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There is continued concern about enrolling adequate numbers of students in
science and engineering doctoral programs in the U.S., which is underscored by studies
that find graduation rates of only 40% to 60%. The situation is especially acute for
women and underrepresented groups who enroll and graduate at disproportionately low
rates. This study uses a competing events survival method to assess the probability of
graduating or withdrawing using a sample of 1,358 students in five science and
engineering doctoral programs in a research university. Continuous time in days is used
to track student progress over eighteen years to completion of their dissertation defense
or to withdrawal. Kaplan-Meier survival estimates and life tables were generated.
Students are most likely to withdraw during Tinto’s transition and skillsacquisition stages. Results show that the risk of withdrawing is greatest in the first three
years when nearly 80% of those who withdraw have done so. The probability of
graduating is highest for students who had a funding package of mostly research
assistantships or an even mix of research assistantships, teaching assistantships, and
fellowships. Those who score high on the GRE Analytical Writing test, which is rarely
studied, are more likely to graduate than those with lower scores. Time to degree is
shortest for students who had a funding package of mixed TAs/Fellowships, TAs/RAs,
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or mostly TAs. While there is a significant association between a lower graduation rate
and having mostly TA funding, the association likely occurs because students have more
TAs in their first years and most withdrawals occur in the first three years. The
probability of graduating is lower for underrepresented students than for whites and
slightly lower women than men. International students graduate at the same rate as U.S
students. With the exception of men students with men advisors in Mechanical
Engineering, the sex of a student’s advisor has no significant correlation with the
graduation rates of men and women students.
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CHAPTER ONE: INTRODUCTION

A.

Statement of the Problem
The issues surrounding graduate attrition and retention in science and engineering

have been gaining attention over recent years. There has been continued concern about
attracting adequate numbers of students in science and engineering fields, and the
problem is underscored by the fact that most researchers are finding low rates of
graduation among U.S. students in science and engineering. Studies conducted in the last
sixty years have consistently shown that 40% to 60% of students beginning doctoral
programs fail to persist to completion (Sowell & Naftel, 2008; Bowen & Rudenstine,
1992; Berelson, 1960).
In the early 2000s, the National Science Foundation’s (NSF) Division of Science
Resources Statistics Data Brief was concerned that despite the increase in the number of
science and engineering graduate students in 2001, the numbers were still below the 1993
level (Burrelli, 2001). The percent of U.S citizens earning science doctorates had dropped
significantly from 75% in 1965 to 52% in 2000, and any rise in the numbers in the midnineties represented a growing number of students, primarily women, in the life science
fields (Groen & Rizzo, 2004). The National Science Foundation’s Survey of Earned
Doctorates found that the share of U.S. doctorates had dropped from 87% in 1963 to 71%
in 2000, which raised concerns for many in academics, government agencies, and
industry (Groen & Rizzo, 2004). Researchers found that out of every 100 graduate
students entering science and engineering doctoral degree programs, only 22 graduate,
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and that science fields have the highest level of graduation and engineering the lowest
(Goldman & Massy, 2001).
The National Science Board* (NSB) began a study in 2000 on science and
engineering trends in the U.S. In 2003, NSB stated that, “although there has been
considerable debate over the last decade about the overproduction of Ph.D. scientists and
engineers in certain fields, it is beyond dispute that society is – and will become even
more – dependent on science and technology.”
“Future progress and world leadership depend on a steady stream of scientific
discoveries and developments that, in turn, depend on a cadre of individuals with a high
level of scientific training and education” (NSB, 2003). The report outlines the main
concerns regarding the shortage of science- and engineering-trained people in the U.S.:
projected rise in retirements; increased competition from foreign countries; rising
concerns over national security; and increased demand for U.S. citizens in national
security-related fields (NSB, 2003).
The NSB continues to regard the supply of science and engineering graduate
students as a problem especially since science and engineering doctorate-holders account
for a proportionally larger share of the workforce than doctorates in non-S&E fields
(NSB, 2015). In 2013, 6.8% of science and engineering occupations were held by
doctorates, while doctorates were 1.2% of all other occupations (NSB, 2016). The longterm competitive strength of the U.S. workforce requires that the full range of science,
technology, engineering, and mathematics career paths remain available to all Americans

*The National Science Foundation Act of 1950 created the NSF and a governing National Science Board that pursues
the goals and functions of the NSF, which includes establishing the policies of the NSF within the framework of
applicable national policies; approving the NSF's strategic budget directions and new major programs and awards; and
advising the President and Congress on policy matters related to science and engineering and education.
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regardless of background (NSB, 2015).
The Survey of Graduate Students and Postdoctorates in Science and Engineering
(GSS) is cosponsored by the National Center for Science and Engineering Statistics
within the National Science Foundation and by the National Institutes of Health.
Conducted since 1966, the GSS is an annual census of all academic institutions in the
United States that grant research-based master's or doctoral degrees in science,
engineering, and health fields. The 2016 GSS collected data from 15,853 organizational
units at 714 eligible institutions and their affiliates in the United States, Puerto Rico, and
Guam (NSF, 2018).
Enrollment of graduate students in graduate science and engineering increased
each year from 2000 to 2007 and by 2007 enrollment reached 516,199 (NSF, 2009). U.S.
citizens were 71% of students, 56% of which were men. Among U.S. citizens, men and
women were enrolled in similar proportions, but among temporary visa holders, nearly
twice as many men (66%) were enrolled as women (34%) (NSF, 2009).
In 2016, there were 620,489 students enrolled in science and engineering graduate
programs in the U.S., with 75% enrolled as full-time students. Fifty-eight percent of those
enrolled in S&E graduate programs were men, with women’s enrollment growing to
261,575, or 42% (NSF, 2018). U.S. citizen enrollment had dropped to 61%, with 38%
white; 6.5% Hispanic; 5% Asian; 5% black; 3.5% unknown; and the remaining 3% other
underrepresented groups including mixed-race, Hawaiian, Pacific Islander, Native
American, Native Alaskan (NSF, 2018). Graduate enrollment for Hispanics increased
4.7% between 2015 and 2016, continuing a pattern of growth that started in 2008 (NSF,
2018). The number of Asian students and the number of students reporting mixed-race
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increased 2.6% and 4.8% from 2015 to 2016, respectively (NSF, 2018). The enrollment
for the remaining categories all declined in 2016 (NSF, 2018).
The lack of Ph.D.’s, especially in science, raises concerns in terms of what effect
it is having on higher education in American colleges and universities. The U.S. depends
on graduate students to teach undergraduates and eventually become faculty members in
colleges and universities (Groen & Rizzo, 2004). With fewer U.S. graduate students,
colleges and universities are looking for students in other countries.
To fill the void of science and engineering students left by U.S. students,
universities have been actively seeking foreign students to enroll in undergraduate and
graduate programs, and fill faculty positions. Ehrenberg points out that in 2002 about
40% of physical sciences and 55% of engineering Ph.D.’s went to foreign students
(Ehrenberg, 2007). In addition, industry and government jobs have been filled by foreign
scientists and engineers.
Regarding foreign-born students, the NSB found that “U.S. employers have
grown increasingly dependent on the global S&E workforce to meet the needs in industry,
government, and academia.” The NSB adds that in 1999, “one third of all S&E PhD
holders working in U.S. industry were born abroad. Among computer scientists, the
proportion was half, and among engineers it was more than half. For the Federal
Government workforce, 16% of Ph.D. holders in 1999 were born abroad. In academia,
about 20% of the yearly job openings for college and university faculty in S&E are being
filled by permanent residents or temporary visa holders (NSB, 2003).
From 1990 to 2000 the share of U.S. science and engineering jobs filled by
foreigners increased from 14% to 22%. The number of foreign doctorate students
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increased from 24% to 38% (NSB, 2003). In 2016, there were 45,737 post-doctorates
employed in science and engineering graduate programs in the United States, with 56%
being temporary visa holders (NSF, 2018). The number of visa-holding post-doctorates
increased by about 5.6% from 2011 (NSF, 2018). In 2015, an estimated 42-45% of
doctorate-holders employed in science and engineering fields were foreign-born (NSF,
2018).
Smallwood found that Americans tend to drop out of doctoral programs before
international students do (The Chronicle of Higher Education, Jan 16, 2004). Career
options for foreign students are limited, especially if they come from a poor country to
study in the U.S. Foreign students receive financial assistance in science and engineering
Ph.D. programs in the U.S. As Teitlebaum points out, “it is well known that science
doctoral programs at many U.S. universities actively recruit and subsidize graduate
students from China, India, and elsewhere” (Teitlebaum, 2003). The NSB states, “This
blend of domestic and international talent has advanced the frontiers of knowledge and
propelled the U.S. to a position of global leadership in S&E” (NSB, 2003).
However, there is growing concern whether the U.S. can continue to attract highly
talented students. Since the 1990’s, China, Taiwan, Korea, and Ireland are providing
incentives for their scientists and engineers to return and work in their home countries. In
addition, there is growing international competition among European and Asian countries
for science and engineering students to enroll in their schools. These series of events
present new challenges for the United States. The U.S. may no longer have a ready supply
of foreign science and engineering students to fill the gap. The problem will threaten the
U.S.’s ability to be a leader in science and technology, especially if the trend continues
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with U.S. students switching from science and engineering fields to other fields of study
that are more lucrative (NSB, 2003; NSF, 2009). Scholars express concern that the
number of doctoral students continues to fall and the number of faculty reaching
retirement age increases, “a major problem facing American higher education is who our
next generation of professors will be” (Ehrenberg, 2007).

B.

Significance of the Problem
Scholars have presented major reasons for studying doctoral attrition and

retention: the psychological and monetary impact on the student who withdraws; the use
of faculty time and the financial cost to the university and department; and the loss to
society of an educated person (Lovitts, 2001).
Students who withdraw suffer emotional costs. The decision to leave a program
can be a horrible experience that leaves the student shocked and depressed since the
student may be facing educational failure for the first time (Lovitts, 2001). Withdrawing
from a program can be internalized as a personal and career failure (Gardner, 2007).
Students might have to abandon an image of themselves as an educated professional who
achieved years of academic success (Vekkaila, Pyhältö, & Lonka, 2013). This experience
can lead some students to consider suicide (Lovitts, 2001; Smallwood, 2004). Students
who withdraw without a degree also can face penalties in finding employment since they
are often perceived as overqualified for blue-collar jobs, but underqualified for jobs in
education (Lovitts & Nelson, 2000). Withdrawing will cost the student forgone earnings
as well as money used to fund the degree (Bowen & Rudenstine, 1992).
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Additionally, students who fail to graduate cost the institution. Universities and
faculty invest resources in graduate students by providing small seminars, individualized
mentoring, and supervised research (Green & Kluever, 1997). The cost per student is high
because classes tend to be small, often involve one-on-one interactions between
professors and students, and the necessary equipment and facilities are expensive (Baird,
1995). Students who withdraw do not develop and contribute their own innovative
research, and they do not provide their experience as teaching and research assistants,
which would benefit the program (Lovitts, 2001). Also, the university’s reputation may
be harmed when their doctoral students fail to graduate (Green & Kluever, 1997). As far
back as 1960, scholars indicated that solving the problem of attrition would substantially
raise the production of doctorates without increasing enrollment or expenses (Berelson,
1960).
There are also costs to society in the loss of original research and the opportunity
to teach (Lovitts, 2001), and the opportunity to work in science or engineering fields
(NSB, 2015). Society spends less on masters and professional degree programs such as
law and business, which have graduation rates greater than 80% (Ehrenberg & Mavros,
1995). In medical studies, 96% of students complete the program within ten years
(Association of American Medical Colleges, 2007).
Finally, many researchers point to the low enrollment and graduation rates of
women and underrepresented groups as a failure of graduate programs to be fully
available to those U.S. populations. The recruitment of underrepresented groups into
STEM fields continues to be a challenge (Sowell, Allum, & Okahana, 2015; Whittaker
& Montgomery, 2012; Strayhorn, 2010). Despite the fact that women are participating in
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higher education at greater rates than the past, disparities in outcomes of graduate
education remain durable (Tilly, 1998). Women in doctoral programs leave in higher
numbers than men, despite earning higher average grades, which some scholars see as a
difficulty programs have in serving and retaining these students (Lovitts & Nelson, 2000).
In 2012, blacks and Hispanics remained underrepresented at every degree level in science
and engineering relative to their proportions in the U.S. college-age population by 15%
and 21%, respectively (NSB, 2014).

C.

Theoretical Framework
Studies of retention and attrition of doctoral students are fewer than studies of

undergraduates (Lightfoot & Doerner, 2008; Tinto, 1993). As recently as twenty years
ago, universities did not record graduate school data consistently (Malone et al., 2001).
Major scholars in the field describe doctoral attrition as an invisible problem (Lovitts,
2001). Where such data exist, most institutions lack personnel to search student files and
compile reports on student progress. Some institutions that are able to gather such
information fail to publicize it for fear of their reputations being tarnished, especially if
the data might lead to a negative report.
Most students who withdraw do so for academic failure, social isolation, loss of
interest, and interpersonal disputes with faculty and colleagues (Lovitts, 2001). Many
students have difficulty with rigorous coursework and exams (Gardner, 2009). In
addition, problems arising from relationships outside of the program are also reasons for
withdrawal (Lunsford, 2012; Golde, 2000; Lovitts & Nelson, 2000). However, many
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students report leaving their studies because of an unsatisfactory relationship with their
advisor (Golde, 2005; Bair & Haworth, 2005).
Tinto’s work on student persistence, which provides the conceptual framework
for this study, states that persistence in graduate studies is a function of a student’s
adjustment to academic and social systems in a developmental process that moves
through three distinct stages of transition and adjustment, attaining candidacy, and
completing the dissertation (Tinto, 1993). The transition stage begins in the first year of
doctoral studies when the student establishes membership in the social and academic
communities of the university by developing personal relationships with other students
and faculty and by assessing whether the norms of those communities are a match. The
second stage encompasses the time until comprehensive examinations and the attainment
of candidacy, and the primary task is the acquisition of knowledge and skills necessary
for doctoral research. The last stage begins with attainment of candidacy and ends with
the defense of the dissertation. A student’s ability to persist to the end of the dissertation
is due to the students’ abilities and the relationship between student and the advisor and
committee (Tinto, 1993).
Doctoral study is a process that requires different skills and abilities at different
times during the course of a student’s graduate career. The first stage of transition during
the first year of study encompasses a period of adjustment to new social and intellectual
communities, which requires the ability to adapt. The second stage emphasizes the
acquisition of knowledge and the ability to develop skills and appropriate interests. The
last stage requires sustained independent focus on the production of the dissertation
(Tinto, 1993).
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Tinto’s work provides a guide to research with concepts that offer a frame of
reference for evaluation. Given the emphasis on time in Tinto’s theory, he proposed
longitudinal studies be conducted to explore and develop his framework. This present
survival study can produce estimates of the risk of graduating or withdrawing and is wellsuited to exploring the critical stages in a graduate student’s career and offering insight
for efforts to improve completion rates.

D.

