that the educational outcomes are improved through either better
academic integration or social integration. For example, more selective institutions admit students
with better academic backgrounds. In the next section, we elaborate more on the theories and offer

our specific hypotheses.

75



Institution

Institution’s Environment

Y

1 1
11
1 1
11
1 1
L - :
Theinstitution || The institution || The institution |1 ! The state applies The city has
is selective, is private. is wealthy, |1 1 affirmative g diverse
o action, population.
i
1 1
11
............................................ T o o o o o o o o o o o e e e
r h
Broader Resources for
Geographic Diversity
Applicants Programs

ll

v

Expectations of

Students’ Academic

Population of

Acceptance of

Students Background Minority Students Cultural Differences
|
T T Y—— 1 g y——— — 1
| & Peer Group , i1 E . Faculty/Staff | |}
LY £ . Extra-Curricular | + + 3 E Academic . I
e s Interactions bl e B Interactions !
L o & Activities - Performance 1
- Performance I Performance I
1 = : 1 = :
e oo ok H
} 1
Social Academic
Integration Integration

!

F

Goals and Institutional

Commitment

'

Academic OQutcomes

Graduation Rate

Figure 4.2: Theory of minority students’ underrepresentation in higher education.

76




Institution’s Environmental Factors

According to Tinto’s theory of departure, students show more commitment to academic goals
when they are better integrated into their academic and social communities [26]. One major
challenge for entering cohorts is that they are separated from their old social network and have to
build up new connections and integrate with their new social group including their peers and
faculty [27]. Connecting with the new social network even becomes more challenging in less
diverse environments. If URM students fail to connect with the new network they become more
vulnerable to academic difficulties that might happen during their studies. Therefore, diversity of
the new community is important for improved social and academic integration of minority students
and ultimately their educational outcomes [28]. A more diverse community can improve the sense
of belonging to campus which is an important factor in decreasing the chance of leaving college
for college students [12, 28]. Moreover, it affects URM students’ interaction with faculty and staff.
URMSs’ learning styles are often different than the White majority of the class and their cultural
difference are better embraced by faculty, staff and students in a diverse environment. Students
can also build their social network out of the classroom and their social network does not have to
be limited to their classroom [12]. We hypothesize that if a campus is located in a city or town
with a diverse population (i.e., higher ratio of ethnic and racial minority residents), faculty, staff
and majority students are more exposed to different cultures. Thus, acceptance of cultural
differences improves in that university and minority students have higher educational outcomes.

Hypothesis 1: Universities located in cities/towns with a higher ratio of ethnic and racial
minority residents are more successful in graduating minority students with high educational and

employment outcomes.
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State-level decisions to adopt or ban diversity programs such as Affirmative Action also
matter. Affirmative Action is a set of programs and policies initiated in the 1960s with the goal of
providing equal employment and education opportunities for everyone in the United States,
regardless of their race, sex, color, creed, or national origin [29]. Initially, Affirmative Action
intended to overcome the past discriminations against African-Americans and then it was followed
by 1964’s Civil Rights Act. Later, women and other groups of underrepresented minorities were
added to Affirmative Action [30]. Affirmative Action includes a broad range of policies and
programs from early stages of education to faculty positions and employment [31]. During the last
half century of applying Affirmative Action policies, most of the debates focused on racial
selection in college admissions [31]. California, Texas, Washington, Florida, Michigan and
Nebraska banned Affirmative Action between 1997 and 2008. Between 2009 and 2012, Arizona,
New Hampshire and Oklahoma passed legislatures to prohibit preferences based on race, color,
sex, national origin or religion in employment and education [32]. These states consider the socio-
economic status of applicants to support underrepresented groups. They also have percent plans,
which consider the top students of each high school and the rationale is that they admit more
students from under-resourced schools [33]. Here, we categorize universities in the six states,
which banned Affirmative Action before 2008 (e.g. California, Texas, Washington, Florida,
Michigan and Nebraska) in group A and the rest of the universities as group B. We propose the
following hypothesis to test the difference between the progresses made in training minority
students from 2008 to 2015 by these two groups of universities.

Hypothesis 2: Universities in states which banned Affirmative Action are less successful in

graduating minority students with high educational and employment outcomes.
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Institutional Factors

Universities plan various initiatives to improve different aspects of diversity. Outreach to high
school students is important to improve minority students’ access to higher education. Universities
also provide high school students and their parents with information on admission and financial
aid. They also do campus tours and visits to high schools in their area. Mentoring, coaching,
academic advising and on-campus support programs are only a few examples of programs that aim
to improve minority students’ success. Successful implementation of the previously mentioned
initiatives require financial resources. Furthermore, availability of financial aid, reinforces low-
income and minority students ability to continue their education [12]. Therefore, we propose the
following hypothesis to examine the effect of universities’ financial resources on the effectiveness
of diversity programs.

Hypothesis 3: Wealthier universities are more successful in graduating minority students with
high educational and employment outcomes.

The second institutional factor that we propose is the type of the institution (i.e., public vs.
private). We test the following hypothesis to investigate the difference between private and public
schools when training underrepresented minorities. Private schools are known to attract students
from various other states while the students attending public schools usually come from the state
that the public school is located. Larger populations of minority students on campus help reducing
their isolation and alienation from the majority of students and improves their educational
outcomes [13].

Hypothesis 4: Private universities are more successful in graduating minority students with

high educational and employment outcomes.
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Top universities are famous for being more selective in their admission processes; they have
lower admission rates compared to other universities and stricter admission criteria to choose the
best incoming cohort of students. Furthermore, the high ranked universities do not increase their
capacity to keep up with the increasing demand for higher education. Therefore, getting admission
from one of these universities is getting harder for everyone over time. On the other hand, statistics
show that minority students are disadvantaged in getting into elite universities because of their
lower average academic preparation [12]. The aforementioned factors contribute to admitting a
smaller portion of minorities to the top universities. The question is that whether minority students
in elite schools have the same educational and career outcomes as their peers. If top ranked
universities admit a diverse cohort of students, they should be able to provide them equal education
and training opportunities. Training quality and reputation of high ranked universities contribute
to better educational outcomes of their students including minority students [34]. Otherwise, they
will fail to either graduate given the usual heavy workload of these schools or graduate with below
average education and career outcomes. We propose the following hypothesis to investigate the
effect of acceptance rate (i.e., selectiveness) on the successful implementation of diversity
practices. In this paper, we define success in graduating minority students with high educational
and employment outcomes as higher effectiveness score in the DEA analysis.