Research Questions
The broad question for this study is to investigate graduation rates and time to

degree in doctoral programs in science and engineering fields given that students who
reach graduate school are considered the best by their academic institution. This study
will investigate the effect of the following characteristics: graduate student sex, race, sex
of their advisor, academic program, country of citizenship, funding, and GRE scores.
Based on a review of the literature, I test seven hypotheses to uncover what characteristics
affect attrition and retention in five academic programs at one institution.
1. The first hypothesis to be tested is that the graduation rate of women doctoral
students will be lower than that of men doctoral students in the five science and
engineering programs studied due to a woman’s greater challenge of successfully
incorporating into the academic and social systems. The null hypothesis is that there is
no relationship between the sex of doctoral students and graduation rates.
2. The second hypothesis to be tested is that the graduation rate of doctoral
students from underrepresented groups will be lower than that of white and Asian doctoral
students due to the greater challenges of successfully incorporating into the academic and
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social systems. The null hypothesis is that there is no relationship between the race or
ethnicity of doctoral students and graduation rates.
3. The third hypothesis to be tested is that the sex of the advisor will positively
affect the graduation rate of women doctoral students when the advisor sex is women due
to the increased support and encouragement that women advisors provide to women
students. The null hypothesis is that there is no relationship between the sex of the advisor
and women graduation rates.
4. The fourth hypothesis to be tested is that the graduation rate of doctoral students
in the five science and engineering programs studied will be higher than the rates for
humanities or social sciences as reported in the literature regardless of the sex or race of
the student. The null hypothesis is that there is no relationship between the academic
program and graduation rates or time to degree.
5. The fifth hypothesis to be tested is that the graduation rate of international
doctoral students will be lower than that of U.S. doctoral students in the five science and
engineering programs studied due to an international student’s greater challenges in
successfully incorporating into the academic and social systems. The null hypothesis is
that there is no relationship between the citizenship of doctoral students and graduation
rates.
6. The sixth hypothesis to be tested is that the graduation rate of doctoral students
with RAs and fellowships will be higher than the graduation rate of students with TAs in
the five science and engineering programs studied. Additionally, the time to degree will
be shorter for doctoral students with RAs and fellowships than the time to degree for
those students with TAs in the five science and engineering programs studied. The null
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hypothesis is that there is no relationship between the primary funding mechanism and
graduation rates or time to degree.
7. The seventh hypothesis to be tested concerning GRE scores has three parts: part
A is that the graduation rate of doctoral students with high GRE quantitative scores will
be higher than the graduation rate of doctoral students with lower GRE quantitative
scores. Part B is that the graduation rate of doctoral students with high GRE verbal scores
will be higher than the graduation rate of doctoral students with lower GRE verbal scores.
Part C is that the graduation rate of doctoral students with high GRE analytical writing
(GRE AW) scores will be higher than the graduation rate of doctoral students with lower
AW scores. The null hypothesis is that there is no relationship between GRE scores and
graduation rates.

E.

Method
This study will be conducted using a Cox-based competing events analysis as well

as Kaplan-Meier survival estimates. The available data provide a continuous measure of
time, days, which is appropriate for Cox analysis. Most studies of attrition and retention
use a discrete time hazard model that is appropriate for data that only have discrete
measurements of time such as years or semesters. Using a Cox continuous time analysis
enables this study to observe more fine-grained variations in graduation and withdrawals
times and will provide greater insight into variations due to student sex, race, country of
citizenship, advisor sex, academic program, financial support, and GRE scores.
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F.

Organization of the Dissertation
The dissertation includes five chapters, this Introduction, Chapter II Literature

Review, Chapter III Methods, Chapter IV Results, and Chapter V Discussion.
Chapter II Literature Review comprises eight sections. Section A will present an
overview of the Conceptual Background for the study of attrition and retention, focusing
primarily on the work on Tinto. Then each following section will be devoted to an aspect
of the problem. In Section B, issues and findings on the effect of student sex on graduation
will be presented. Section C will review the situation of underrepresented groups in
science and engineering graduate studies.
The importance of advisor relationships with graduate students and the effect of
the sex of the advisor on graduation rates will be explored in Section D. The effect of
academic program will be reviewed in Section E. International students face different
challenges than their U.S. counterparts and Section F will examine those. Section G will
review the effect of different types of funding on graduation rates and on time to degree.
Finally, Section H will present the existing findings on GRE scores.
Chapter III Methods will review the sampling strategy, the sample, and the
measures used in the study in Section A. The three datasets produced from the sample
will be described, as well. In Section B, a preliminary goodness of fit analysis for the
proposed statistical method will be presented, which will include a brief overview of
event history analysis and important features such as censoring and power analysis for
survival studies.
A short review of various event history statistical models in Section C will present
non-parametric, parametric, semi-parametric, discrete time hazard, and competing events
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models. In Section D, the steps for further goodness of fit tests will be presented in detail
and two potential solutions for violations of the proportional hazards assumption will be
discussed. Finally, in Section E, limitations and delimitations will be reviewed.
Chapter IV Results contains two major sections with each subdivided into four
sections. Section A will present the results for the 2000-2012 data set. Subsection one of
Section A will provide the descriptive statistics; subsection two will present the KaplanMeier estimates and life tables; subsection three will provide a step-by-step review of the
proportional hazards testing for the 2000-2012 data set; and subsection four will present
the competing events analysis for student sex, race, country of citizenship, advisor sex,
and academic program.
Section B will present the results of the 2007-2012 data set. Again, subsection one
of Section B will provide the descriptive statistics; subsection two will present the
Kaplan-Meier estimates and life tables; subsection three will provide a step-by-step
review of the proportional hazards testing for the 2007-2012 data set; and subsection four
will present the competing events analysis for financial support and GRE scores.
Chapter V Discussion presents the answers to the seven hypotheses that were
formulated based on the review of the literature. Sections A through H of Chapter II
Review of the Literature have a corresponding Section in Chapter V, which covers student
sex, race, academic programs, advisor sex, international students, financial support, and
GRE scores. Finally, concluding remarks and considerations for further study are
presented.
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CHAPTER II LITERATURE REVIEW

The Literature Review comprises eight sections. Section A will present an
overview of the Conceptual Background for the study of attrition and retention, focusing
primarily on the work on Tinto. Then each following section will be devoted to an aspect
of the problem. In Section B, issues and findings on the effect of student sex on graduation
will be presented. Section C will review the situation of underrepresented groups in
science and engineering graduate studies.
The importance of advisor relationships with graduate students and the effect of
the sex of the advisor on graduation rates will be explored in Section D. The effect of
academic program will be reviewed in Section E. International students face different
challenges than their U.S. counterparts and Section F will examine those. Section G will
review the effect of different types of funding on graduation rates and time to degree.
Finally, Section H will present the existing findings on GRE scores.

A.

Conceptual Background
Researchers have pointed to multiple explanations of why students are dropping

out of science and mathematics pipeline. Most theoretical research conducted on graduate
student attrition is centered on the work of Vincent Tinto’s interactionalist theory. In
1975, Tinto developed his theory in his work on undergraduate attrition. Tinto arrived at
his interactionalist theory based on William Spady’s incorporation of French sociologist
Emile Durkheim’s research on suicide.
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Spady was the first researcher to take Durkheim’s theory of egotistical suicide and
develop an interdisciplinary sociological model of the undergraduate dropout process.
Spady uses the academic and social systems of the university as his framework which
parallel Durkheim’s theme of the nature of social integration: 1) Normative Congruence
– how “success is defined by attitudes, interests, and personality dispositions that are
compatible with the attitudes and influences of the environment” (p. 65); 2) Friendship
Support – having close relationships with others in the system. Spady examines the
relationship of the attributes of the students – interests, attitudes, expectations, skills,
goals and values shaped by family background and high school experiences – with the
institutional environment – influences, expectations and demands of the university. The
likelihood of dropping out (suicide) occurs when there is insufficient integration in terms
of normative congruence and friendship support.
In 1975 Tinto incorporated Spady and Durkheim’s work into his own theoretical
understanding of the process that leads an individual to dropout from an institution. Tinto
looked into the academic and social integration of undergraduate students. For Tinto, the
academic system of an institution refers to the formal education of the student. Academic
integration takes place in the class and lab with faculty and staff who have the
responsibility to educate the student. The social system of the institution refers to the
interactions of the student with peers, faculty and staff outside the classroom setting.
Tinto revised his theory to develop a longitudinal model of undergraduate student
departure. The model is based on the work of anthropologist Arnold Van Gennep who
studied the rites of membership in tribal societies. Van Gennep viewed life as “being
comprised of a series of passages leading individuals from birth to death and from
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membership in one group or status to another” (Tinto, 1988). Tinto employed Van
Gennep’s analysis of the rites of passage of individuals from one group to the next in his
study of undergraduate persistence. The rites of passage are broken down into the
following three stages: separation, transition, and incorporation. These “stages of
passage in the college student career” enabled Tinto to create a longitudinal model of
undergraduate persistence (Tinto, 1988). The student must begin by separating from high
school and family community. The student must leave past habits and affiliations with
members of his home community. He then transitions into the norms and goals of the
college community. This stage requires successful interaction with his peers and faculty.
Finally becoming incorporated or as Tinto calls it integrated into the college community.
Students who persist in college have successfully established interactions with their peers
and faculty (Tinto, 1988).
In his 1993 book, Leaving College: Rethinking the Causes and Cures of Student
Attrition, Tinto notes that there has been little attention on what “forces shape graduate
persistence.” He recommends that his work on the longitudinal process of undergraduate
persistence can be modified to analyze the issues surrounding doctoral attrition. Although
graduate level academic and social integration have a different meaning in terms of the
tasks and demands; relationships with faculty and peers; and course work and completion
requirements, Tinto explains how Van Gennep’s stages can be utilized to examine
doctoral persistence. Tinto asserts that graduate student work is also a longitudinal
process. The process of doctoral persistence is marked by at least three distinct stages;
transition and adjustment; attaining candidacy or what might be referred to as the
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development of competence; and completing the research project leading to the awarding
of the doctoral degree (Tinto, 1993).
Examining graduate work as stages of experiences that lead to a doctoral degree
will enable researchers to document what factors lead to the attrition and retention of
graduate students’ over time. These interactions “occur within and between students and
faculty and various communities that make up the academic and social systems of the
institution” (Tinto, 1993). Researchers need to look at the normative and structural
character of the field of study. Differences exist within a university and between fields.
For graduate students, the local community becomes more important since it is made up
of “normative and structural attributes of the field of study” of the department. This local
community is a continuum in the process of socialization to a professional career. In
addition, there are the external communities made up of the student’s family and work.
The challenge for the graduate student is how to resolve the conflicting demands of the
internal and external communities on the persistence.
Tinto underscores the need for developing a theory based on doctoral persistence
because “we do least well in enabling our most able students to complete their degree
programs” (Tinto, 1993). He recommends that researchers build on the knowledge gained
from the research on undergraduate persistence and develop a more fully articulated
theory on doctoral students using a general outline of the three stages of doctoral study
persistence. Stage one is the transition to membership into the graduate community. The
lower the academic and social integration within a graduate department, the lower the
commitment level to time-to-degree completion and career in the field (Tinto, 1993).
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Stage two is acquisition by attaining candidacy through development of
competence in the research field. Meaningful interactions with faculty and peers will
determine the level of academic competence.
Stage three is completion of the doctoral dissertation. The last stage is dependent
upon the relationship with the advisor, financial support, and support from family and
peers. Tinto also pointed out that interactions with faculty, students, family, work, and
financial awards also play a role (Tinto, 1993).
Tinto’s early model does not take into consideration the external forces playing a
role in students’ efforts to complete their degree. Graduate students tend to be older, work
and have their own families. Bean’s examination of how family and friends play a role to
encourage a student to attend college offers insight into the need to examine the social
interaction outside the university and future studies should examine how graduate
students’ relationship with their family and friends affect their decision to continue on
with their research in the lab (Bean, 1980).
Moving from external forces, the issue arises as to the role of race, class and
gender in student attrition and retention. Tinto’s early theory did not consider the social
and academic integration concerns of different groups. As he recognized in later works
(Tinto, 2006, 2012) it is important to find out the trends in attrition within each group of
students because their backgrounds and experiences require greater attention to such
factors as sex, age, race, past educational experience, social class, work and family
responsibilities, financial resources, as well as full‐ or part‐time attendance (Tinto, 2012).
Tinto also did not factor in citizenship of students. The NSF reported that in 2004
more than fifty percent of engineering, physics, mathematics, and computer science

20

doctorates recipients were foreign students (NSF, 2005). This was not an issue that Tinto
could have foreseen in developing his model. Since foreign students now appear in
significant numbers in graduate school, it is important to compare their social and
academic interactions with U.S. graduate students. It may be difficult, given the low
numbers of graduate students from underrepresented groups, to obtain enough
information about students by ethnic breakdown but the data may provide some insights
into their concerns at each stage of their graduate career.
Researchers have also pointed out that Tinto did not initially look at how funding
affected a student’s ability to complete their degree. This study will consider that graduate
students are dependent upon their department for the type of funding they receive to
complete their degree and will explore if there are differences in completion rates based
on receiving TA, RA or fellowship awards. Breneman’s human capital perspective of
how institutions factor in the costs and benefits of funding a graduate student will provide
a guide to link funding types to Tinto’s academic and social integration model. Since the
funding is contingent on faculty assessments of students, this study will trace the impact
of funding types on attrition (Breneman, 1976).
Tinto did take into consideration that the university or college plays a role in
encouraging undergraduates to complete their degree. However, Tinto did not breakdown
the role that institution played in attrition. Berger discussed the five dimensions of
organizational behaviors that affect undergraduate retention, and Lovitts uses the greedy
institution theory to explain how institutions avoid looking at their own structure and
process to stem graduate attrition.
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B.

Student Sex
Many researchers indicate that the sex of students enrolled in higher education

programs affects their overall experience, graduation rate, and time to degree (Sallee,
2010, 2011; Lovitts, 2001; Lovitts & Nelson, 2000; Seagram et al., 1998). The
experiences of women and men in doctoral education differ (Lovitts, 2001; Golde &
Dore, 2001). This effect is seen even in the most selective programs (Karen, 1991;
Posselt, 2014). Despite the fact that women are participating in higher education at greater
rates than the past, disparities in outcomes of graduate education remain durable (Tilly,
1998). Women in doctoral programs leave in higher numbers than men, despite earning
higher average grades, which some scholars see as a difficulty programs have in serving
and retaining these students (Lovitts & Nelson, 2000).
Women, as well as underrepresented groups, have been increasingly earning
undergraduate degrees (Buchmann & DiPrete, 2006; Fine, 2015). They have also entered
masters programs at increasing rates, especially in masters of arts (Torche, 2011;
Buchmann et al., 2008). However, women are receiving fewer business masters and
doctoral degrees in proportion to population (Posselt & Grodsky, 2017; Torche, 2011).
In the humanities, the evidence of the difference in graduation rates for men and women
is uncertain. An older study of doctoral students starting 1962 through 1976 showed that
women were less likely than men to graduate (Bowen & Rudenstine, 1992). A study of
doctoral students starting 1982 through 1996 in highly selective programs showed no
difference in completion rates (Ehrenberg et al., 2010). A smaller study also found no
difference in graduation rates for students in twenty-one universities (Nettles & Millett,
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2006). A newer study showed that women have higher graduation rates than men in the
humanities and the social sciences (Council of Graduate Schools, 2008).
In doctoral programs in science and engineering, however, women earn fewer
degrees and have lower rates of graduation than men. Women earned 41% of the degrees
(NSF, 2015). The percentages change from year to year depending on the time period
being analyzed. Women earned approximately 30% of the doctorates in physical sciences,
mathematics, computer science, and engineering from 2004 to 2014 (NSF, 2017). The
ten-year graduation rate for science, engineering and math programs shows that women
graduated at a rate of 54% (of women) compared to men at 62% (of men) (Council of
Graduate Schools, 2008). In engineering, women represented 16.3% of tenured/tenuretrack faculty and 23.3% of doctoral graduates (Yoder, 2016).
According to the NSF Graduate Student Survey, in 2016 there were 620,489
students enrolled in science and engineering graduate programs in the United States, with
women’s enrollment growing to 261,575, or 42% (NSF, 2018). In 2016, women were
36% of post-doctorates in science and engineering, about an 8% increase since 2011, and
women were 37% of doctorate-holding, non-faculty science researchers, about a 10%
increase since 2011 (NSF, 2018). The number of women doctorate-holders employed as
fulltime, senior faculty in science and engineering was 5.8% in 1973; 22.8 % in 2003;
and 30.9% in 2015 (NSF, 2018).
The numbers of women graduating with doctorates reflect differences in
enrollment rates as well as differences in graduation rates (Council of Graduate Schools,
2008). The differences in the enrollment rates and graduation rates are seen as having two
components. Some of these differences are due to decisions that students make
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concerning area of study and other life choices (Bowen & Rudenstine, 2014; Xie &
Shauman, 2004). Some of these differences are due to inequalities or program culture
(Mullen et al., 2003).
Certain scholars posit that the choice of program is shaped by traditional cultural
ideas of women’s roles (Hill et al., 2010; Nosek et al., 2009). Cultural ideas are absorbed
by girls leading them to have low academic expectations in science and mathematics due
to their supposed lower innate skills (Saucerman & Vasquez, 2014; Hill et al., 2010).
These cultural norms are communicated to girls, even by other women, through the
socialization process and become internalized (Rhoton, 2011). Girls are thus directed
toward pursuits that involve nurturing and care-giving where they are seen as superior
(Saucerman & Vasquez, 2014; Nosek et al., 2009).
Some researchers think that women who do enter science and engineering
programs encounter men-dominated communities where traditional male norms that
reward status, competition, and self-promotion are in conflict with values such as
cooperation, service, and humility that women are traditionally rewarded for exhibiting
(Rhoton, 2011). The male norms are cloaked from view by the notion that science is a
sex-neutral ideal where merit and skill is rewarded without regard to bias or
discrimination (Eisenhart, 1994). Science is seen as being beyond identity (Malone &
Barabino, 2008), although some researchers found faculty in research universities showed
subtle biases against women undergraduate student applicants for a laboratory manager
position (Moss-Rascusin et al., 2012). The women faculty were equally likely as men
faculty to demonstrate bias against women applicants, which led the researchers to
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conclude that the bias was unintended rather than a conscious effort to prevent the
advancement of women in science (Moss-Rascusin et al., 2012).
Spady’s theory of persistence stated that a student’s departure from college is
influenced by the interaction between the student’s dispositions and attributes and the
institution’s social structures and that a student’s positive interactions allow them to
integrate into the social system while negative ones do not (Spady,1970). Tinto’s use of
Spady shows that transition and incorporation take place in both the academic and social
systems, and those students whose personal attributes and goals interact positively have
a higher likelihood of persistence (Tinto, 1975). A students' unique background interacts
with institutional systems to influence their persistence and a woman’s experience is
likely to be different than a man’s experience as she attempts to integrate (Rose, 2005;
Lovitts, 2001; Golde & Dore, 2001).) More women than men are likely to experience
discrimination from faculty, advisors, and other students (Lovitts, 2001).
Based on the foregoing review, the hypothesis to be tested is that the graduation
rate of women doctoral students will be lower than that of men doctoral students in the
five science and engineering programs studied due to a woman’s greater challenges of
successfully incorporating into the academic and social systems. The null hypothesis is
that there is no relationship between the sex of doctoral students and graduation rates.

C.

Underrepresented Groups
The National Science Board (NSB), the policy and budget directorship of the

NSF, stated that the long-term competitive strength of the U.S. workforce requires that
the full range of science, technology, engineering, and mathematics career paths remain
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available to all Americans (NSB, 2015). The recruitment of underrepresented students
into STEM fields continues to be a challenge (Sowell, Allum, & Okahana, 2015;
Whittaker & Montgomery, 2012; Strayhorn, 2010). Less than 50% of underrepresented
students enrolled in undergraduate STEM fields pursue graduate studies (Strayhorn,
2010).
In the last decade, enrollment of underrepresented students in STEM fields has
been steadily increasing (Okahana & Zhou, 2017). During that period, enrollment of
underrepresented students in STEM fields increased an average of 4.6% annually, while
that of whites only increased by 0.8% (Okahana & Zhou, 2017). The rate of increase has
been higher for Hispanic students compared to other underrepresented groups (NSF,
2018). The number of students from underrepresented students who earned doctorates in
STEM fields has also increased over the last decade (NSF, 2018)
According to the NSF Graduate Student Survey, in 2016, there were 620,489
students enrolled in science and engineering graduate programs in the United States, with
61% being U.S. citizens which includes: 38% white; 6.5% Hispanic; 5% Asian; 5% black;
3.5% unknown; and the remaining 3% other underrepresented groups including mixedrace, Hawaiian, Pacific Islander, Native American, Native Alaskan (NSF, 2018).
Graduate enrollment for Hispanics increased 4.7% between 2015 and 2016, continuing a
pattern of growth that started in 2008 (NSF, 2018). The number of Asian students and the
number of students reporting mixed-race increased 2.6% and 4.8% from 2015 to 2016,
respectively (NSF, 2018). The enrollment for the remaining categories all declined in
2016 (NSF, 2018).
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In 2016, there were 45,737 post-doctorates employed in science and engineering
graduate programs in the United States, with 44% being U.S. citizens; 26.5% white; 2.5%
Hispanic; 8% Asian; 1.5% black; 4.5% unknown; and the remaining 1% other
underrepresented groups including mixed-race, Hawaiian, Pacific Islander, Native
American, Native Alaskan (NSF, 2018). Appointments to post-doctorates decreased for
U.S. citizens by 1.2% since 2011 with all of the decrease being accounted for by black
post-doctorates, which decreased by about 14% since 2011 (NSF, 2018).
According to NSB reports, 7.1% of doctoral degree holders employed in science
and engineering fields are from underrepresented groups (NSB, 2016). The number of
doctorate-holders from underrepresented groups employed as fulltime faculty in science
and engineering was 1.9% in 1973; 7 % in 2003; and 8.6% in 2015 (NSF, 2018). In 2011,
of U.S. citizens, Hispanics were 7% of all science and engineering workers; blacks were
6%; Asians were 15%, whites were 71% (Landivar, 2013).
Despite the increasing enrollment numbers, the graduation rates for
underrepresented groups in undergraduate STEM fields are lower than are for whites
(Toven-Lindsey et al., 2015; Hurtado, Eagan, & Chang, 2010; Strayhorn, 2010). In 2012,
blacks and Hispanics remained underrepresented at every degree level in science and
engineering relative to their proportions in the U.S. college-age population by 15% and
21%, respectively (NSB, 2014). Whites are overrepresented among recipients of science
and engineering bachelor’s, master’s, and doctoral degrees (NSB, 2014). Increases from
1987 to 2004 in the percent of black and Hispanic students entering and graduating from
the biological sciences are deceptive because when the numbers are compared to the
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changes in the racial composition of the population, underrepresentation has not changed
(Landivar, 2013; Lewis et al., 2008).
The 2008 Ph.D. Completion Project found that the seven-year graduation rate for
black and Hispanic students was 41% in the life sciences, 42% in engineering, 34% in the
physical and mathematical sciences, and 34% in the social and behavioral sciences
(Sowell et al., 2008). The seven-year graduation rate for white students was 50% in the
life sciences, 52% in engineering, 45% in the physical and mathematical sciences, and
41% in the social and behavioral sciences (Sowell et al., 2008). Another study conducted
by the same researchers found graduation rates for underrepresented groups to be 39% in
the life sciences, 38% in engineering, 29% in the physical and mathematical sciences, and
44% in the social sciences (Sowell et al., 2015).
As we have seen, Spady’s theory of persistence stated a student’s departure from
college is influenced by the interaction between the student’s dispositions and attributes
and the institution’s social structures (Spady, 1970). Tinto’s use of Spady shows that
transition and incorporation take place in both the academic and social systems, and those
students whose personal attributes and goals interact positively have a higher likelihood
of persistence (Tinto, 1975). A students' unique background interacts with institutional
systems to influence their persistence, and a student from an underrepresented group is
likely to have an experience that is different than a white student because they can face
isolation, hostility, and lack of acceptance (Gonzalez, 2006). The relationships that
students, especially those from an underrepresented group, have with faculty are essential
in mitigating a negative climate (Cress, 2008).
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Based on the foregoing review, the hypothesis to be tested is that the graduation
rate of doctoral students from underrepresented groups will be lower than that of white
and Asian doctoral students in the five science and engineering programs studied due to
the greater challenges of successfully incorporating into the academic and social systems.
The null hypothesis is that there is no relationship between the race or ethnicity of
doctoral students and graduation rates.

D.

Advisor Sex
The faculty advisor fulfills an essential role in a student’s dissertation project

selection, socialization, and progress toward graduation, and numerous studies have
presented the importance of the advisor in graduate student persistence (Spaulding &
Rockinson-Szapkiw, 2012; Hill et al., 2010; Golde, 2005; Lovitts, 2001; Tinto, 1993).
Doctoral students who collaborate with their faculty and are seen as junior faculty are
more likely to graduate from their programs (Solem, Lee, & Schlemper, 2009; Girves &
Wemmerus, 1988; Berg & Ferber, 1983). Tinto’s two-level theory of integration
recognizes that social and academic interactions with faculty are instrumental in a
student’s development of a discipline’s knowledge, skills, and culture necessary for
completion (Tinto,1993). The single most frequent finding in a meta-analysis of doctoral
attrition studies was that successful degree completion is related to quality of contact
between doctoral students and their advisors (Bair & Haworth, 2005).
Advisors and faculty play the primary role in socializing graduate students into
the norms, values, and expectations of the profession (Girves & Wemmerus, 1988).
Although doctoral peers provide knowledge of professional culture and requirements,
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relationships with advisors and faculty are more important for degree completion (Girves
& Wemmerus, 1988). Doctoral students with supportive relationships with their advisor
and dissertation committee, and who report positive faculty encouragement are more
likely to graduate than those who do not develop such relationships (Curtin, Stewart, &
Ostrove, 2013; Spaulding & Rockinson-Szapkiw, 2012; Kurtz-Costes et al., 2006).
Mentoring is the primary method used to train graduate students (Roberts & Sprague,
1995), although mentors and advisors are not necessarily the same person (Cusanovich
& Gilliland, 1991; Winston & Polkosnik, 1984).
The sex of faculty plays an important role in postsecondary education outcomes
(Main, 2014; Sonnert et al., 2007; Bettinger & Long, 2005; Neumark & Gardecki, 1998;
Rothstein, 1995). Men and women students are equally likely to report that they had a
mentor and they report similar reasons for ending mentor relationships (Ragins &
Scandura, 1997). However, men and women students may experience graduate education
differently (Sallee, 2010; Golde & Dore, 2001; Lovitts, 2001), with men being more
likely to report developing stronger relationships and engaging in more social interactions
with faculty than women (Lovitts, 2001; Millett & Nettles, 2009). Women are more likely
to report negative psychosocial comments and are less likely to meet with their men
professors (Schroeder & Mynatt, 1999).
Researchers are finding some evidence that undergraduate women will continue
in science, engineering, and math fields if they have taken an introductory course taught
by a woman (Carrell et al., 2009; Bettinger & Long, 2005). Research shows that having
few women in a department can signal to women students that they do not belong (Walton
et al., 2007; Murphy et al., 2007). On the other hand, women students were more likely
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to have positive attitudes towards their prospects in science disciplines if they saw samesex role models (Stout et al., 2011). The presence of women faculty is thought to
encourage women students through psychosocial functions such as acceptance,
confirmation, role modeling and counseling (Rose, 2005; Marx & Roman, 2002; Wilde
& Schau, 1991; Abrams & Hogg, 1990; Noe, 1988; Tajfel & Turner, 1986). A critical
mass of faculty from different backgrounds can create the sense of an encouraging
community for women and underrepresented students (Turner et al., 2011; Maher, Ford,
& Thompson, 2004; Ülkü-Steiner, Kurtz-Costes, & Kinlaw, 2000).
However, a study of women doctoral students in economics showed no increased
rates of graduation for women with women advisors, nor any increased rates of obtaining
faculty positions after graduation (Neumark & Gardecki, 1998). The study did find that
higher numbers of women faculty may decrease the time to degree for women students
(Neumark & Gardecki, 1998). A more recent study analyzed a larger sample of
economics doctoral students and found that there was no significant difference in initial
career positions and early-career research productivity between women students with
women advisors and women with men advisors (Hilmer & Hilmer, 2007).
A study of doctoral students in the humanities and social sciences at thirteen
research universities tested three questions based on the theory of homophily, which
predicts that people who are similar will associate at higher rates than would otherwise
occur due to a preference for individuals with similar characteristics (Main, 2014). The
study found that women students are twelve percent more likely to pair with women
advisors; women with women advisors had a non-significant, increased probability of
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graduating of two percent than women with men advisors; and same-sex advising does
not influence time to degree for either women or men students (Main, 2014).
Based on the foregoing review, the hypothesis to be tested is that the sex of the
advisor will positively affect the graduation rate of women doctoral students in the five
studied programs when the advisor is a woman due to the increased support and
encouragement that women advisors provide to women students. The null hypothesis is
that there is no relationship between the sex of the advisor and women’s graduation rates.

E.

Academic Programs
Studies conducted in the last sixty years have consistently shown that 40% to 60%

of students beginning doctoral programs fail to persist to completion (Council of
Graduate Schools Ph.D. Completion Project, 2008; Bowen & Rudenstine, 1992;
Berelson, 1960), with some recent ones reporting 50% rates (Walker et al., 2008) and
others still

40% and 70% (Gardner, 2008; Most, 2008). Explanations for these

differences have been offered by numerous researchers who suggest that the differences
are due individual attributes, such as sex (Sallee & Harris, 2011; Lovitts, 2001; Golde &
Dore, 2001; Lovitts & Nelson, 2000; Seagram et al., 1998), or race (Barber, & Hasson,
2015; Toven-Lindsey et al., 2012; Hurtado, Eagan, & Chang, 2010; Strayhorn, 2010).
Other variations such as the type of financial support also influence graduations rates
(Ehrenberg & Mavros, 1995; Bowen & Rudenstine, 1992; Abedi & Benkin, 1987; Sauer,
1986; Berg & Ferber, 1983).
However, many studies have found that the significant factor in predicting degree
completion was a student's field of study (Bowen & Rudenstine, 1992; Benkin, 1984).
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Based on a meta-analysis of graduate attrition studies, research evidence suggests
strongly that doctoral student graduation rates differ by field of study (humanities versus
sciences) and even more by program of study (physics versus chemistry) (Bair &
Haworth, 2005). The lowest rates of attrition have been found in the laboratory sciences
and the highest rates in the social sciences and humanities (Bair & Haworth, 2005). The
natural sciences always have the highest completion rate, followed by social science, and
then humanities, across data sets, across gender, across time, across funding (Bowen &
Rudenstine, 1992). Other studies found similar significant results for fields of study with
the highest to lowest graduation rates being life sciences, physical sciences, humanities,
and social sciences (Ostriker, Kuh, & Voytuk, 2011; Golde, 1996).
Research suggests a connection between doctoral graduation rates and the length
of time that it takes to earn the degree with the longer time spent in the process of earning
the doctorate, the lower the likelihood of completion (Bowen & Rudenstine, 1992; Ferrer
de Valero, 1996; Nerad & Cerny, 1993). The time-to-degree was shortest for the physical
sciences, 7.9 years, and longest for education, 18.2 years, in part due to part-time study
in education. (Hoffer & Welch, 2006). In the humanities, where the median time to degree
is 7.1 years, a high proportion of doctoral students do not complete their degree (Ostriker,
Kuh, & Voytuk, 2011).
The structural differences between different disciplines have been highlighted by
numerous scholars (Tinto, 1993; Bowen & Rudenstine, 1992; Nerad & Cerny, 1993;
Becher, 1981). “Disciplines are cultural phenomena . . . collections of like-minded
people, each with their own codes of conduct, sets of values, and distinctive intellectual
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tasks” (Becher, 1981). Faculty in hard areas, such as the sciences, technology,
engineering, and mathematics, where research is conducted in team-based lab settings,
are generally rated higher in social connectedness for both their research and teaching
activities, while those in the soft areas, such as the humanities and social sciences,
generally work more in isolation (Becher, 1981).
Higher graduation rates in the sciences might be due to the exacting structure of
research conducted in a laboratory by groups of students under the direct supervision of
their advisor with day-to-day observation, awareness, and expectations of progress
(Sauer, 1986). In contrast, lower rates in the social sciences are due in part to less structure
and more ambiguous expectations where research is performed in solitude with less
supervision and less awareness of the passage of time and progress (Sauer, 1986; Bair &
Haworth, 2005). Science research is typically conducted in a relatively structured
laboratory-based apprenticeship, whereas research in the arts and humanities is typically
conducted in a less structured and more isolated, individualistic and solitary manner
resulting in differences in graduation rates (Tinto, 1993; Bowen & Rudenstine, 1992;
Nerad & Cerney, 1993).
Based on the foregoing review, the hypothesis to be tested is that the graduation
rate of doctoral students in the five science and engineering programs studied will be
higher than the rates for humanities or social sciences as reported in the literature
regardless of the sex or race of the student. The null hypothesis is that there is no
relationship between the academic program and graduation rates or time to degree.
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F.