Hypothesis 5: Universities that are more selective (i.e., lower acceptance rate) are more

successful in graduating minority students with high educational and employment outcomes.
Method

Data Envelopment Analysis in education
Data Envelopment Analysis (DEA) is a non-parametric method of evaluating the performance

of business units and its most basic model, CCR model, were first introduced in 1978. DEA
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identifies a production frontier including the best practices among the decision-making units
(DMUs) by considering multiple inputs and outputs [35]. One characteristic of DEA is that there
is no need to assume any relationship between the input and the outputs.

DEA has two advantages over regression analysis. First, it accounts for multiple outcomes for
the set of DMUs, while regression analysis considers only one output [36]. The goal of diversity
in higher education is not limited to only improving the number of minority students on campus
(.e.g., superficial diversity), but inclusion and outcomes are also important [37]. Therefore, to
compare the success of diversity practices among US universities we need to capture several
outcomes to develop a comprehensive model of institution diversity. Second, DEA is able to
identify a frontier for the set of DMUs, which shows the maximum possible outcomes, while
regression analysis provides the average outcomes [38]. The method is widely used in non-for-
profit entities and the public sector with no market price is available for the products [39, 40].
Further, it is also widely applied to benchmark the performance of hospitals and local government
functions such as police departments [41]. More specifically, DEA has a broad application in
education, as a typical example of a system with multiple inputs and outputs, where market prices
are absent [40, 42].

Previous research evaluated the efficiency of both secondary and post-secondary schools
through DEA approaches. Based on the application context, the selection of decision-making units
(DMUs) and input/output variables are varied among these papers. DEA was applied in education,
as a production process of students, to benchmark the education units at both the aggregate-level
and individual-level. Most of the studies in education context estimated the relative performance
of higher education institutions [43-47], departments within a university [36] and secondary

schools [38, 48, 49] using aggregated data. A smaller group of studies benchmark the performance
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of individuals by considering them as the DMUs [38, 50]. Individual-level DEA analysis separates
the effect of students’ characteristics from schools’. On the other hand, it increases the
computational load of the DEA analysis. Furthermore, in individual-level DEA analysis,
identifying outliers becomes important because of the sensitivity of DEA’s frontier to observations
[40]. DEA’s application is also geographically dispersed in education; efficiency of Australian
[44], English [38, 47, 50], Italian [43], Greek [46] higher education institutions were benchmarked
in several studies. Selection of input and output measures depends on the goals of the DMUs as
well as the availability of data. For example, the number of instructional staff and socio-economic
background of students [48, 49] are selected as inputs when educational performance and teaching
quality of DMUs are important. Operational costs of universities are also considered as inputs
when economic efficiency of DMUEs is of interest. In case of outputs, the number of graduates, the
quality of research [45], test scores [48], retention rate and employment rate [44] are among the
selected variables.

Many authors propose hypotheses which require examining the effect of environmental
variables on the non-parametric efficiency scores. For example, authors of a study on Australian
universities were interested to know the effects of different environmental variables such as
location of university and the proportion of senior professors on the performance of the DMUs
[51]. In healthcare, effects of using advanced medical technologies and type of hospital on Greek
hospitals’ performance were investigated using combined DEA and regression methods [52].

Despite all of the described applications, there are methodological difficulties in performing
a hypothesis test using the DEA efficiency scores. Probability distribution of non-parametric
estimators are required to perform statistical inference on DEA efficiency scores. Simar and

Wilson assume a data-generating process (DGP) and suggest applying a bootstrapping technique
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to reduce the bias in the DEA efficiency scores and estimate their confidence intervals [53]. The
bootstrapping method regenerates the input/output data and mimics the sample distribution
through repeatedly selecting different samples with replacement. Thus, bootstrapped DEA scores
provide multiple estimates and make hypothesis testing possible [54]. There is also some debate
over the type of regression model to use with bootstrapped DEA scores. Truncated regression

analysis is the most widely cited method of hypothesis testing on bootstrapped DEA scores [53].

Model

In this study, we use DEA to rank the US universities in terms of educating and training
minority students. Furthermore, we use a bootstrapping approach to estimate the bias-corrected
DEA scores and test the effect of environmental variables on the training effectiveness of minority
students. We start this section with some basics of DEA and then we continue describing the
applied variations of the DEA models.

The CCR model, which was introduced by Charnes, Cooper and Rhodes in 1978, is the most
basic DEA model and is useful in describing the logic behind the DEA analysis [39]. Linear
programming formulations represented by Eq. 1 and Eq. 2 show the primal and dual problems of
the CCR model. Vectors X and Y are the inputs and outputs respectively. Vectors v and u are input
and output multipliers. The LP is calculated once for each decision-making unit (DMU) to find a
set of weights (v, u) in a way that the efficiency score of DMU; is maximized. If there are n DMUSs,
the optimization is done n times. DEA analysis returns a set of efficiency scores (i.e., for each
DMU), optimal weights, slacks that show the waste in inputs and the surplus in outputs, peers and

performance targets.
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(LPy) max uy, Eq.1 (DLP,) min 0 Eq. 2
Subject to VX, Subject to Oxy — XA
=1 =0
—-vX+uY <0 YA =y,
v=20u=>0 A=0

We choose output-oriented DEA model to maximize the educational and employment
outcomes of minority students. In addition, we consider variable-returns-to-scale (VRS) to assume
that outputs do not increase proportional to increases in inputs (i.e., > A = 1). We use “rDEA” R-
package to analyze the educational outcomes of minority students at each institution. We refer to
the existing well-developed literature for more details on DEA methods. The analytical procedure
of this study is as follows:

1. Define the inputs, outputs and transformation process of training minority students.

2. Estimate the DEA efficiency scores of the DMUs using an output-oriented model with
variable-returns-to-scale (VRS).

3. Estimate bias-corrected DEA efficiency scores using a double-bootstrap DEA with
environmental variables.

4. Perform truncated regression analysis to test the effect of each state-level and
institution-level variable on training effectiveness of minority students (i.e., each

hypothesis).

Input, output and environmental variables
Input variables: As we mentioned earlier, the higher education system is not equitable in

minorities’ access to higher education, as well as their college experience and post-graduation
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outcomes. Universities design and implement specific initiatives or diversity improvement plans

to tackle each of these issues [55]. We can form four major groups from current diversity

improvement practices of universities: (a) improving diversity in applications and admissions, (b)

ensuring college is affordable, and (c) providing strong support to help students succeed, and (d)

ensuring safe and inclusive campuses [55]. Based on the first three categories we identify inputs

to our DEA model. Table 4.1 shows the list of all input, output and environmental variables as

well as their units and data sources. We also depict the transformation processes in Figure 4.3

using causal links (positive and negative causations). The box in the figure shows the boundary of

the DMUEs.

a.