International Students
Education is considered to be very valuable to most foreign-born students and

their families who see it as investment in the entire family’s earning ability (Arthur,
2000). Obtaining an education from an American university provides opportunity for
social and economic mobility and is strong motivation to come to the United States for
higher education (Irungu, 2013; Khadria, 2011; Kim et al., 2011). Migration trends of
foreign-born students are significantly affected by global demographic changes that have
led to a decline in emigration from Europe because of declining fertility trends and youth
population and an increase in student migration from Asia and Africa due to increased
youth population size (Thomas & Inkpen, 2018). American universities are increasing
their efforts to attract foreign-born students because of the financial and intellectual
benefits that international students bring (Verbik & Lasanowski, 2007).
There has been a relatively steady increase in graduate enrollment of foreign-born
students between 1976 and 2013 (National Center for Educational Statistics, 2014).
According to the NSF Graduate Student Survey, in 2016, there were 620,489 students
enrolled in science and engineering graduate programs in the United States, with 39%
being temporary visa holders (NSF, 2018). The number of visa-holding enrolled students
increased by about 10% from 2011 to 2016 (NSF, 2018). In 2016, there were 45,737 postdoctorates employed in science and engineering graduate programs in the United States,
with 56% being temporary visa holders (NSF, 2018).The number of visa-holding postdoctorates increased by about 5.6% from 2011 (NSF, 2018). In 2015, an estimated 4245% of doctorate-holders employed in science and engineering fields were foreign-born
(NSF, 2018).
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As Table 1 below indicates, China and India contributed 29% and 17%,
respectively, of the foreign-born students receiving a doctorate in 2010, with South
Korea, the rest of west Asia, Europe, and North and South America each contributing
about 10% (NSF, 2018).

Table 1: Temporary visa holders receiving Science & Engineering doctorates in 2010
Country of citizenship

2010 doctorate recipients

Total

36,700

China (including Hong Kong)

10,600

India

6,300

South Korea

3,600

West Asia

3,200

Europe

3,900

North and South America

3,800

All other countries

5,400

Detail may not add to total because of rounding.
Source(s)
National Science Foundation, National Center for Science and Engineering Statistics,
Survey of Doctorate Recipients (SDR) (2015), https://www.nsf.gov/statistics/srvydoctoratework/.
Science and Engineering Indicators 2018

International graduate students have the challenges of adjusting to a new
language, culture, learning styles, and may experience higher stress and prejudice than
American students (Jacob & Greggo, 2001; Ramburuth, 2000; Wan, Chapman, & Biggs,
1992; Mallinckrodt & Leong, 1992; Naidoo, 1991; Smith, 1991). International students
experience more stress during the first six months than American students because of the
unique challenges (Hechanova-Alampay et al., 2002). The main stressors are language,
cultural issues, lack of support, and the ability to build friendships (Zhou, 2015; Lee and
Rice, 2007; Hechanova-Alampay et al., 2002; Mori, 2000).
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Students from Asia, Africa, and Latin America report more difficulties than
students from Europe, Canada, Australia, and New Zealand (Lee & Rice, 2007). The lack
of support networks contribute to academic difficulties (Wan et al., 1992). Asian students
in a Midwestern university experienced culture, language, and communication obstacles
that interfered with their studies (Heggins & Jackson, 2003). Latin American students in
a Northwest university reported greater stress than Asian students due to a small Latin
American population that could provide support (Wilton & Constantine, 2003).
International students also face difficulties establishing a relationship with their
advisors because English is not the native language for many international students
(Zhou, 2015; Jacob and Greggo, 2001; Naidoo, 1991; Parson, 1992; Roongrattanakool,
1999; Wan et al., 1992; Hung, 1986; Khabiri, 1985). International students show a
significantly greater preference for mentors who are personally involved in the student’s
life because close connections with a mentor can help with social enculturation as well as
academic integration (Rose 2005; Jacob and Greggo; Kilburg, 1992).
Based on the foregoing review, the hypothesis to be tested is that the graduation
rate of international doctoral students will be lower than that of U.S. doctoral students in
the five science and engineering programs studied due to an international student’s
greater challenges in successfully incorporating into the academic and social systems.
The null hypothesis is that there is no relationship between the citizenship of doctoral
students and graduation rates.
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G.

Funding
Many researchers indicate that the existence and type of graduate students’

financial support affects enrollment, graduation rates, and time to degree (Nettles &
Millet, 2006; Muñoz-Dunbar & Stanton, 1999; Border & Barba, 1998; Ehrenberg &
Mavros, 1995; Bowen & Rudenstine, 1992; Abedi & Benkin, 1987). Graduate students
who have some type of institutional financial support are more likely to graduate than
those who rely on personal sources of funding (Bair & Haworth, 1999; Bowen &
Rudenstine, 1992; Abedi &Benkin, 1987). The “primary mechanisms of financial
support” available for doctoral students, defined by the NSF as “the largest source of
financial support” received by a student, are fellowships, traineeships, research
assistantships (RAs), teaching assistantships (TAs), and other funds (NSF, 2018). A
majority of doctoral students use three or more types of financial support with the most
frequently used types being research assistantships, teaching assistantships and
fellowships (Nettles & Millet, 2006).
Studies have shown that financial support is essential for students to enroll in
doctoral studies (Nettles & Millet, 2006). A 1988 study of college students who did not
attend graduate school reported concern about additional borrowing as a major
impediment to graduate studies (Baum & Schwartz, 1988). A later study found that more
than 40% of respondents reported undergraduate debt as a significant factor in deciding
not to enroll in graduate studies (Baum & Saunders, 1998). A survey of doctoral graduates
showed that 78% of respondents could not have enrolled without financial support
(Border & Barba, 1998). While initial financial support at enrollment is critical for access
to graduate school, long-term funding is more important in determining graduation rates
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(Gardner, 2008; Nettles & Millet, 2006). Students with financial support for the duration
of their studies decrease their time to degree compared to students without such funding
(Nerad & Cerny, 1993).

Table 2: Full-time graduate students in science, engineering, and health in doctorategranting institutions primary mechanism of support: (select years) 2011–16
Primary mechanism of support

2011

2013

2016

388,995

400,213

429,899

39,059

41,183

40,221

Research assistantships

114,109

109,167

109,631

Teaching assistantships

78,679

83,108

85,991

Traineeships

10,447

8,951

10,262

146,701

157,804

183,794

Self-support

123,016

132,863

153,552

Other

23,685

24,941

30,242

Science and engineering
Fellowships

Other types of support

SOURCE: National Science Foundation, National Center for Science and Engineering Statistics, Survey
of Graduate Students and Post-doctorates in Science and Engineering. 2018

Research shows that programs that provide financial support such as fellowships,
RAs, and TAs are associated with higher graduation rates (Bair & Haworth, 1999;
Ehrenberg & Mavros, 1995; Bowen & Rudenstine, 1992; Girves & Wemmerus, 1988;
Abedi & Benkin, 1987). Some research indicates that certain types of financial support
are more likely to be associated with higher graduation rates and shorter times to degree
(Herzig, 2004; Ehrenberg & Mavros, 1995; Bowen & Rudenstine, 1992). Students who
receive a fellowship during their dissertation year had a greater likelihood of graduating
(Bowen & Rudenstine, 1992). A study of graduate students enrolled from 1963 to 1979
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found students with fellowships and RAs are more likely to graduate than students who
have TAs (Ehrenberg & Mavros, 1995). In contrast, a combination of several types of
financial support were associated with increased likelihood of graduation (Bair &
Haworth, 1999; St. John & Andrieu, 1995; Nerad & Cerny, 1993).
In regard to time to degree, the results are mix with some studies suggesting that
graduate students with fellowships have shorter times to degree than those with TAs
(Herzig, 2004; Ehrenberg & Mavros, 1995; Bowen & Rudenstine, 1992). A 1987 study,
however, showed that graduate students with RAs or TAs graduated in the shortest
amount of time – 7.68 years; those with fellowships graduated in 8.06 years; those relying
on family support in 9.4 years; loans in 9.52 years; and their own earnings in 10.82 years
(Abedi & Benkin, 1987).
The prevailing explanation for the better results for students with fellowships is
that these students have more time to devote to their studies than do students with research
or teaching responsibilities do (Mendoza, Villarreal & Gunderson, 2014; Herzig, 2004).
RAs are seen as superior to TAs because RAs develop a student’s ability to conduct
research whereas TAs are more likely to develop a student’s teaching skills, which are
not directly transferrable to the dissertation-writing process (Ampaw & Jaeger, 2012; Bair
and Haworth 1999; Ethington & Pisani, 1993; Bowen & Rudenstine, 1992; Baird, 1990).
In addition, some researchers see time to degree as being connected to graduation rates
because the longer a student takes to finish, the more likely they are to drop out (Kim &
Otts, 2010; Herzig, 2004).
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Based on the foregoing review, the hypothesis to be tested is that the graduation
rate of doctoral students with RAs and fellowships will be higher than the graduation rate
of students with TAs in the five science and engineering programs studied. Additionally,
the time to degree will be shorter for doctoral students with RAs and fellowships than the
time to degree for those students with TAs in the five science and engineering programs
studied. The null hypothesis is that there is no relationship between the primary funding
mechanism and graduation rates or time to degree.

H.

GRE Scores
Forecasting student success in doctoral programs is critical for developing

admissions criteria that efficiently select the students best suited for the achieving the
program’s goals. Knowledge of student success patterns also benefits a program by
allowing it to develop the appropriate institutional strategies to support doctoral students
as they navigate their studies. Universities employ a variety of measures to evaluate
applicants for admission into their doctoral programs, and Graduate Record Examination
(GRE) scores are widely used as a primary admission criterion throughout most
disciplines (Feeley, Williams, & Wise, 2005; Malone, Nelson, & Nelson, 2004; Olson,
Meyers, & Wilkum, 2003).
Standardized examination scores were ranked as one of the most important factors
in deciding which applicants to accept in a nationwide survey of universities (Breland et
al., 2002). Research indicates that the use of the GRE as an admission measure for
graduate school is based on GRE’s ability to predict achievement (Kuncel et al., 2010;
Rubio, et al., 2003). Studies have shown that GRE scores predict first year graduate grade
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point average (GPA), cumulative GPA, and faculty evaluations (Kuncel et al., 2010), as
well as completion rates (Valero, 2001).
Despite the fairly widespread use of GRE scores to predict a variety of graduate
student performance measures in different disciplines, several meta-analysis studies
indicate that there are significant variations in the impact of GRE scores depending on
the unique circumstance of the studied population (Kuncel et al., 2010; Powers, 2004;
Kuncel, Hezlett, & Ones, 2001; Schneider & Briel, 1990). Research from the late
twentieth century through the early twenty-first has produced contradictory conclusions
on the usefulness of GRE scores as predictors of graduate student performance with some
studies showing that GREs are a poor predictor (Rubio, Rubin, & Brennan, 2003; Stack
& Kelley, 2002; Bair & Haworth, 2005; Sternberg & Williams, 1997; Milner, McNeil, &
King, 1984).
More contemporaneous studies have investigated GRE scores in programs in a
variety of disciplines. A study of criminal justice programs concluded that that doctoral
students with lower GRE scores had longer time to degree than students with higher
scores (Lightfoot & Doerner, 2008). Interestingly, students with lower GRE scores,
however, were more likely to complete the program than students with higher scores
(Lightfoot & Doerner, 2008).
A study of communication graduate students concluded overall that GRE scores
did not significantly predict performance (Feeley, Williams, & Wise, 2005). GRE verbal
scores did not predict graduate GPA and combined GRE scores did not significantly
predict graduating (Feeley, Williams, & Wise, 2005). A study of education graduate
students also showed mixed results where students with higher verbal and analytical
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scores completed the program and students with higher quantitative scores did not
graduate (Malone et al., 2004). Researchers studying nursing graduate students also
concluded that GRE scores were weak predictor of student performance (Katz et al.,
2009).
In a study of economics doctoral students, researchers found a significant positive
relationship between the quantitative and verbal GRE scores and the probability that a
student remains in the program through the first five years, but detected no significant
relationship between GRE scores and completing the degree within the first five years
(Stock, Finegan, & Siegfried, 2009). The quantitative GRE score, and to a lesser extent
the now out-of-use analytical GRE score, are both related to the probability of completing
an economics degree within eight years (Stock, Finegan, & Siegfried, 2009). A ten-point
increase in quantitative GRE score was associated with a small percentage increase in the
probability of graduating (Stock, Finegan, & Siegfried, 2009). They concluded that GRE
scores have more effect on whether students will eventually graduate than on how long
they take to earn it (Stock, Finegan, & Siegfried, 2009).
Attempting to sort out the contradictions, the first meta-analysis by Kuncel,
Hezlett, and Ones examined the ability of GRE scores and undergraduate GPAs to predict
graduate student performance (Kuncel, Hezlett, & Ones, 2001). Their analysis included
more than 1,500 original studies across multiple disciplines and assessed various
measures such as graduate GPA, graduate exam scores, faculty evaluations, time to
degree, as well as the number of publications and citations (Kuncel, Hezlett, & Ones,
2001). The meta-analysis found that GRE scores were valid predictors of all performance
measures, but the effect on time to degree was not (Kuncel, Hezlett, & Ones, 2001). A
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further meta-analysis of 100 studies found GRE scores to be valid predictors of graduate
GPAs in doctoral and master’s degree programs (Kuncel et al., 2010). Other researchers
have examined the relationship between GRE scores and doctoral student degree
completion using a meta-analysis and also found that the results contradict each other
considerably (Bair & Haworth, 2005). Verbal scores predicted degree completion in only
3 out of 20 studies, and in the remaining 17 studies, no statistically significant
relationships were found; only 11 studies out of 26 found quantitative scores to predict
completion (Bair & Haworth, 2005).
Acknowledging that the value of GRE scores in predicting graduate student
performance is a context-dependent enterprise, the present study examines whether GRE
verbal, quantitative and analytical writing scores are significant predictors of the time to
doctoral degree and the probability of graduating or withdrawing in the five programs
under consideration.
GRE Analytic Writing
Most researchers who have studied the GRE have limited their studies to
determining the predictive value of the verbal and quantitative scores. As a rule, the
aforementioned studies have not considered the value of the GRE-Analytical Writing
(AW) scores, which was introduced in 2002 (Kuncel et al., 2010).
The AW is a performance-based measure of test takers’ critical thinking and
communication skills. The AW includes two thirty-minute essays, an “Analyze an Issue”
essay and an “Analyze an Argument” essay. The two tasks are complementary in that one
requires a test taker to construct an argument by taking a position and the other requires
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a test taker to evaluate someone else's argument by assessing its claims and evaluating
the evidence (Educational Testing Services, 2019).
The first requires test takers to consider a provided topic from multiple viewpoints
and to clearly and concisely write a position on the topic. Test takers must provide
reasoning, supporting evidence, alternative viewpoints, and possible consequences of
their position. The second essay requires test takers to evaluate a presented argument. The
test takers must examine the argument’s assumptions and implications as well as present
compelling rationales for alternative explanations.
According to the Educational Testing Services, the Analytical Writing section
measures the ability to articulate complex ideas clearly and effectively; support ideas with
relevant reasons and examples; examine claims and accompanying evidence; sustain a
well-focused, coherent discussion; and control the elements of standard written English
(Educational Testing Services, 2019).
Some researchers funded by the ETS have linked the necessary writing skills of
graduate study to the skills assessed by the AW section (Rosenfeld, Courtney, & Fowles,
2004). The skills identified were the ability to describe information; extract, analyze and
interpret essential patterns and processes; and predict consequences (Rosenfeld,
Courtney, & Fowles, 2004). Poor analytical and writing abilities can indicate shortcomings in executive processes, flexibility, reasoning, and effective planning (Troia &
Graham, 2003).
One independent study that evaluated the GRE AW was an examination of a
counselor education program (Hatchett, Lawrence & Coaston, 2017). Undergraduate
GPAs and all three GRE scores (verbal, quantitative, analytical writing) were used to
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predict academic success in a counselor education program. Students who scored higher
on GPA and GRE quantitative were more likely to graduate from the program than those
students who withdrew, which the authors thought was indicative of higher levels of work
ethic or motivation as well as higher levels of reasoning skills (Hatchett, Lawrence &
Coaston, 2017). Higher scores on GRE verbal and AW tests best distinguished students
who graduated from the program from those who withdrew, which the authors speculated
was the result of graduate students with less developed writing skills finding the writing
demands associated with counselor education programs overwhelming (Hatchett,
Lawrence & Coaston, 2017).
Research on graduate students in medical physics examined the correlation of the
AW with a number of assessment measures and found that the AW was positively, but
not significantly, associated with higher assessments (Burmeister et al., 2013). A study
of the Vanderbilt University Medical School biomedical program found that none of the
three GRE tests predicted graduation rates and only the verbal test predicted graduate
GPAs (Moneta-Koehler et al., 2017). Researchers of Puerto Ricans in a graduate
biomedical program used the AW as part of a composite score that included the GRE
verbal and quantitative tests as well as research experience, coursework and GPA
(Pacheco et al., 2015). This study found that the GRE parts of the composite were not
related to the likelihood of graduating or to the time to degree (Pacheco et al., 2015).
Although most researchers have not considered the AW score, this study will
investigate the whether the AW score is a significant predictor of the probability of
graduating or withdrawing in the five programs under consideration.
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The GRE and International students
While there is an ever-growing number of studies on the value of GRE scores in
assessing graduate student performance in general, few studies have directly addressed
the use of GRE in predicting international student performance. The research that exists
consistently shows that international students typically score lower on the GRE verbal
test than the American students (Feeley, Williams, & Wise, 2005; Wilson, 1986; Kaiser,
1983). The relationship of GRE verbal and quantitative scores to performance measures,
however, was just as mixed as the relationship for American students (Fu, 2012; Wilson,
1986; Kaiser, 1983).
A 1983 study of GRE and American and foreign graduate students at the
University of Kansas showed that quantitative scores were not significantly correlated
with graduate GPA (Kaiser, 1983). On the other hand, verbal scores were a significant
predictor of graduate GPA, outshining the other tested predictors (Kaiser, 1983).
A large-scale study involving nearly one hundred graduate departments in twentythree graduate schools funded by the Graduate Record Examinations Board researched
the predictive validity of GRE scores on first-year graduate GPA (Wilson, 1986). The
study divided the programs into two broad categories of quantitative programs, such as
math, economics, and engineering, and non-quantitative programs largely in the social
sciences (Wilson, 1986). The study found that GRE quantitative and now-unused
analytical scores were more highly correlated with graduate GPA in the quantitative
programs than were GRE verbal scores; conversely, verbal scores were the most valid
predictor of GPA in the non-quantitative programs (Wilson, 1986). In the bioscience
departments, the results were negligible for quantitative and analytical scores and
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negative for verbal scores (Wilson, 1986). The results led the researchers to conclude that
GRE quantitative, verbal, and analytical scores were valid predictors when the attributes
of the context were taken into consideration (Wilson, 1986).
The most recent work on GRE and international students studied first-year
graduate students attending a southwestern research university in the years 2005-2009
(Fu, 2012). The research found that undergraduate GPA, GRE verbal, and GRE
quantitative together explained 3% of variance in first-year graduate GPA, compared to
6% of variance for American students (Fu, 2012). The quantitative score did not improve
the predictive power when undergraduate GPA and verbal scores were already included
in the model, but GRE verbal played a relatively more important role in explaining firstyear GPA for international students than for American students (Fu, 2012).
GRE Summary
Based on the foregoing review, the first hypothesis to be tested is that the
graduation rate of doctoral students with high GRE quantitative scores will be higher than
the graduation rate of doctoral students with lower GRE quantitative scores.
The second hypothesis to be tested is that the graduation rate of doctoral students
with high GRE verbal scores will be higher than the graduation rate of doctoral students
with lower GRE verbal scores.
The third hypothesis to be tested is that the graduation rate of doctoral students
with high GRE AW scores will be higher than the graduation rate of doctoral students
with lower AW verbal scores.
The null hypothesis is that there is no relationship between GRE scores and
graduation rates.
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CHAPTER III METHODS

Introduction
This study will be conducted using a Cox-based competing events analysis as well
as Kaplan-Meier survival estimates. The available data provide a continuous measure of
time, days, which is appropriate for Cox analysis. Most studies of attrition and retention
use a discrete time hazard model that is appropriate for data that only have discrete
measurements of time such as years or semesters. Using a Cox continuous time analysis
enables this study to observe more fine-grained variations in graduation and withdrawals
times and will provide greater insight into variations due to student sex, race, country of
citizenship, advisor sex, academic program, financial support, and GRE scores.
This Methods Chapter will first review the sampling strategy, the sample, and the
measures used in the study in Section A. The three datasets produced from the sample
will be described. In Section B, a preliminary goodness of fit analysis for the proposed
statistical method will be presented, which includes a brief overview of event history
analysis and important features such as censoring and power analysis for survival studies.
Section C will present a short review of event history statistical models: nonparametric, parametric, semi-parametric, discrete time hazard, and competing events.
Having chosen a competing events model, further goodness of fit tests must be
performed for evaluating the proportional hazards assumption of the model. In Section
D, the steps for this evaluation will be presented in detail and two potential solutions for
violations of the proportional hazards assumption will be discussed. Finally, in Section
E, limitations and delimitations will be reviewed.
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A.

General Methods
Sampling strategy
This study used a non-probability, purposive sampling strategy to acquire the

sample. A non-probability sampling does not involve random selection of participants.
Non-probability, purposive sampling is employed to study a population with particular
characteristics not representative of the general population and thus random sampling for
proportionality is not the study’s primary concern. In addition, the study required studentlevel data which had been previously collected and stored. Despite limitations of the nonprobability, purposive strategy, findings can be generalized in the construction of
graduate persistence models (Abbott & McKinney, 2013; Huck & Müller, 2012).
Sample
The sample examined in this study consisted of archived student-level data of
doctoral students enrolled in a research university as classified by the Carnegie
Classification of Institutions of Higher Education, 2018.
The students in the study were enrolled in one of five academic programs –
Aerospace Engineering, Applied Physics, Chemistry and Chemical Biology, Mechanical
Engineering, and Physics. In addition, data on the students’ advisors were available.
Prior to obtaining the data, the university’s Human Subject office approved the
request to access student records in consultation with the university graduate school.
Access to the data was limited to the use of a secure server system for records with
identifying names and numbers. Once all identifying information was removed from the
dataset, the data were able to be released for further analysis and processing.
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Several datasets were provided by the university for students enrolled from the
1980s to 2018 in the five programs for a select set of variables. The use of archived data
sets often suffer from compromised data due to the absence of information on important
variables that were not included in the original data collection or the use of out-of-date
measures (Rudestam & Newton, 2007).
In this study, difficulties arose in creating one master sample due to several
features of the university data. First, the university is in the process of creating one master
electronic repository of graduate student data. Prior to the time of this study, most data
through the period of 1980s were consistently collected and stored in paper records which
were accumulated at the graduate school. A transition in the 1990’s to electronic recordkeeping began and data were collected at the program level in a variety of software
packages and/or paper records with only certain information being collected and
maintained centrally.
The result was that the most comprehensive data were available only from 2007
onwards. Data prior to that time, while extensive, had to be pieced together with the
participation of the graduate school and program administrators. In addition, some data
varied over time due to changing recording protocols employed by the university, and
there were also changes in the coding of data that was otherwise constant over time. The
data was cross-checked for internal validity.
Three datasets were created for the study: 1) 1995-2012 (1,789 students), 2) 20002012 (1,358 students), and 3) 2007-2012 (624 students). However, only two datasets were
used in this study: 2000-2012 that included county of citizenship; and 2007-2012 that
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included additional information on funding sources and GRE scores. Each are discussed
in depth below.
Measures
Student data such as sex, race/ethnicity, and citizenship status were reported by
the applicants and recorded by the Graduate Admissions office. Data on enrollment dates,
exam dates, withdrawal dates, and graduation dates were created and recorded by the
university. Each program recorded information on the students’ advisor names, and this
data was compiled by the graduate school office. Advisor sex was determined by
examining publicly available records for each of the named advisors who were designated
as the lead advisor.
At the time of the data collection, the university presented students with the choice
of identifying their sex as male or female, and these terms are used in the datasets in this
study. Since the time of the data collection, students are presented with a choice of
identifying their preferred gender. In the text of this study, women and men are the terms
used regardless of the terms used in the cited literature or datasets.
Funding information is gathered and recorded by the programs, and was compiled
by the graduate school office. Funding types were Teaching Assistantships (TA),
Research Assistantships RA), Internal Fellowships, External Fellowships, and None
(indicating a period not funded by an internal or external institution). Researchers suggest
that whenever the data allow, it is desirable to disaggregate the funding by type – grant,
loan, work-study, etc. (Chen & DesJardins, 2010; McPherson, 1993).
A time-invariant covariate for the total funding package was created from this
data resulting in seven categories of mechanism of support (NSF, 2016; Mendoza,
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Villarreal & Gunderson, 2014; Ehrenberg & Mavros, 1995). The first three categories
are: mostly RAs, mostly TAs, and mostly Fellowships, where the named support was
50% or more of the total funding and the other 50% was not any other one type of support.
If two funding types were each 50% of the total funding, the category is named: RA/TA
tied, RA/Fellow tied, TA/Fellow tied. The seventh category is a three-way tie:
RA/TA/Fellow tie. The data revealed a fairly substantial number of students with only
one funding type but a category based on this occurrence was very highly correlated with
the enrollment status of withdrawn. The students who withdrew after one or two years of
study most frequently had only one type of funding, regardless of type. The students with
only one type of funding were placed in the “mostly” categories, which distributed the
withdrawn status among the prevailing type of funding.
GRE scores are delivered by the Education Testing Services. Three scores are
reported on the GRE General Test: a verbal reasoning score reported on a 130–170 scale,
in 1-point increments; a quantitative reasoning score reported on a 130–170 scale, in 1point increments; and an analytical writing score reported on a 0–6 scale, in half-point
increments (Educational Testing Services, 2019).
The GRE scores from the old, now unused, 200-800 scale had been converted by
the university to the new 130-170 scale and recorded in the archived data. Incomplete
GRE data were available for the year 2007 with about one half of the students enrolling
in that year missing GRE data.
The verbal test assesses the ability to analyze and evaluate written material, and
to identify and recognize relationships between words and concepts. The quantitative test
assesses basic mathematical skills, elementary mathematical concepts, and the ability to
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quantitatively reason and solve problems. The analytical writing test assesses critical
thinking and analytical writing skills (Educational Testing Services, 2019).
Although the analytical writing test contains two essays, a single combined score
is reported because it is more reliable than a score for either test alone (Educational
Testing Services, 2019).
A score of 6 or 5.5 indicates an insightful, in-depth analysis of complex ideas and
superior facility with sentence structure and language usage; a score of 5 or 4.5 indicates
a thoughtful analysis of complex ideas and good control of sentence structure and
language usage; a score of 4 or 3.5 indicates a competent analysis of ideas and a
satisfactory control of sentence structure and language usage; a score of 3 or 2.5 indicates
some competence, although the writing is flawed in analysis, development, or
organization and has weak control of sentence structure or language usage; a score of 2
or 1.5 indicates serious weaknesses and is seriously flawed in analysis, development, or
organization and has serious and frequent problems in sentence structure or language
usage; a score of 1 or 0.5 indicates fundamental deficiencies with severe and pervasive
errors that result in incoherence (Educational Testing Services, 2019).
Typically, the students who withdrew from their program had missing values for
some of the available measures, and a variety of techniques were employed to recover the
data. The first technique was to compare the various university datasets to each other,
which removed most of the missing values. Second, access to the current university
database allowed for checking the updated records. Since the study depended so heavily
upon the inclusion of the withdrawn students, the missing values were investigated
individually case by case.
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A special case is the date of withdrawal. It was created from a combination of
university-recorded data for the actual date of withdrawal and other measures. If no
recorded withdrawal date was available, the last date in the last enrolled semester was
used. If no enrollment data was available, the date was assigned using the last date of
funding. If that was unknown, the Qualifying exam date, if any, was used. In this manner,
each known withdrawn student was maintained.
Studies of graduate student retention present various measures of time to degree:
the total time to degree is the time from completion of an undergraduate degree to the
doctorate degree, including time not enrolled in graduate school (Henderson et al., 1998).
Elapsed time to degree is the time that elapses from the start of a doctoral program to
graduation, including breaks from active study (Bowen & Rudenstine, 1992). Registered
time to degree is the time that a student is registered in the program (Henderson et al.,
1998).
In this study, the time period used is elapsed time in days. For general discussion
of descriptive statistics in this study, elapsed time is measured in days from the exact date
of the start semester to the dates of the qualifying exam, dissertation defense, withdrawal,
or graduation. As will be discussed below, elapsed time to the exact date of the
dissertation defense or withdrawal is the measurement used in the survival analysis,
which requires, by definition, a continuous measure of time rather than a discrete measure
as provided by years or even semesters. In addition, a measurement of elapsed time to
withdrawal in days was created using start dates and the aforementioned withdrawal date.
In this sample, all students who have a dissertation defense date have graduated. In
essence, a dissertation defense is a proxy for graduation.
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The university has three starting possible semesters per year: Summer–late
May/early June; Fall–late August; and Spring–late January. The university also has three
possible graduation dates per year: Winter–mid-January; Spring–late May; and Summer–
late August.
Three usable datasets were ultimately created from the study sample based upon
the information made available with each year including three cohorts of entering
students: 1) start semesters beginning Spring 1995 through Fall 2012; 2) start semesters
beginning Spring 2000 through Fall 2012; and 3) start semesters beginning Spring 2007
through Fall 2012. Each is discussed in turn and described in Table 3 below:
1995-2012
The 1995 dataset, not used in this study, includes 1,789 students; 469 women and
1,314 men. Available information for this sample included only: academic program, date
of enrollment, date of qualifying exam (if any), date of dissertation defense (if any), date
of graduation (if any), date of withdrawal (if any), sex, race, and advisor name and sex.
2000-2012
The 2000 dataset, used in this study, includes 1,358 students; 360 women and 995
men and is a subset of the 1995 dataset. Available information for this sample included
all of the measures available for the 1995-2012 dataset plus the country of citizenship for
each student, which was entered by the student and demonstrated by documentation.
2007-2012
The 2007 dataset, also used in this study, includes 624 students; 169 women and
455 men and is a further subset of the 1995 dataset. Available information for this dataset
included all of the above measures plus the GRE scores for the verbal, quantitative, and
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analytical writing tests. Funding type for each year of study was also available only from
2007 onwards.
Table 3: Datasets with Available Variables
1995-2012 (1,789 subjects)

2000-2012 (1,358 subjects)

2007-2012 (624 subjects)

sex

sex

sex

race

race

race

academic program

academic program

academic program

start date

start date

start date

dissertation defense date

dissertation defense date

dissertation defense date

graduation date

graduation date

graduation date

withdrawal date

withdrawal date

withdrawal date

advisor sex

advisor sex

advisor sex

country of citizenship

country of citizenship
funding type
GRE quantitative score
GRE verbal score
GRE analytical writing score

B.