Improving diversity in applications and admissions: The first step in improving
campus diversity is improving minority students’ access to higher education. Universities
try to improve underrepresented students’ access to college through several programs such
as high school outreach, enrichment and recruitment programs. Outreach programs
provide minority students and their parents with information application process, financial
aid availability and other information required to apply to colleges [56]. In this study, we
consider the number of minority students enrolled in each university instead of number of
application and admissions because of database limitations. Furthermore, a higher number
of undergraduate and graduate students enrolled in a DMU leads to increased sense of
inclusion in minority students. Graduate students from minority groups can also act as
mentors, who understand the specific concerns of their mentees and improve learning
(Figure 4.3, solid red links).

Ensuring college is affordable: One of the reasons for college dropouts in students from
low-income families is the lack of financial resources to cover tuition and living expenses.
Students from underrepresented racial groups are more affected by these financial issues.
According to statistics, parents of minority students have a lower education level
compared to well-represented racial groups and as a result, they would have lower-levels

of income. Thus, providing financial support to students is one of the means of assisting
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minority students in affording their college expenses; decrease their dropout rates and
ultimately improving their educational outcomes (Figure 4.3, dashed red links).

c. Providing strong support to help students succeed: Academic and social support that
students receive from their family and peers improve their academic success as well as
their retention rate. Better integration of students into their social and academic
communities also improves their persistence [12]. Minority students are disadvantaged in
terms of receiving academic advice from their parents because they have a higher chance
of being the first college generation and parents, who do not have college experience,
cannot guide their children through their studies as well as the highly educated parents.
Universities try to offer mentoring and coaching programs to minority students and assist
them in dealing with academic challenges. Existence of minority faculty and their
involvement in teaching and research activities improves the academic outcomes of
minority students in several ways. First, minority faculty act as the “change agents” in
promoting campus diversity culture. The university community can better recognize the
value of minority faculty when they are included in academic activities [57]. Second,
minority faculty have a better understanding of the challenges that minority students face
through their academic path and can provide them with better academic advice. They may
also become minority students’ role models and help them to better integrate in academic

and social communities [12, 56] (Figure 4.3 solid blue links).

Output variables: Table 4.1 also shows the selected output variables. If universities were
successful in training minority students, they would have better educational achievements, which
can be translated into higher graduation rates (y,) and higher GPAs (y,). The former represent both
quality and quantity of graduating cohorts and the latter shows the quality of their education.
Another goal of training students in higher education institutions is to help them find well-paid
employment opportunities. Therefore, we add another output variable to compare the average

salary of minority graduates with the well-represented group (ys).
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The output variables that we discussed so far were desirable outputs; however, we may have
undesirable outputs for the DMUs because of increasing chance of conflicts between students from
different social segments when the campus diversity improves. As discussed before, ensuring safe
and inclusive campuses is one of the major groups of current diversity improvement practices.
Students need to be integrated in their academic and social community in order to have desirable
academic outcomes. Especially underrepresented minorities should feel welcomed and well treated
in the new community to reach the expected educational outcomes. Hate incidents are the events
that happen against individuals because of their different characteristics including sex, ethnicity,
color, sexual orientation, religion and national origin [58]. These incidents threaten the integrity
of campus as a whole [58]. Furthermore, they affect students from underrepresented groups,
especially women and African-Americans, who are more sensitive to hate crimes against the
members of their minority group [59]. Thus, the hate incidents are considered as an apparent threat
to the educational outcomes of minority students. We acknowledge that exceptions may happen
on campuses even with a diverse and inclusive environment. Also, we admit that the collected data
on campus hate incidents might miss a portion of incidents because minority students may have a
fear of being harassed if they report such events [58].

Environmental Variables: We also take the size of the campus (i.e., total number of enrolled

students) as another environmental variable (z,).
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Figure 4.3: Transformation Process.

Table 4.1: Input, output and environmental variables of data envelopment analysis.

Variables Units Source
Input Number of enrolled minority undergraduate students (x,) | People IPEDS
Number of enrolled minority graduate students (x,) People IPEDS
Total dollar amount of students grants (x3) US Dollars IPEDS
Number of minority faculty (x,) People IPEDS
Output Graduation rate 150% of minority students (y;) People IPEDS
Average undergraduate GPA of minority students (y,) Dimensionless | NSCG
Average salary of the first job of minority students (ys) US Dollars NSCG
Number of hate incidents (y,) - undesirable Dimensionless | CSS
Environmental | Number of students enrolled (z,) People IPEDS

Note: IPEDS stands for Integrated Postsecondary Education Data System; NSCG stands for National Survey of

College Graduates; CSS stands for Campus Safety and Security.

Data

We construct a dataset at the institutional level and from three main sources of the Integrated

Education Data System (IPEDS), National Survey of College Graduates (NSCG) and Campus

Safety and Security (CSS). IPEDS is a data collection program conducted annually by the

Department of Education’s National Center of Education Statistics (NCES). The surveys collect
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information on different characteristics of higher education institutions such as admissions,
enrollment, graduation rate, financial aid and human resources from more than 7,500 colleges,
universities and vocational schools in the US. The data is publically available from school year
1980 to 2016. The National Science Foundation’s NSCG survey collects employment, education
and demographic information of individuals who have a bachelor’s degree at least biennially.
Office of Postsecondary Education (OPE) of the Department of Education collects CSS data on
crime and fire incidents in higher education institutions annually from 2008.

We use IPEDS to extract data related to the university’s financial aid, faculty composition of
higher education institutions as well as graduation rates and university enrollments by
race/ethnicity. Then, we use NSCG to extract average GPA and salary of degree holders by
institution and race/ethnicity using the survey weights. We also use CSS to acquire the cumulative
number of race-based hate incidents by institution-level. These three databases can be connected
using the unique identification numbers of universities (OPE ID). Regarding the temporal setting
of the surveys, we use the latest available data (e.g., 2015) of NSCG, IPEDs and CSS. Furthermore,
we limit the institutions list to only doctorate/research universities with IPEDS CARNEGIE code
value of 15 and 16 (i.e., universities classified as doctorate universities with extensive and intense
research activities). The remainder universities are around 210.