Data Analysis: Preliminary Goodness of Fit Analysis
Introduction to Event History Analysis
Researchers investigating the likelihood of an event occurring and the time to an

event have developed several types of event history analyses. The names of these analyses
vary by the area of study and the level of generality used in describing the analysis, as
well as by the type of mathematical analysis used. In the field of medical research, event
history analysis is broadly called survival analysis since the focus has typically been on
the time to death after some initiating occurrence such as a disease diagnosis, drug
treatment, surgery, and the like. Prior to the development of time-based analysis by Cox
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in ground-breaking work in the early 1970s, most analysis had been regression-based.
With the advent of the Cox model, most epidemiological studies have utilized and
popularized the Cox model so that the Cox model and survival studies are nearly
synonymous. In the field of economics, event history analysis has come to be known as
hazard analysis or time series analysis. In engineering, it is often known as failure time
analysis or reliability analysis which investigates the time to failure of equipment or
materials.
As will be discussed below, the Cox, and other similar models, have a requirement
that time is measured in continuous increments. When the measurement of time is not
available in continuous increments but rather in large, discrete units, Cox is not applicable
and a discrete time hazard analysis is employed, using quite different mathematical
methods (Allison, 1982). When the measurement of time is discrete, the analytical
process is similar to cross-sectional logistic regression (Singer, 1991). Since many
researchers in fields outside of epidemiology and engineering studies frequently do not
have access to continuous time data, discrete hazard analysis has become the more
prevalent model and is also occasionally loosely referred to as survival analysis in the
social sciences.
Research on student attrition and retention are typically discrete time hazard
studies because academic years or semesters are the most available measures of time.
They are “thick” measurements as opposed to “thin” measurements like day or hours
(Singer & Willet, 2003). The influential scholars in the field, Singer and Willet, first
employed event history analysis to study education in the early 1990s (Singer & Willet,
2003). Discrete time hazard analysis is now commonly used in research on attrition and
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retention in higher education (Chen & DesJardins, 2008; Ishitani, 2003; Ishitani &
DesJardins 2002; DesJardins, Ahlburg, & McCall, 1999, 2002).
The Cox model has been extended to analyze situations where the subjects will
experience one of two or more events, and this model is aptly known as a competing
events or competing risks model. In a competing events model, the occurrence of one
event removes a subject from the possibility of experiencing another different event
(Allison, 1982). Researchers have employed this model to the competing risks of
graduation and dropping out (DesJardins, Ahlburg, & McCall, 1999; Ronco, 1994).
Research using event history analysis is driven by the need to answer the questions
of whether or when events occur (Singer & Willet, 2008). Three major features of these
studies are a well-defined event, a clearly identified starting time, and a meaningful way
to measure time (Singer & Willet, 2008). The event marks the subjects’ transition from
one state to another, such as graduating from an educational program. A starting time
marks a period where every subject is in one possible state prior to the occurrence of the
event, such as enrolling in an educational program. A measure of time is a record of the
passage of time in accurate, well-defined units appropriate for the research question (Le,
1997; Singer & Willet, 2008).
Censoring
Researchers investigating “whether and when” studies encounter a unique version
of the problem of missing data known as censored data. Censoring occurs when an event
of interest does not occur during the time period when the study was being conducted
(Cleves et al, 2002; Singer & Willet, 2008).

59

Studies concerning questions that are not time-based have several options for
treating subjects with missing data such as list-wise deletion or multiple-imputation
(Treiman, 2009). In the medical research arena where survival study was born, those
techniques led to significantly mis-estimated results. For example, in a study investigating
the occurrence and time to death after a drug treatment, those subjects who survive past
the study period pose a special problem. Dropping them altogether seriously underestimates time to death since those with the longest survival times were dropped.
Imputing a death date, either to be the study end or otherwise, led to guestimates at best
(Singer & Willet, 2008). The utility of event history analysis is that it is able to incorporate
critical information from censored cases provided certain assumptions and limitations.
Censored data are categorized according to type. Left censored data are cases
where the starting time is not observed during the study period. Left censoring could be
eliminated through research design by including only subjects whose start time is
observed. Right censored data are cases where the occurrence of the event is unknown
because the event occurrence is not observed during the study. The event might be
unobserved because the subject dropped out of the study or more typically because the
event occurred after data collection ended. In medical research, right censoring due to no
observed event at study’s end is prevalent and hard to avoid.
In education studies, research design can eliminate, or at least mitigate, right
censoring by following the subjects for a long enough time because the number of
censored cases is a function of the length of study and the rate that the event occurs.
Eminent scholars suggest the length of the study should be at least until enough subjects
experience the event of interest depending on the nature of the study (Willett & Singer,

60

1991), or be sufficiently long for enough events under investigation to occur using a
common sense approach based on estimates of similar studies (Singer & Willet, 2008).
“There is no universally appropriate length of follow-up. The answer depends on the
event under study. We try to make this decision by using information about the
anticipated shape of hazard function and the probable median lifetime to apply a simple
rule of thumb: The follow-up period should be long enough for at least half the sample to
experience the target event during data collection” (Willett & Singer, 1991). In studies of
undergraduate attrition and retention, researchers frequently follow students for at least
six years (Ishitani, 2006; Ishitani & DesJardins, 2002; Chen & DesJardins, 2008;
Johnson, 2006).
In this study, the shape of the hazard function for the sample shows that 50% of
the students experienced the event by the end of the 16th semester (5.33 years). By the
end of 18th semester, 80% have experienced the event. Censored events are generated by
students who enrolled in the years 2000 through 2012 but did not graduate or withdraw
by September 2018, the time the data collection ended. The follow-up period was thus 51
semesters from the first enrollment date in 2000 and 18 semesters from the last enrollment
date in 2012.
It should be noted that the present competing events study is unlike medical
survival studies in that the subjects here do not “survive” indefinitely. The subjects here
either withdraw or graduate within a finite span of time. Also, subjects who are right
censored here are not the treasure trove of data that they are in medical studies where the
censored survivors provide necessary information.
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Censoring can also be categorized as informative or non-informative. Informative
censoring is akin to not-missing-at-random and indicates that a reason underlies why an
event was not observed. For example, a subject in a drug-abuse study might drop out
rather than be observed using illegal drugs. Non-informative censoring is akin to missingcompletely-at-random where no reason underlies an event being unobserved. Event
history analysis assumes that all censoring is non-informative and that censored cases are
representative of subjects who were observed experiencing the event (Cleves et al, 2010;
Singer & Willet, 2008).
Power Analysis for Survival Studies
Power analysis in the context of a survival study is a multi-dimensional mixture
of sample size, event occurrence, probability of event occurrence, time, proportional
hazards assumption, hazards ratio (size of effect), test-power, and significance levels. As
will be apparent in this study, the often underestimated Achilles heel of semi-parametric
analyses like Cox and the Cox-derived competing events analysis is their ability to study
effects over time without time and space defeating the proportional hazards assumption.
A Type I error, or alpha error, is rejecting the null hypothesis when it is really
true. A Type II error, or beta error, is failing to reject the null hypothesis when it is really
false. To reduce the occurrence of Type I errors, researchers test the null hypothesis at
specified alpha levels, usually .01 and .05 which means there is either a 1% or 5% chance
of rejecting the null when it is true (Agresti & Finlay, 2008).
Type II errors can be avoided by setting higher alpha levels which would lead to
a greater likelihood of rejecting the null hypothesis, but this is counter-productive for
avoiding Type I errors. Statistical power is defined as 1 – probability of a Type II error.
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Power levels typically employed are 0.80 and 0.90 which result in a 20% or 10% chance
of Type II errors (Agresti & Finlay, 2008).
The statistical software used in this study, Stata, includes a set of power analysis
estimations with three subcommands for survival studies, stpower logrank, stpower cox,
and stpower exponential that perform the necessary computations. For our study, we use
the stpower cox. The objective is to obtain the required sample size to ensure a specified
power of a two-sided test at a specified significance level to detect a specified size change
in the hazard of the one group relative to another group. This means that the command
computes the sample size given a user provided power level, hazard ratio, and failure
probability. The test accepts either a binary or continuous covariate, it can adjust for other
covariates in the model and is based on models by Schoenfeld (1983) and Hsieh & Lavori
(2000).
Prior to the availability of statistical software, power analysis involved multiple
computations governed by underlying parametric assumptions about the data (Hsieh &
Lavori, 2000), and researchers periodically provided power analysis tables for the less
demanding logistic regressions (Hsieh, 1989).
As indicated above, there are numerous factors that can influence the power of a
study. The first few factors are mechanical ways of increasing power, including alpha
level, sample size, and hazard ratio (effect size). Increasing alpha from .05 to .1 would no
doubt “boost” power but is not a viable option. Also, using a one-tailed test instead of a
two-tailed test also can boost power. In certain studies it is appropriate to test the
hypothesis with a one-tailed test when prior research has shown that the predictor variable
is expected to consistently raise, or lower, the hazard of experiencing the event. The
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advantage of one-tailed tests is that all of the power is “on one side” of the test of the
hypothesis. The disadvantage is that differences that are in the opposite direction of the
hypothesis cannot be detected. Many reviewers disapprove of the use of one-tailed tests
because it is a way to improve the appearance of significance (Stratton & Neil, 2004).
A meta-analysis of 302 meta-analyses of more than 10,000 studies found that the
average effect size discovered in the studies was small (.5 of variance in a regression
analyses) (Lipsey & Wilson, 1993). An earlier review found that the average effect size
was medium for articles in The Journal of Abnormal Psychology (Sedlmeier &
Gigerenzer, 1989). Most scholars writing on the subject state that when there is
uncertainty about the expected effect size, use the smallest practical effect (Keppel &
Wickens, 2004; Light, Singer & Willet, 1990). They routinely note that researchers are
overly optimistic about the effect sizes in their studies (Keppel & Wickens, 2004; Light,
Singer & Willet, 1990).
Here, Stata’s computations provide default specifications to estimate the required
sample size with 80% power to detect a 50% reduction in a hazard of the experimental
group by using a two-sided test as the significance level of .05, which is indicated as 1
− β= 0.8, ∆a = 0.5, α= 0.05.
Assuming a 50% change in the hazard is a rather large effect not likely to be seen
in the data. This association can be described as the relative risk (hazard ratio) of one
group experiencing the event in question relative to another group. For example, with a
.60 hazard ratio, women would have .60 of the hazard that men have of graduating, or in
other words, women have 40% lower hazard of graduating than men.
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The Stata default parameters were used as the initial power test with the addition
of a 70% probability of failure (here, graduation rate) taken from the data and is stated
as:
1 − β= 0.8, ∆a = 0.5, α= 0.05, pE=.7
The estimated sample size for Cox PH regression resulted in an estimated 66 number of
events and 94 sample size, where events are failures (graduation).
Next, the default parameters were adjusted to a .70 hazard ratio again with the
addition of a 70% probability of failure (graduation) and is stated as:
1 − β= 0.8, ∆a = 0.7, α= 0.05, pE=.7
Estimated sample size for Cox PH regression resulted in an estimated 247 number of
events and 353 sample size.
Finally, the default parameters were adjusted to a .80 hazard ratio again with the
addition of a 70% probability of failure (graduation) and is stated as:
1 − β= 0.8, ∆a = 0.8, α= 0.05, pE=.7
Estimated sample size for Cox PH regression resulted in an estimated 631 number of
events and 901 sample size.
Raising the hazard ratio to .90 raises the estimated number of events to 2,829 and
sample size to 4,041.
We can see that as the effect size diminishes (hazard ratio approaches 1) the
number of events needed to detect that effect increases. Since the number of events is a
function of the number of subjects experiencing the event (approximately 70% in our
data), the size of the sample increases as well. One would suspect that increasing the
sample size would allow for the detection of a smaller effects. As we will discover,
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however, increasing the sample size requires either enlarging the pool of subjects, who
by necessity must be drawn from additional academic programs (space), or by following
the same academic programs for a longer time so that more subjects enter the study (time).
Both paths create risk that the proportional hazards assumption will be violated.
Adding more academic programs brings the risk that the hazard curve of the added
programs will be substantially different than the curves of the other programs. Following
one set of programs for more time brings the risk that the hazard curves of the programs
change over time in divergent ways that violate the proportional hazards assumption.
Another path to increased sample size would be to replace research on smallsample graduate programs with large scale programs as might be found in survival studies
of undergraduate attrition and retention or aggregated samples of graduate programs. The
risk there is that potential covariates for programs that could account for substantive
sources of variation are dropped from the model, which would violate the no unobserved
heterogeneity assumption (Mendoza, Villarreal & Gunderson, 2014). The observed
curves may be a blended average of the curves in several disparate populations, none of
which have curves matching this blended average (Bair & Haworth, 2005).

C.

Event History Statistical Models
Survival studies have a number of statistical models from which to choose the

best fitting estimator. These models are categorized as non-parametric, parametric, semiparametric, and competing events. In addition to these models, a discrete time hazard
model, which shares some of the features of parametric models, is an option for studies
where the available measure of time is not continuous. Having reviewed these options,
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the conclusion is reached that the Cox-based, semi-parametric competing events model
for continuous time offers the best estimator of this study’s data.
Non-Parametric Models
Non-parametric models are inferential statistical methods for hypothesis testing,
which have no assumptions about the distributions of the data. Unlike parametric models
discussed below, non-parametric models do not specify the data structure but instead are
determined by the data. Non-parametric models such as the Kaplan-Meier and the
Nelson-Aalen are useful because no assumptions about the shape of the data must be
made, and survival analysis can begin with an examination of the survival and cumulative
hazard curves by “letting the data speak for itself” (Cleves et al, 2010).
The Kaplan-Meier estimator operates on the occurrence of the events, not the
censored times, and produces an estimate of the survivor function. A Kaplan-Meier
analysis calculates survival times after the start of some initiating event like surgery, drug
treatment, or enrollment in an educational program, known as time zero tₒ, and creates
one time interval for each observed event. The Kaplan-Meier estimator is typically either
produced as a life table or graphed in order to reveal the survival function for the tested
group (Singer & Willet, 2008). Stata, the statistical software used in this study, produces
life tables and graphs of the survival estimate.
The Nelson-Aalen estimator is a non-parametric estimator of the cumulative
hazard function, which the Kaplan-Meier estimator does not produce (Singer & Willet,
2008). The hazard function is the rate of failure (or experiencing the event) at a given
time assuming the subject survives up to that time. The cumulative hazard function shows
the expected cumulative hazard at any given time based on the time intervals observed
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by Kaplan-Meier starting at time zero (Singer & Willet, 2008). Like with the KaplanMeier estimate of the survival function, Stata will graph a “smoothed hazard function”
using the Nelson-Aalen estimator and include the hazard function and cumulative hazard
function in the life table.
Importantly, nonparametric models do not estimate the hazard rate directly nor do
they estimate the magnitude of the effects of covariates. The comparison of different
levels of a covariate is performed separately across all covariates in the model (Cleves et
al, 2010). Color-coded Kaplan-Meier graphs produced for each covariate by level will
illustrate the curves. The term “level” here is understood as a possible category of a
variable, and in other contexts, it is known as a “value” or as a “strata.”
Parametric
Parametric models are models that mathematically assume that the results follow
one of a family of distributions inherent in the model. Linear regression, logistic
regression, and Poisson regression are parametric models where the outcome is assumed
to follow a distribution pattern such as the normal, binomial, or Poisson distribution. A
parametric event history model assumes the results follow a known distribution such as
the exponential, the Weibull, or the log-logistic, among others. Where the data fit the
specified distribution, these models offer a simple analytical approach (Kleinbaum &
Klein, 2012).
In the exponential model, the hazard function is constant over time. The hazard
function is the rate of failure (or experiencing the event) at a given time assuming the
subject survives up to that time. It measures how likely a subject (technically an
observation) is to fail as a function of the time of the subject (Singer & Willet, 2008). The
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assumption that the hazard function is constant for each level of a covariate is a much
stronger assumption than the proportional hazards assumption of the Cox model and thus
the exponential distribution is limited in applicability (Kleinbaum & Klein, 2012).
An extension of the exponential distribution is the Weibull distribution, which
models the rate of failure as time increases. The Weibull distribution is flexible and is
used in product and equipment reliability testing. The Weibull distribution can be
parameterized as either a proportional hazards model or an accelerated failure time model,
however, the Weibull model is limited in medical studies by the fact that the hazard
function is monotonic, it can either decrease or increase, not both (Kleinbaum & Klein,
2012).
The log-logistic model is also an accelerated failure time model, which is unlike
the Weibull model because the log-logistic model can support a non-monotonic
distribution where the hazard function can increase at one time and decrease at another
time. The log-logistic accelerated failure time model is not a proportional hazards model,
but it is a proportional odds model. A proportional odds survival model assumes the
survival odds ratio remains constant over time. This is functionally equivalent to a
proportional hazard model where the hazard ratio is assumed to be proportional over time
(Kleinbaum & Klein, 2012; Singer & Willet, 2008).
Semi-Parametric Models – Cox
The Cox survival model is not a fully parametric model. Rather it is a semiparametric model because the baseline hazard function is not specified and therefore the
hazard function is not assumed to be constant over time. The Cox model does assume a
proportional hazards ratio, though. The hazard ratio is the ratio of the hazard functions of
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two different levels of a covariate. The Cox model assumes that the hazard ratio of any
two levels of a covariate is constant over time, but the hazard can vary over time
(Kleinbaum & Klein, 2012; Cleves et al, 2010; Singer & Willet, 2008).
For example, for the covariate sex, the hazard function for experiencing an event
like graduation can vary over time with the hazard being zero for the first years of a
doctoral program, but then increasing as time moves towards year five and six.
However, the ratio of the hazard functions of two different values of the covariate
sex must be proportional over time, which means the men’s hazard function remains
constantly proportional to the women’s hazard function, and vice versa.
The Cox model is a considered to be a robust model because the results from the
Cox model closely approximate the results from using the appropriate parametric model.
The Cox model also supports a non-monotonic distribution where the hazard function can
increase at one time and decrease at another time, unlike the Weibull model which is
monotonic (Kleinbaum & Klein, 2012; Cleves et al, 2010; Singer & Willet, 2008).
In event history studies, the data frequently reveal that subjects experience ties on
the time to experiencing the event in question. The Cox proportional hazards model
assumes that there are no ties despite the fact that tied event times are routinely observed
in practice. The numerous occurrence of ties cannot be handled appropriately by the Cox
model (Singer & Willet, 2008). One of the essential differences between data with
discrete time measures and continuous time measures is the prevalence of ties. With
discrete time measures such as years or semesters, ties are numerous and can be handled
appropriately (Cleves et al, 2010; Singer & Willet, 2008; Allison, 1982).
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Life tables for events in increments of years and semesters provided in this study
illustrate the number of ties. On the other hand, continuous time measures such as days,
hours, or seconds have far fewer ties, and those that do occur can be handled by
adjustments to the model (Singer & Willet, 2008).
The Cox model requires the use of one of three methods to handle event time ties,
either the exact method from Peto, 1972 and Kalbfleisch & Prentice, 1980; the Breslow
approximation from Breslow, 1974; or the Efron approximation from Efron, 1977 (Singer
& Willet, 2008). The exact method should be used since it is the most accurate, but it is
computationally intensive and can be impractical. The Breslow and Efron approximations
use simpler and faster calculations. The Efron approximation is more accurate than the
Breslow approximation (Singer & Willet, 2008). Although the Efron approximation is
considered to be the better approximation, the Breslow approximation is the default
setting in Stata, as well as SAS and R (Singer & Willet, 2008).
In Stata, the sample data can remain in the traditional person-level dataset (the
wide format) as long as only time-invariant covariates are included in the model. Using a
specialized command called stset identifies the data as survival data and creates a set of
new variables that allow Stata to run the Cox analysis as well as generate life tables and
Kaplan-Meier graphs. The command also is the first step in preparing the data for a
competing events analysis. This command is particularly useful since it enables the
researcher to avoid creating a dataset with the millions of person-period observations that
would be necessary in analyzing a continuous measurement of time like days.
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Discrete Time Hazard Model
The discrete time hazard model is an alternative to the Cox model. It employs
either a binary or multinomial logistic regression which estimates a probability of event
occurrence that approximates the hazard function discussed above (Guo, 2010; Singer &
Willet, 2008; Allison, 1982). The discrete model was developed as an alternative to the
Cox model, which was seen as the gold standard for survival analysis, when continuous
data were not available. With the discrete time hazard model, the sample needs to be
converted from a person-level dataset (the traditional wide format) to a person-period
dataset (the long format) where each subject has an observation (row) for every time
period they were at risk of the event occurrence. The regression analysis then treats each
subject’s separate observations as if each one was a unique event (Singer & Willet, 2008;
Allison, 1982).
The discrete time hazard model has advantages over the Cox model precisely
because continuous time measures are frequently not available outside of controlled
experimental settings such as those found in epidemiology and engineering (Chen &
DesJardins, 2010). The discrete time hazard model, however, has its own set of
assumptions and requirements that pose a challenge for researchers (Singer & Willet,
1993).
The discrete model has several assumptions including its own proportionality
assumptions that are equivalent to the Cox proportionality assumption, and they must be
evaluated: for each value of a predictor, there is a postulated logit hazard function; each
of these hazard functions has an identical slope; and the distance between these logit
hazard functions is identical in every time period (Singer & Willet, 1993).
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As with other regression models, the discrete time hazard model assumes that the
covariates account for all substantive sources of variation – the no unobserved
heterogeneity assumption (Kleinbaum & Klein, 2012).
There is a many decades-long debate on the relative merits of the discrete time
hazard model and the Cox model, but significant contributors in the field generally see it
as a comparable replacement for the Cox model in appropriate circumstances. Some of
the challenges for the discrete model are that its power decreases as the length of time
increases or the number of discrete periods increase because time is more nearly
continuous (Singer & Willet, 2008; Allison, 1982). Additionally, when the hazard is near
zero in some time periods because the risk of the occurrence is low or when time periods
have small numbers of subjects at risk, the mathematical modeling produces incorrect
estimates (Singer & Willet, 2008; Allison, 1982). The Cox model can handles time
periods when the risk is near zero, but it, too, breaks down if small numbers of subjects
are at risk such as when a particular covariate contains numerous levels with few subjects,
for example the raw coding of country of citizenship (Singer & Willet, 2008).
Semi-Parametric Models – Competing events
As stated above, traditional survival analysis investigates the subject’s transition
from one state to another, such as graduating from an educational program. A starting
time marks a period where every subject is in one possible state, such as enrolling in an
educational program, prior to the occurrence of the event.
A competing events survival analysis also begins with the subjects starting in one
state, however they transition to one of two or more competing states such as graduating
or withdrawing (Cleves et al, 2010; Singer & Willet, 2008). Only one of these events can
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occur, and once the event occurs, the subject is dropped from the risk set because they
are no longer at risk for experiencing the other event, or events. In a competing events
analysis, researchers must include both types of event, the time period the event happens,
and indicator variables that specifying whether and when the events have occurred
(Singer & Willet, 2008).
It is possible to employ a competing events analysis by running two traditional
Cox survival analyses, one on the main event of interest, then a second on the competing
event (Kleinbaum & Klein, 2012; Cleves et al, 2010; Singer & Willet, 2008). Most
researchers, however, conclude that running a simultaneous analysis produces superior
estimates (Kleinbaum & Klein, 2012; Cleves et al, 2010; Singer & Willet, 2008). Both
methods are possible in Stata’s set of commands, with the simultaneous analysis using
stcrreg being the most parsimonious model.
Preliminary Choice of Models
Based on the foregoing review of the models, this study will employ the semiparametric competing events analysis to investigate whether and when graduate students
enrolled in five academic programs either graduate or withdraw.
The non-parametric models will be first employed to produce graphs and life
tables to present the survival function, hazard function and cumulative hazard.
The parametric models are not appropriate because a review of the data reveal that
the hazard curve is not constant (exponential model) nor monotonic (Weibull). The
hazard function starts at zero in the early years of a program and then increases thru years
four, five, and six.
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While a Cox survival model is appropriate, a competing events model is superior
to analyze a population that can experience only one of two outcomes with no survivors.
The sample has data on the graduation and withdrawal dates for each subject. The
measurement of time to the withdrawal date is continuous, whereas the measurement of
time to graduation date is discrete and includes numerous ties since there are only three
graduation dates per year. A Cox competing events analysis would not be appropriate for
this discrete data. However, the sample also contains data on the date of each subject’s
dissertation defense or withdrawal for each subject.
Using the dissertation defense dates has the benefit of having a very “thin”
measure of time. This measure allows the study to see more fine-grained variations in
light of Tinto’s theory that would otherwise be lost in examining yearly time spells such
as studies by Lott et al., 2009; Most, 2008; and Zwick, 1991. In other studies, the loss of
detail is more pronounced given the difficulty that the discrete model has with time spells
with nearly a zero hazard rate (Singer & Willet, 2008). In a discrete time study of a public
research university, twelve semesters were reduced to four, ungeneralizable, abstract time
spells that could be worked by the model (Johnson, 2006).
In this study, the university has three graduation dates per year, which provide
very good information on time to degree by various covariates. However, even here, there
is some loss of detail. The mean time between dissertation defense dates and graduation
date is 100 days, which reflects the fact that the subjects who complete the dissertation
defense have to wait until the next institutionally determined date of graduation.
Stata is able to produce analyses of continuous time data that were not easily
available thirty years ago when the discrete-time model was being introduced to handle
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research in education studies. Stata can quickly manage data sets that are in the wide
format – the person-level data set. Once the appropriate indicator variables are created, a
simple command tells Stata to treat the data as survival data in any time interval the
researcher requires. There is no need to create a long format data set – the person period
data set. Thus, a wide format data set can be analyzed as if it contained 364.25 personperiods for every year a person was at risk (Cleves et al, 2010). A data set with 1,358
subjects taking a mean 2,123 days to degree or a mean 775 days to withdrawal would
require 2.34 million person periods.
Other benefits are that once the data has been set to survival data, the researcher
can easily generate life tables and Kaplan-Meier curves, again in any time spell required.
As discussed in Section D next, numerous tests for the proportional hazards assumption
can also be performed.
Finally, it should be noted that the discrete model was developed primarily to
study undergraduate attrition and retention where students follow a fairly uniform path to
graduation that generates discrete data. As many researchers have stated, research on
graduate programs has only grown since the early 2000’s and the number of studies pales
in comparison to studies of undergraduates. These studies have borrowed the discrete
model from the studies of the undergraduates; however, the experience of graduate
students is not the same as that of undergraduates. Graduate students follow a much more
individual path that is marked by milestones that are generated by the activity of the
student and the relationships with advisors. The dates of the qualifying exam and the
dissertation defense, as well as withdrawal, are determined on a case-by-case basis and
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present the opportunity to use a continuous measure of time to parse the resulting
variation.
Choosing the Cox-based competing events model is not the end of the goodness
of fit analysis. The proportional hazards assumption must be evaluated and addressed
prior to running the analysis.

D.

Goodness of fit Tests for Cox and Competing Events Analysis
Proportional Hazards Assumption
Both the Cox model and the competing events model require the proportional

hazards assumption which states that the hazard ratio is constant over time. The
assumption is tested for each covariate of interest. If the assumption is met, the covariate
can be included in the final model. If the assumption is not met, other steps must be taken
to address that covariate.
Three methods for evaluating the proportional hazards assumption are available,
and typically each is employed in a specified order as a way of fine-tuning the evaluation.
The methods are: 1) a graphical approach using Kaplan-Meier estimates and predicted
values; 2) a goodness of fit test using Schoenfeld residuals; and 3) an evaluation of timeinteractive terms (IDRE, 2019; Kleinbaum & Klein, 2012; Cleves et al, 2010; Singer &
Willet, 2008).
The graphical method begins with a review of the Kaplan-Meier survival curves
of each covariate that are produced in their own right as an evaluation of the data. In the
proportional assumption testing, these curves are examined to discover whether the
curves are parallel across all levels of the covariate. If the curves are parallel, this is
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evidence that the proportionality assumption is met. Curves that are not parallel
throughout time because they diverge, converge, criss-cross, or “kiss” is a suggestion that
the proportionality assumption is not met. The analysis is subjective and is merely a
starting point for further investigation (IDRE, 2019; Kleinbaum & Klein, 2012; Cleves et
al, 2010; Singer & Willet, 2008).
Another graphical approach is to compare the observed curves with predicted
survivor curves. Each covariate is analyzed separately, and covariates with multiple
layers are typically recoded to produce fewer levels. Graphing continuous data variables
such age or income is not appropriate since the graph will produce one line for each value
of the variable (Singer & Willet, 2008). Using Stata, the Kaplan-Meier curve and a curve
produced by a Cox model which forces the proportionality assumption are reproduced on
the same graph enabling a direct comparison. If the actual and predicted curves perfectly
overlay then that is evidence that the proportionality assumption is met. If they do not,
further analysis is required (Cleves et al, 2010).
These graphical approaches have obvious weaknesses because of the subjective
nature of deciding how parallel is parallel and how close is close, and scholars
recommend employing additional tests when the proportionality assumption appears to
be violated (Kleinbaum & Klein, 2012; Singer & Willet, 2008).
The second method for assessing proportionality is goodness of fit testing using
Schoenfeld residuals to identify violations. Schoenfeld residuals compare the observed
and expected predictor values for each covariate (Singer & Willet, 2008). The researcher
is able to determine the existence of a violation by either examining a graph or formal
statistical output where a p-value is provided for the tested covariate (Cleves et al, 2010).
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In the Stata estat phtest command, the proportionality of the model is tested as a whole
and for each covariate by using the detail option (Cleves et al, 2010). The null hypothesis
is that the hazards are proportional, and a finding of no significance supports the
proportional assumption (Cleves et al, 2010; Singer & Willet, 2008). A p-value of greater
than 0.05 suggests that the proportionality assumption holds, whereas a small p-value
(less than 0.05) suggests that the covariate being tested does not satisfy this assumption,
understanding that the null hypothesis is never proven with a statistical test, but only that
there is not enough evidence to reject it (Kleinbaum & Klein, 2012).
The Schoenfeld residuals can also be plotted graphically. The test of the covariates
is equivalent to testing for a non-zero slope where the residuals are related to time and a
smoothed summary is plotted. A non-zero slope (deviation of the line from horizontal) is
an indication of a violation of the proportional hazard assumption (IDRE, 2019;
Kleinbaum & Klein, 2012; Cleves et al, 2010; Singer & Willet, 2008).
The third method is to include time-interactive terms in the Cox model. These
terms are generated by creating interactions of the suspect covariates and a function of
survival time and include them in the model (IDRE, 2019; Kleinbaum & Klein, 2012;
Cleves et al, 2010; Singer & Willet, 2008). Each covariate can be tested one at a time by
assessing the proportional hazards assumption finding the significance of the interactive
term. Testing academic program, for example, the model would include the interactive
term for time and academic program in addition to the covariate academic program. If
any of the interactive terms for time are significant then those covariates are not
proportional (IDRE, 2019; Kleinbaum & Klein, 2012; Cleves et al, 2010; Singer & Willet,
2008).
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Stratification
When one of the covariates violates the proportional hazards assumption, a
potential solution is to perform a stratified Cox model for the analysis. A stratified Cox
model controls for the covariate that does not satisfy the proportional hazards assumption
by removing the offending covariate from the model and including only those covariates
that do satisfy the proportional hazards assumption in the model (Singer & Willet, 2008).
Using a stratified model produces hazard ratios for each covariate controlled for
the other covariates in the model. A major disadvantage of the stratified model is that the
covariate that is stratified does not produce a hazard ratio value for its effect controlled
by the other covariates (Singer & Willet, 2008).
A stratified model, however, has its own assumption to be evaluated. A stratified
model assumes that there is no interaction effect between the excluded, stratified
covariate and other covariates in the model. As is the case with interaction effects
generally, an interaction exists when the effect of one covariate on the dependent variable
changes as the level of a third covariate changes (Agresti & Finlay, 2008). A test is to run
separate Cox estimates of the other covariates for each level, or strata, of the offending
covariate (Singer & Willet, 2008).
If an examination of the hazard ratios for a covariate shows that the hazard ratio
is the same in each level of the separate Cox models, that indicates that the non-interaction
assumption is met. However, if the hazard ratios are substantially different, then that is
an indication that the excluded covariate interacts with the other covariate in question
(Kleinbaum & Klein, 2012; Cleves et al, 2010; Singer & Willet, 2008).
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An alternative way to test for interaction between covariates is to produce
interaction terms for each covariate. A finding of significance demonstrates interaction
(IDRE, 2019; Kleinbaum & Klein, 2012). Violation of the non-interaction assumption
requires running separate estimations by each level of the offending covariate.