The input and output variables are calculated for minorities (i.e., Black and Hispanic racial
groups in this study). As mentioned before, the diversity database is constructed using three
databases including IPEDS, NSCG, and CSS. After connecting the databases, we came up with
156 universities with complete data sets. Table 4.2 shows the descriptive statistics of the research

universities in the US by input, output, and environmental variables.
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Table 4.2: Descriptive statistics table, 2008. (Number of units=156)

) ) Standard o )
Variables Mean Median o Minimum | Maximum | Sum
Deviation

Enrolled undergraduate

o 3,630 2,420 3,973 135 32,446 566,300
minorities (x;)
Enrolled graduate

o 888 723 732 29 4,742 138,457
minorities (x,)
Total student grants

o 147.3 116.6 99.4 7.8 523.2 22,973.2

(x3) Million dollars
Minority faculty (x,) 677 539 608 27 4,280 105,572
Graduation rate of

o 292 207 264 9 1,367 45,590
minorities (y;)
Average GPA of

o 3.29 3.26 0.31 2.59 3.74 513
minorities (y,)
Average salary of

o 38,990 38,828 17,858 3,500 122,367 6,082,510
minorities (y5) dollars
Number of hate
o 1.81 0.50 2.85 0 16 283
incidents (y,)
Total number of

24,248 24,285 13,436 2,127 61,642 3,782,711
enrolled students (z,)
Number of minorities
245,628 | 42,151 591,842 249 4,240,000 | 38,317,981

living in the city (z,)

Results

Outlier Analysis

We perform outlier analysis using the principal component analysis (PCA). According to the
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results, we do not eliminate any data point (i.e., DMU) based on measurement errors because the
data sources are public federal data and have reliable measurement systems. However, among the

identified outliers, we decide to eliminate two of the outlier DMUSs. One of the deleted DMUs is a




historically black university (Howard University) and the other one is located is Puerto Rico
(University of Puerto Rico-Rio Piedras Campus) whose population is 98% Hispanic.

The remaining bad leverage-points in our outlier analysis, which we keep them, are located in
the states of New York and Florida (e.g., New York University, Rutgers University-New
Brunswick, and Florida International University). Furthermore, the six good leverage-points are
located in Florida, Texas and Arizona (e.g., University of Florida, University of Central Florida,
University of Texas at Austin, Texas A&M University, and Arizona State University). Next, we
continue the analysis with the remaining 154 DMUs. Complete details of the PCA analysis is
available in Appendix C.

DEA Analysis

In this section, we describe the properties of the DEA model and the results of the analysis to
evaluate the effectiveness of training minorities in US universities. Variable returns-to-scale is
considered as one of the properties of the current DEA model for several reasons. First, it is
intuitive that the larger a campus is the chance of that institution in attracting more minority
students is higher than smaller universities. Second, previous studies, which applied DEA
approach in education context consider variable returns-to-scale to evaluate the efficiency in
schools, universities and other educational programs. Furthermore, we use a test for returns-to-
scale developed by Simar and Wilson [60, 61] to test the null hypothesis (i.e., constant returns-to-
scale) versus the alternative hypothesis (i.e., variable returns-to-scale). We use an r-package (i.e.,
rDEA) to run the returns-to-scale test. Our results support variable returns-to-scale (p < 0.05).
Furthermore, the nature of the problem is output-oriented because the availability of inputs (e.g.,

number of enrolled minority students, faculty and grants) are limited for each institution.
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Moreover, universities are interested to know how much they can improve their outcomes within
their limited resources.

Next step in the analysis procedure is to run an output-oriented DEA model with variable-
returns-to-scale on 154 DMUs with four input and four output variables. Number of hate incidents
is one of the output variables (i.e., y4) that is considered as an undesirable variable. Past studies
suggest several methods to deal with undesirable variables including ignoring the undesirable
output, using non-linear DEA model [62] and treating the bad output as an input. Each mentioned
approach, imposes some limitations on the results of DEA analysis [63]. For example, considering
the undesirable output as an input might not show the true production process [64]. We use the
approach suggested by Seiford and Zhu [64], which uses a translation vector to the bad outputs
(i.e., linear monotone decreasing transformation). The aforementioned model preserves the
linearity and convexity in DEA. The undesirable output (y,) is translated using the following
equation y, = —y, + w > 0. Moreover, we iterate several values for w and calculate the
efficiency scores. The efficient and inefficient units do not change by changing the value of w.
Only the range of efficiency scores slightly change. Thus, we select w = 17 because of its widest
range of efficiency scores.

Before moving to results of DEA analysis, we try the stochastic frontier analysis (SFA) on the
dataset to estimate the ratio of the total variations that are due to inefficiency versus the ratio,
which is due to noise (i.e., random variation). A small portion of the inefficiencies is related to the
noise. In other words, our DEA model explains most of the variation in the estimated efficiency
scores. Therefore, we continue building our analysis on the results of the DEA models. More

details of the SFA analysis is available in Appendix D.
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We perform the DEA analysis using an r-package called “rDEA”. As depicted by Table 4.3,
we consider three different combinations of input and output variables to define models 1, 2 and
3. Model 1 is the full model with four input and four output variables. In model 2, we only consider
the output variables related to the quantity of graduating minority students. Moreover, in model 3,
we consider only those output variables, which represent the quality of minority students that
graduate (e.g., average GPA and salary). In all three models, the undesirable variable (e.g., number
of race/ethnicity based hate incidents) is included.

Table 4.3: Input and output variables of DEA models.
Variables M1
Enrolled undergraduate minorities (x;)

N

Enrolled graduate minorities (x,)

Inputs
P Total student grants (x3) Million dollars

ANINRNANES

Minority faculty (x,)

ANENANANANES

Graduation rate of minorities (y;)

Average GPA of minorities (y,)

Outputs ——
Average salary of minorities (y;) dollars

ANIANENENANANENAN

AN N

v

Number of hate incidents (y,)

Table 4.4 presents the descriptive statistics of each of the previously described models under
CCR and BCC DEA models. CCR models generally yield fewer efficient DMUSs and the range of
the efficiency scores are broader than the BCC model. In the BCC full model (M1), efficiency
scores of 102 of the total 154 DMUs are estimated as 1, however only 45 of them have zero slacks;
BCC-efficient. Therefore, 29% and 37% of the DMUs are respectively BCC-efficient and Radial-
efficient (i.e., efficiency score is 1 but the slacks are non-zero) in the full-model. Model 2, which
only considers the quantity of graduating minorities, improves the discrimination in DEA
efficiency scores. Lower portions of the DMUs are BCC-efficient (i.e., 17% BCC-efficient and
41% Radial-efficient). The range of the efficiency scores in the second model is also wider; the

minimum score and the standard deviation are 0.58 and 0.10 respectively (Figure 4.4). Model 3,
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which only accounts for the quality measures of graduating minorities (e.g., average GPA and
salary), has less efficient DMUs than the other two models but the range of the estimated efficiency
scores is not as wide as Model 2. In this model, 8% and 51% of the DMUs are BCC-efficient and
Radial-efficient respectively. The efficiency scores range from 0.74 to 1.00 with a standard
deviation of 0.07. We present a detailed table of the results of the DEA analysis in Appendix E.

Table 4.4: Descriptive statistics of DEA efficiency scores.

Type DEA Mean | Standard Minimum Maximum Radial- BCC/CCR |Inefficient
Models Deviation efficient | -efficient DMUs
DMUs DMUs
M1 0.97 0.05 0.76 1.00 57 45 52
BCC M2 0.93 0.10 0.59 1.00 63 26 65
M3 0.96 0.07 0.74 1.00 78 13 63
M1 0.69 0.21 0.22 1.00 - 23 131
CCR M2 0.68 0.21 0.19 1.00 - 20 134
M3 0.05 0.23 0.26 1.00 - 8 146
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Figure 4.4: Distribution of efficiency scores by DEA model.

Some universities are efficient in all three models including Yale University, Princeton

University and Emory University. The second group are efficient in Models 1 and 3 but inefficient
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in Model 2, which means that the universities are good in quality measures and URM graduates
perform better in terms of GPA and first job salary. Some universities of the second group are
Ohio University, University of Wisconsin-Madison, University of Montana, and University of
Missouri. The third group are efficient in models 1 and 2 but inefficient in model 3, which means
that the universities are good in quantity of graduating URMSs. Some universities of this group
include University of Virginia, University of Michigan Ann Arbor and University of Texas at
Austin.

It is also worthwhile mentioning that the number of times that an efficient DMU is identified
as a peer to other inefficient DMUs can be an indicator of its importance as a best practice. We
present this frequency for each DMU, which is identified as a peer, in Table E.4 of Appendix E.
In this table, the University of Florida is the first ranked with 82 times being identified as a peer
to other universities. University of Tulsa, Brandeis University, Tennessee State University and
Andrews University are ranked two to five in this list respectively.

We also locate each university on the US map to better communicate the efficiency scores.
Figure 4.5 shows the geographical distribution of calculated efficiency scores under Model 1. The
darkest green dots show the most efficient units with close to 1 efficiency scores. The red dots are
the least efficient DMUs and the yellow dots are average. We will further investigate the

characteristics of the efficient and inefficient DMUSs in the next sections.
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Figure 4.5: DEA efficiency scores distribution on the US map.

It is also interesting to look at the estimated efficiency scores of lvy League universities. We have
the data of seven out of eight Ivy League universities. As depicted by Table 4.5, three universities
are identified as BCC-efficient according to Model 1; Yale University, Dartmouth College and

Princeton University. The other four also show relatively high efficiency scores.
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Table 4.5: Ivy League universities.

Name Efficiency | Freq. | Peers ()
Score
Yale University 1.00 13 -
Princeton University 1.00 11 -
Dartmouth College 1.00 7 -
Harvard University 0.961 - University of Florida (0.04),

University of Tulsa (0.33),

University of Wisconsin-Madison (0.53),
Yale University (0.10)

Brown University 0.957 - Dartmouth College (0.66),

Princeton University (0.07),

University of Florida (0.05),

University of Illinois at Urbana-Champaign (0.04),
University of Tulsa (0.18)

Cornell University 0.947 - Dartmouth College (0.26),

Rice University (0.41),

University of Texas at Austin (0.10),
University of Florida (0.10),

University of Tulsa (0.13)

Columbia University 0.909 - Princeton University (0.37),

University of Chicago (0.21),

University of Michigan- Ann Arbor (0.10),
University of North Carolina at Chapel Hill (0.32)

Hypotheses testing

As discussed in method section, we use double-bootstrapped DEA analysis to test the effect
of several environmental variables on the effectiveness of training minorities. The variables are
ratio of minority residents in the geographic location, affirmative action programs indicator,
wealth, private indicator and acceptance rate. In the regressions, we also control for campus size.
Ratio of minority residents in the geographic location, wealth and acceptance rate are continuous

variables, while affirmative action indicator and private indicator are binary. Affirmative action
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indicator is zero if the state of the university has banned the affirmative action policies and
otherwise it is one. Private/public indicator is one if the university is private and zero if it is public.

We use the same r-package as we used to conduct the DEA analysis; rDEA. It provides the
results of truncated regression analysis for the environmental variables. The dependent variable is
the bias-corrected efficiency score and the independent variables are the environmental variables.
The algorithm is based on the second algorithm of Simar and Wilson‘s paper [53] , which is a
double bootstrap procedure and can be used to provide inference about the regression coefficients.
The first step of the algorithm is calculating bias-corrected distance functions with L, replications.
The second stage of the algorithm obtains a set of bootstrapped estimates to the regression. For
calculating the confidence intervals, we assumed the significance level or alpha to take several
values and the algorithm does 100 replications for the first loop and 2000 replications for the
second loop. We run the analysis for different values of the significance level; 0.01, 0.05 and 0.10
and use the results to determine the level of significance as displayed by the asterisks in Table 4.6.
We recognize that according to the assumptions of Simar and Wilson [53] algorithm, the
environmental variables should be separable from the designed set of inputs and outputs. Thus, we
checked for the correlations between each pair of the variables and the results confirm that
environmental variables of our study are separable from the inputs and outputs.

The result of the truncated regression analysis for each combination of DEA models and
environmental variables is shown in Table 4.6. Campus size shows a significant effect on the
efficiency scores of all three models with a positive coefficient (p<0.01). Ratio of minority
residents in the city is significantly and positively correlated with the efficiency scores in all three
models (p<0.05 in M1 and M2, p<0.10 in M3). Acceptance rate of the university is significantly

and negatively correlated with the efficiency scores in models 2 and 3 (p<0.05 in M2 and p<0.01
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in M3). The previously mentioned correlations mean that universities with larger campuses, those
located in more diverse locations, and more selective universities have higher minority graduation
rates, GPA, and salary. Private indicator is only positively correlated with the efficiency scores of
model 2; only quantitative output measures (p<0.10). In other words, private university indicator
was associated with higher graduation rate of minorities, while financial resources of universities
was positively associated with lower average GPA and salary of minorities. Wealth or financial
resources of the institutions is negatively correlated with the efficiency scores of model 3; only the
qualitative output measures (p<0.05). The last variable is affirmative action indicator, which is
only positively correlated with the efficiency scores of model 2 (p<0.01). This means that
Affirmative Action was associated with higher rates of graduation of URM but not necessarily
with higher GPA and salary.

Table 4.6- The results of the bootstrapped second-stage regression on the environmental factors.

Model 1 Model 2 Model 3
Lower Lower
Lower | Upper Upper Upper
Environmental bound bound
Coef. bound | bound Coef. bound Coef. bound
Variables (2.5% (2.5%
(2.5%) | (97.5%) (97.5%) (97.5%)
) )
Intercept 0.58 * -0.10 0.88| -14.10 * -33.72 -8.38] -1.18 -9.29 0.53
Campus size 0.17 *** 0.09 0.35 3.42 *** | 2155 7.81| 0.46 *** 0.13 1.81
Minority 0.31 ** 0.05 0.76 3.66 ** 0.68 10.81] 091 * -0.06 4.33
Residents Ratio
Acceptance Rate -0.04 -0.15 0.04 -1.17 ** -3.48 -0.25]1-041 *** | -1.79 -0.08
Private Indicator 0.08 -0.11 0.31 255 * 0.17 7.80| 0.32 -0.43 2.35
Wealth -0.04 -0.19 0.03 -0.57 -3.22 0.10] -0.36 ** -1.80 -0.01
Affirmative 0.03 -0.10 0.20 3.30 *** 1.78 9.15| 0.26 -0.20 1.54
Action Indicator

*p <0.10; ** p <0.05; *** p <0.01
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Discussion

In this study, we applied DEA framework to estimate the effectiveness of higher education
institutions in training ethnic and racial minorities. We assumed African-Americans and Hispanics
as the two major groups of ethnic and racial minorities. For this purpose, we construct a diversity
dataset from several federal data sources (e.g., IPEDS, NSCG and CSS) including four input and
four output variables. Number of enrolled minority undergraduate students, number of enrolled
graduate students, dollar amount of student grants and number of minority faculties are the inputs.
The outputs can be grouped into two categories; desirable and undesirable. Desirable output
variables are the number of graduating undergraduate students, average GPA and average salary
of minority students. We also consider number of race-based hate incidents as an undesirable
output variable. We run an output-oriented DEA with variable returns-to-scale on the constructed
dataset including 154 universities. Furthermore, we use Simar and Wilson’s double-bootstrap
approach [53] to test the effect of several institutional and institution’s environmental factors on
the estimated efficiency scores. As described in background section, the selected factors will add
to the theory of underrepresentation of minority students in the US higher education mainly
focused on the effect of environmental and institutional characteristics.

This study employs three DEA models to estimate an overall efficiency score for the success
of minority students in universities (M1) besides an efficiency score for the quantity of graduating
minorities (M2) and another one for the quality of their educational outcomes (M3). Comparing
the number of efficient DMUs and the range of efficiency scores brings out the following
conclusions. One major finding of this study is that performance of most universities in terms of
improving quantity vs quality of URM graduates differ, and some factors shown to influence only

one of these. We find that less than one third of the universities of this study are efficient in the
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full model. However, if we only consider quantity and quality output measures, less universities
are found to be completely efficient. M3 yields the least efficient DMUs. This means that more
universities need to focus on the ability of their minority students to receive good grades and find
high paid jobs. However, still a good number of universities need to work on the number of their
graduating minorities. Generally, the elite universities received high efficiency scores. Among the
identified best practices, we see Ivy League universities that both excel in education quality and
diversity practices including Yale University, Princeton University and Dartmouth College. The
efficiency scores of other elite schools are relatively high.

The results of the study indicate that macro environmental factors can significantly explain
the variations in higher education institutions’ performance regarding training URM students.
Characteristics of the geographic location of universities affects the effectiveness of their diversity
practices on higher educational outcomes of minority students. The results of the regression show
that ratio of the minority residents significantly explains the pattern of the efficiency scores’
estimations. It has a positive correlation with the efficiency scores of all three models. We propose
several hypothesis to explain this positive relationship. First, according to “cultural difference
theory”, lack of comprehension of the cultural differences between dominant and minority groups
causes lower educational outcomes of minority students [22]. In a more diverse city or town,
faculty, staff and students are exposed to these cultural differences on a daily basis and it might
affect their understanding of these differences. Thus, minority students are better integrated on
campuses, which are located in places with higher ratio of minority residents.

The second environmental factor, which significantly explains the pattern of efficiency scores
is affirmative action policies. Those universities which are located in states that apply affirmative

action policies have higher efficiency scores only in model 2, which accounts for quantitative
101



outcomes of minority students. Appling affirmative action policies helps the number of admitted
minorities as well as the number of graduating minorities. This finding is in accordance with the
results of another study focused on elite universities [65]. However, it does not have a positive or
negative effect on the efficiency scores of model 3, which considers quality outcomes. Maybe
applying affirmative action policies in the admission process, reinforces the stereotypes against
minority students on one side and improves their social integration through increasing their student
population. Therefore, these two phenomena even out and applying affirmative action policies
does not have a significant effect on the estimated efficiency scores of model 3.

Furthermore, institution-level factors explain the variation in higher education institutions’
performance regarding training URM students. The way institutions admit students and where
those applicants are coming from are among the influential institution-level factors. According to
the results, acceptance rate of universities has a negative correlation with the estimated efficiency
scores. In other words; the more institution selectiveness, the more efficiency score. First way of
explaining this relationship is that selective or high ranked universities have more applicants
compared to their admissions (i.e., lower admission rates). Thus, their chance of finding and
admitting minority students with higher academic preparation from a larger pool of applicants. As
a result, the minority students who are enrolled in elite schools are better academically and socially
integrated and have higher educational outcomes. This finding contradicts the literature that states
the campus climate in elite schools is worse for minority students and they are subject to more
negative stereotypes [10]. The second way of explaining this finding is that selective schools have
more academic infrastructure to support the minority students through their studies. Furthermore,

in elite schools the expectations from the students is higher. This might lead to higher educational
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aspirations in the minority students and higher educational outcomes. Moreover, their reputation
is also an important factor in helping the graduating students land higher paid jobs.

Wealth and university type (i.e., private versus public) also explain the pattern of the estimated
efficiency scores of universities studied in the current research. As mentioned earlier, the tuition
in private universities is not differently set for in-state and out-of-state students. Therefore, the
applicants for the private institutions are more geographically diverse compared to public schools.
We think that this geographic diversity of applicants might attribute to higher ethnic and racial
diversity of the enrolled and graduating students. Despite how we hypothesized wealth and
financial resources of universities positively affect their ability to promote diversity on the
campuses, the results show that wealth of the institution is negatively correlated the efficiency
scores only in model 3- only quality measures of the minority students. Wealthier universities
attract students from high economic status families [66]. We hypothesize that when the majority
of students are from top of the income scale, the campus climate is less welcoming for ethnic and
racial minorities who are on average from lower economic status families [67]. Therefore, it would
be more difficult for them to socially and academically integrate on these campuses and get good
grades. We can also make another hypothesis about the priority of diversity programs in wealthy
universities. Decision-makers at institution-level might find other ways of establishing
universities’ reputation more attractive and achievable, when they have more financial resources.

Implications

According to our current knowledge, this study is the first that applies DEA to diversity in
higher education context. It is also one of the first studies that does a quantitative performance
measurement for diversity and inclusion in higher education at institution-level. One of the

distinctions of using DEA method is that it enables us to take into account multiple goals and
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estimate the efficiency scores of universities based on both diversity and inclusion measures. In
comparing the effectiveness of higher education institutions in training ethnic and racial minorities,
it is important to avoid only evaluating the superficial diversity or the number of minority students.
Other factors should also be considered to achieve a comprehensive evaluation of diversity and
inclusion in universities. In this research, other than the number of minority students graduating
from the universities, we consider their qualitative outcome measures (e.g., GPA and salary) as
desirable outputs. The number of race-based hate incidents that happened on each campus is also
considered as an undesirable factor. We constructed our unique database from the public data
which were available at institution level. Obviously, the study can be improved as more
educational data are available at institution-level for minority students specifically. This current
study is a beginning to use performance measurement approaches in higher education diversity
context. The line of research can be continued in several ways such as dynamic efficiency
measurement of diversity in higher education institutions over time using system dynamics
approach.

The results of this study can be informative for decision-makers, especially those at higher
education institutions. The outcomes of this study can also be useful for individuals such as
students and their parents to identify the best higher education institutions that have a higher
potential to help them achieve their educational aspiration. Considering the fact that none of the
current university rankings considers a diversity and inclusion ranking and neither there exists a
separate diversity and inclusion ranking. This research has the capacity of being further extended
to create a diversity and inclusion ranking at a larger scope. Hopefully we can have substantial
effect on universities’ behavior and help them identify best practices (i.e., DEA analysis peers)

and better understand the environmental barriers in front of their diversity initiatives.
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Chapter 5. Conclusions

Overall diversity of higher education institutions in the U.S. is a key driver of their
excellence in the world. Equal inclusion of people from different backgrounds is essential
for any democratic society. A diverse higher education system enhances well-being at the
national, institutional, and individual levels. At the national level, it leads to equal inclusion
of individuals of different backgrounds in the economic and political life of the country
and improves economic competitiveness. To remove negative stereotypes of minority
groups and strengthen communities and workplaces, it is necessary to ensure diverse bodies
of students and faculties. Studying in a diverse environment benefits all individuals who
comprise the future generation of the country’s educated workforce. The experience of
daily communication with students of different cultural backgrounds enhances one’s
educational experience.

The gender and racial composition of higher education varies in fields of study and
education levels. In many fields, especially engineering, women and racial minorities are
less represented. Studies show that women are also underrepresented in math-intensive
fields, such as engineering and economics. Moreover, women and racial minorities are less
represented in higher levels of employment, such as managerial positions and tenure-track
faculty positions. The lack of diversity in all of these areas is a result of historical
discriminations against women and racial minorities, as well as the complex interactions
of national-, institutional-, and individual-level factors. Universities are seeking ways of

improving diversity in their student, staff, and faculty bodies.
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In this dissertation, we employed several industrial and systems engineering and
management science methods including system dynamics, data envelopment analysis, and
statistical analysis to address some of the challenges of gender and racial diversity in higher
education. The dissertation included three essays. In essay 1, we presented a systems
perspective of the U.S. higher education system and decomposed the educated workforce
by gender groups. We developed a system dynamics model to replicate the historical data
and forecasted future trends for men and women in higher education.

In essay 2, we focused on work-life balance programs in universities and, more
specifically, the effect of tenure-clock extension policies on new-parent tenure-track
faculty. We constructed an institution-level data set of tenure-clock extension policies. To
the best of our knowledge, this is the first collected data set on tenure-clock extension
policies that include major U.S. academic institutions, and such data could be further
expanded to include other universities. This paper contributes to studies of the effectiveness
of work-life balance programs on career outcomes of tenure-track faculty. Stigma is often
attached to using tenure-clock extension for family and childcare responsibilities. Faculty
might be reluctant to apply for tenure-clock stop because of possible negative perceptions
from their colleagues. Automatic approval of tenure-clock requests help to remove the
attached stigma to requesting such extensions. Higher-ranked universities have adopted an
automatic tenure-clock extension policy more often than lower-ranked universities, and
Southern universities have adopted this policy even less often. Universities first adopted
this policy in the late 1980s. A high adoption rate is observed in years 2007 and 2008. Our
results indicate that the average length of tenure-track for new parents is greater in

universities that adopt automatic tenure-clock extension policies, which is an indicator of
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a removed or reduced stigma. Moreover, in universities that adopt the policy, tenure-track
faculty generally report higher levels of job satisfaction. Also, although faculty with
newborns report higher job satisfaction, in policy-adopter universities, the average job
satisfaction is no different between faculty with newborns and faculty without newborns.
Our findings also show that the policy does not significantly affect chances of obtaining
tenure, as pre-tenure faculty might have various personal or professional reasons to leave
tenure-track academic positions.

In essay 3, we focused on the racial diversity of higher education institutions as another
important aspect of diversity in higher education. We investigated the relative effectiveness
of training racial minority students in U.S. universities. Given that a university’s
environment affects their operations, we tested the effect of different factors that could
facilitate or hinder the effectiveness of universities’ diversity programs. This study is one
of the first that applies a DEA approach in diversity in a higher education context and
compares the training effectiveness of U.S. universities through quantitative measures. We
constructed a unique data set of diversity and inclusion measures at the institutional level
with the potential of expansion to more data points and variables. Our findings show that
universities located in towns or cities with a diverse population, as well as selective
universities, are more successful in effectively training minority students. Furthermore,
future research could apply the same method to the educational outcomes of a subset of
racial groups or a specific field of study. System dynamics modeling could be adopted to
continue this line of research with the goal of capturing the dynamics of efficiency scores

over time for different universities.
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This dissertation as a whole provides a systems view of the diversity trend in U.S.
higher education. Inclusion of women in higher education, both at undergraduate and
graduate levels, has greatly improved. Over the next decades more women will attend
higher education institutions and the number of female bachelor and graduate degree
holders will reach parity with men. Despite these improvements, gender disparities exist in
different areas of higher education. Women are underrepresented in higher levels of
education, managerial jobs, and tenure-track positions. Moreover, they are also
underrepresented in some fields of study, such as engineering, while other fields, such as
the biological sciences, are female-dominated. In addition to identifying the causes of
women and racial minorities underrepresentation in the abovementioned areas and
providing a systems view of the contributing phenomena, designing and implementing
support mechanisms for minorities is of great importance. The issues of childcare and
marriage and a general lack of work-life balance of junior faculty are among the most
widely cited hindrances to their representation in faculty positions. Therefore, the support
mechanisms that universities develop and implement play a critical role in the success and
well being of tenure-track faculty. However, no gender heterogeneity is observed in career
outcomes of faculty between those universities that adopt an automatic tenure-clock
extension policy and those that do not, the policy generally helps to remove faculty stigma
in applying for tenure-clock extensions and improves overall job satisfaction. Racial
minorities share some reasons with women for their underrepresentation in higher
education and the science workforce, such as role modeling and a welcoming campus
climate. However, other reasons are specific to this group, such as lack of parental support

and college affordability. Universities have adopted and implemented several policies to
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improve the representation of racial minorities. Although universities have adopted similar
diversity improvement programs to each other, their environmental characteristics
correlate with the effectiveness of these programs. Larger campus size, a higher ratio of
minority residents in the city or town (i.e., location of the campus), and lower acceptance
rate of universities positively affect minorities” GPAs, first job salaries, and graduation
rates. Other environmental characteristics include private (vs. public) university indicator
and adopting Affirmative Action programs positively affect the graduation rate of
minorities, not their average GPA and first job salary. Finally, minority students who
studied at universities with more financial resources (i.e., wealthier universities) show

lower GPASs and first post-graduate job salaries.

Contributions

The overall goal of this dissertation is to assist higher education institutions in making
better decisions about the design and implementation of initiatives that address the issue of
diversity. We also introduced innovative industrial and systems engineering and
management sciences methods to evaluate the adopted policies, assess the relative
effectiveness of diversity programs, and forecast future diversity trends in higher
education. This dissertation makes several major contributions to the literature of gender
and racial/ethnic diversity in higher education. Scholars in other fields have studied similar
questions, but our modeling approach to the problem of diversity is novel and brings new
policy and organizational insights.

Essay 1 contributes to forecasting and other analytical methods that attempt to predict
gender composition in the U.S. science workforce. This essay provides more accurate

gender-composition estimations by considering the details of the education pipeline from
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kindergarten to high school to undergraduate and graduate levels. It also offers a holistic
view of the education system and its gender balance and a systems view of several existing
mechanisms that drive major dynamic trends in enrollment and graduation rates of male
and female students. The model is flexible enough to be simulated for a wide range of
scenarios regarding future industry needs.

Essay 2 provides an in-depth view of work-life balance programs in universities,
especially tenure-clock extension policies due to child birth/adoption, the policies’
adoption year, and level of policy adoption. To the best of our knowledge, this is the first
attempt to create an institution-level data set of the characteristics of tenure-track extension
policy. The study details the effect of such policies on the career outcomes of new-parent
junior faculty and looks at the effects at the national level over time, while other studies
have mainly focused on a single campus. The study also has policy implications for
designing work-life balance programs for junior faculty members.

Essay 3 contributes to the literature of racial diversity in higher education by
comparing two contrasting theoretical explanations for institutional success by expanding
diversity and identifies best practices in training minority students among U.S. universities.
While many studies have focused on the effects of environmental factors such as policy
changes on diversity in higher education, our study goes deeper into the characteristics of
each institute. It applies a Data Envelopment Analysis approach to a unique domain—
diversity in higher education. Moreover, a unique database is constructed to evaluate the
diversity outcomes in universities. Our DEA approach also identifies best practices, which

is especially helpful in determining the components of a successful diversity program.
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The dissertation as a whole also has methodological contributions. Applying three
different methods to interrelated questions help us to identify potential synergies of

utilizing different modeling methods and techniques.

Broader impact

| am hoping that the dissertation will help educate policy makers at state or institutional
levels on ways of transforming universities to become better places for students and
faculty. DEA and system dynamics models could provide policy makers with the
opportunity to perform policy tests. System dynamics models have been used as “flight
simulators” in the past, providing a venue for learning by simulation. These types of models
could also be used in educational workshops. The results of this dissertation could inform
policy makers about initiatives for better training of their minority students, including
women and racial/ethnic minorities. Furthermore, both individuals and policy makers can
gain additional insights into the barriers doctorate holders face in following a successful
academic career path. In addition, | see the potential of designing case studies on diversity

modeling for system dynamics, DEA, or in management systems engineering classes.

Future avenues of research

In the future, the line of research that the current dissertation has followed could be
continued through two main avenues. First, an in-depth study of work-life balance of
doctorate students, faculty members, and research workforce is a possible path. Special
characteristics of doctorate students’ and doctorate holders’ jobs such as high stress levels
and the time-consuming and mentally challenging nature of research projects also make

their work-life balance an important and critical issue. Therefore, special attention should
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be paid to balancing time allocated to work and other aspects of their lives, which can
ultimately affect physical and mental health. For example, family decisions on timing for
such decisions as marriage and having children is a challenge for doctorate students and
fresh PhDs who seek both a successful career and a family. The effect of family decisions’
timing on career outcomes of doctorate holders could be tested in future research. It is also
interesting to look at the effect of family settings (e.g., marriage, career characteristics of
the spouse, and timing of having a baby) on career choices and changes in their desired
career paths. This area of research informs policy makers at institutions and on national
levels to better assist the future generation of university professors and researchers in
maintaining a healthy life and a successful career. Furthermore, exploring the effect of
other, less-investigated diversity improvement programs on the retention rate and career
outcomes of minorities could also be an extension of the second essay. One example of
these programs is grants that are designed to support the reentry of minority doctorate
holders to research careers.

The second avenue of research is an extension of the third essay, which looked at a
snapshot of training effectiveness of minorities in U.S. universities. Training-effectiveness
trends of minorities over a period of time could also be investigated, which could provide
an opportunity to explore why some universities are more successful than others in
attracting and training racial minorities. One possibility is to look at this problem from a
systems perspective using system dynamics modeling and DEA approaches to measure the

change in training effectiveness of minorities over a period of time.
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