E.

Delimitations and Limitations
Delimitations are limitations on the research design that have been imposed

deliberately. These delimitations usually restrict the populations to which the results of
the study can be generalized. This study is delimited to students who enrolled in a terminal
doctoral degree educational program in a level one research university in select science
and engineering programs. Students who enrolled in a master’s degree terminal program
were excluded from the sample as were students in the humanities and social sciences.
Limitations, on the other hand, refer to restrictions in the study over which the
researcher had no control. Limitations in this study were the number of programs in the
sample, which was governed by the initial agreement by the program to participate. Other
limitations were the years and types of data that were made available. Generally, data
prior to 1995 was incomplete to the extent that it was unreliable. Data on GRE scores and
funding types were not available prior to 2007; data on country of citizenship were not
available prior to 2000; and data on graduate GPA, undergraduate GPA, prior graduate
degrees, and undergraduate college were not made available.
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CHAPTER IV RESULTS

This chapter contains two major sections describing the results with each section
subdivided into four sections. Section A will present the results for the 2000-2012 dataset.
Subsection 1 of Section A will provide the descriptive statistics; subsection A.2 will
present the Kaplan-Meier estimates and life tables; subsection A.3 will provide a stepby-step review of the proportional hazards testing for the 2000-2012 dataset; and
subsection A4 will present the competing events analysis for student sex, race, country
of citizenship, advisor sex, and academic program.
Section B will present the results of the 2007-2012 dataset. Again, subsection 1
of Section B will provide the descriptive statistics; subsection B.2 will present the
Kaplan-Meier estimates; subsection B.3 will provide a step-by-step review of the
proportional hazards testing for the 2007-2012 dataset; and subsection B.4 will present
the competing events analysis for financial support and GRE scores.

A. 2000-2012
A.1 Descriptive Statistics for 2000-2012 Dataset
This section presents an extensive overview of the data in an attempt to answer
the questions in the literature about enrollment numbers and proportions, by sex, race,
and citizenship status. Graduation rates and time to degree are also described. In these
tables, time to degree is the actual days to the date of the degree, not time to the
dissertation defense as is used in the competing events analysis.
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The size of the data for 2000-2012 consists of a total of 1,358 graduate students
in the doctoral program in the following five academic programs: Aerospace Engineering,
Applied Physics, Chemistry and Chemical Biology, Mechanical Engineering and
Physics.
Table 4 Student Sex shows that in all five academic programs 361 (26.58%) are
women and 997 (73.43%) are men, for a total of 1,358 students pursuing a Ph.D.
Table 5 Academic Program shows there are 52 students (3.83%) in Aerospace
Engineering, 166 (12.22%) in Applied Physics, 523 (38.51%) in Chemistry and Chemical
Biology, 213 (15.68%) in Mechanical Engineering and 404 (29.75%) graduate students
pursuing a Ph.D.

Table 4: Frequency by Student Sex 2000-2012
Student sex
Female
Male
Total

Freq.
361
997
1,358

Percent
26.58
73.42
100

Table 5: Frequency by Academic Program 2000-2012
Academic Program
Aerospace Engineering
Applied Physics
Chemistry & Chemical Biology
Mechanical Engineering
Physics
Total

Freq.
52
166
523
213
404
1,358

Percent
3.83
12.22
38.51
15.68
29.75
100

Table 6 Advisor Sex shows that of the 1,343 graduate students who had an
advisor, there are 114 (8.49%) students with a woman faculty advisor and 1,229 (91.51%)
with a man faculty advisor in all five academic programs.
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Table 6: Frequency by Advisor Sex 2000-2012
Advisor sex
Female
Male
Total

Freq.
114
1,229
1,343

Percent
8.49
91.51
100

Table 7 Race shows the students’ background, indicating the race of U.S. citizens
listed on graduate school records. International students are all grouped together in this
variable. The variable Country of citizenship below breaks down the individual country
for all students.
Table 7: Frequency by Race 2000-2012
Race
Am. Indian
Asian
Black
Hispanic
Multicultural
Unknown
White
International
Total

Freq.
2
63
9
40
19
36
632
557
1,358

Percent
0.15
4.64
0.66
2.95
1.4
2.65
46.54
41.02
100

Table 8 shows the Enrollment Status of the graduate students shows that 978
(72.02%) completed and 346 (25.48%) withdrew.
Table 9 Country of Citizenship shows where the graduate students are coming
from. Fifty-nine percent are U.S. citizens, followed by ten percent from China and India.
Table 8: Frequency by Enrollment Status 2000-2012
Status
Deceased
Active
Completed
Leave
Withdrawn
Total

Freq.
3
27
978
4
346
1,358

Percent
0.22
1.99
72.02
0.29
25.48
100
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Table 9: Frequency by Country of Citizenship 2000-2012
Country
US
China
India
Canada
South Korea
Taiwan
Europe
Africa
Middle East
Asia other
Americas other
Australia N. Zealand
Total

Freq.
804
131
136
50
20
14
93
7
27
49
17
10
1,358

Percent
59.2
9.65
10.01
3.68
1.47
1.03
6.85
0.52
1.99
3.61
1.25
0.74
100

The next set of tables shows the frequencies, expected frequencies, row
percentage, and column percentage by the individual academic programs from 20002012.
Table 10 is broken down by sex. Of the 361 women graduate students, 8 (2.2%)
are in Aerospace Engineering, 28 (7.76%) in Applied Physics, 206 (57.06%) in Chemistry
and Chemical Biology, 47 (13.02%) in Mechanical Engineering, and 72 (19.94%) in
Physics.
Of the 997 total men graduate students, 44 (4.41%) are in Aerospace Engineering,
138 (13.84%) in Applied Physics, 317 (31.80%) in Chemistry and Chemical Biology, 166
(16.65%) in Mechanical Engineering, and 332 (33.30%) in Physics.
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Table 10: Frequency by Academic Program and Student Sex 2000-2012
Student
sex
Female

Male

Total

Key:

Aerospace App. Phy.
8
28
13.8
44.1
2.22
7.76
15.38
16.87
44
138
38.2
121.9
4.41
13.84
84.62
83.13
52
166
52
166
3.83
12.22
100
100

Academic Program
Chem. &
Mech.
Chem. Bio
Eng.
206
47
139
56.6
57.06
13.02
39.39
22.07
317
166
384
156.4
31.8
16.65
60.61
77.93
523
213
523
213
38.51
15.68
100
100

Physics
72
107.4
19.94
17.82
332
296.6
33.3
82.18
404
404
29.75
100

Total
361
361
100
26.58
997
997
100
73.42
1,358
1,358
100
100

Frequency
Expected frequency
Row percentage
Column percentage

Table 11 shows the number of graduate students who had a woman or man faculty
advisor by academic program. Of the total 51 graduate students in Aerospace
Engineering, women faculty advised 1 (0.88%) and men faculty advised 50 (4.07%).
From Table 11, of the total 165 graduate students in Applied Physics, women
faculty advised 16 (14.04%) and men faculty advised 149 (12.12%). Of the total of 515
graduate students in Chemistry and Chemical Biology, women faculty advised 39
(7.57%) and men faculty advised 476 (92.43%). Of the total of 211 graduate students in
Mechanical Engineering, women faculty advised 30 (14.22%) and men faculty advised
181 (85.78%). Of the total of 401 graduate students in Physics, women faculty advised
28 (6.98%) and men faculty advised 373 (93.02%).

86
Table 11: Frequency by Academic Program and Advisor Sex 2000-2012
Advisor
sex
Female

Male

Total

Key:

Aerospace App. Phy.
1
16
4.3
14
0.88
14.04
1.96
9.7
50
149
46.7
151
4.07
12.12
98.04
90.3
51
165
51
165
3.8
12.29
100
100

Academic Program
Chem. &
Mech.
Chem. Bio
Eng.
39
30
43.7
17.9
34.21
26.32
7.57
14.22
476
181
471.3
193.1
38.73
14.73
92.43
85.78
515
211
515
211
38.35
15.71
100
100

Physics
28
34
24.56
6.98
373
367
30.35
93.02
401
401
29.86
100

Total
114
114
100
8.49
1,229
1,229
100
91.51
1,343
1,343
100
100

Frequency
Expected frequency
Row percentage
Column percentage

Table 12 shows the total number of number of 1,358 graduate students by broken
down by race in each academic program. The total number in all five programs consists
of 2 American Indian, 63 Asian, 9 Black, 40 Hispanic, 19 Multicultural, 36 Unknown,
632 white, and 557 international.
White and international students are highly represented in all the academic
programs. However, in the twelve years of data, the number of underrepresented students
in the five programs is extremely low. The data show that Physics and Applied Physics
expected frequency of underrepresented students is not met over the years. At most they
have ten Hispanic students combined over the years. In contrast, Chemistry & Chemical
Biology, Aerospace Engineering and Mechanical Engineering have met or exceeded their
expected frequency of the number of underrepresented students. The data show
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Chemistry & Chemical Biology had the most Hispanic, Black and multicultural students,
totaling 31, as compared to the other four academic programs.

Table 12: Frequency by Academic Program and Race 2000-2012
Race
Am. Indian
Asian
Black
Hispanic
Multicultural
Unknown
White
International
Total

Aerospace App.Phy.
0
1
2
12
2
0
6
3
0
3
2
6
20
68
20
73
52
166

Academic Program
Ch.&Ch.Bio Mech. Eng.
0
1
25
14
4
2
18
6
9
5
14
4
265
88
188
93
523
213

Physics
0
10
1
7
2
10
191
183
404

Total
2
63
9
40
19
36
632
557
1,358

Table 13 shows the number of graduate students by their sex who had a woman
or man advisor. The dataset represents 74% men and 26% women graduate students.
Eight percent more than the expected frequency of women graduate students selected a
woman advisor, whereas 23% fewer than the expected frequency of men graduate
students had a woman advisor.
Table 14 shows the total number of graduate students by their sex and race for all
programs. The number of white and international women and men graduate students
meets or comes close to the expected frequency. The white and international men make
up 73% of the students compared to 26% women of those groups. There are more Black
and Asian women than the expected frequency. The Hispanic men and women students
meet the expected frequency. The Hispanic men are 75% as compared to 25 % of women
represented.
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Table 13: Frequency by Student Sex and Advisor Sex 2000-2012
Advisor sex
Female

Female
44
30.1
38.60
12.39
311
324.9
25.31
87.61
355
355
26.43
100

Male

Total

Key:

Student sex
Male
70
83.9
61.4
7.09
918
904.1
74.69
92.91
988
988
73.57
100

Total
114
114
100
8.49
1,229
1,229
100
91.51
1,343
1,343
100
100

Frequency
Expected frequency
Row percentage
Column percentage

Table 14: Frequency by Student Sex and Race 2000-2012
Race
Am. Indian
Asian
Black
Hispanic
Multicultural
Unknown
White
International
Total

Female
1
21
5
10
7
4
168
145
361

Student sex
Male
1
42
4
30
12
32
464
412
997

Total
2
63
9
40
19
36
632
557
1,358
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Table 15: Frequency by Academic Program and Country of Citizenship 2000-2012

Country
US
China
India
Canada
South Korea
Taiwan
Europe
Africa
Middle East
Asia other
Americas other
Australia N Zeal
Total

Aerospace
32
4
5
2
0
0
4

App.
Phy.
94
21
6
7
6
4
9

1
1
2
1
0
52

1
9
6
2
1
166

Academic Program
Chem. &
Mech.
Chem. Bio
Eng.
335
121
49
30
71
26
8
6
3
5
2
3
22
9
1
5
21
5
1
523

0
2
4
6
1
213

Physics
222
27
28
27
6
5
49

Total
804
131
136
50
20
14
93

4
10
16
3
7
404

7
27
49
17
10
1,358

Table 15 shows the total number of 1,358 graduate students broken down by their
country of citizenship in each academic program. The majority of the students for all five
program come from the U.S. (804), India (136), China (131), and Europe (93).
Table 16 shows the number of women and men by their country of citizenship.
The Middle East, Americas other, Europe, Australia and New Zealand have over 80%
males. The U.S, India, Canada, South Korea, Taiwan, and Asia-other have between 70 to
76 % males. The overall frequency is 73% men versus 27% women.
Table 17 shows close to 92% of white, Hispanic and international students had a
man advisor. Eleven percent of Black and multicultural females had a woman advisor.
Fourteen percent of Asian women had a woman advisor. The Hispanic and multicultural
men and women students met the expected frequency for having a man or woman advisor.
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Table 16: Frequency by Sex and Country of Citizenship 2000-2012
Country
US
China
India
Canada
South Korea
Taiwan
Europe
Africa
Middle East
Asia other
Americas other
Australia N Zealand
Total

Female
216
43
39
12
5
4
19
3
2
14
3
1
361

Student sex
Male
588
88
97
38
15
10
74
4
25
35
14
9
997

Total
804
131
136
50
20
14
93
7
27
49
17
10
1,358

Table 17: Frequency by Student Sex and Race 2000-2012
Race
Am. Indian
Asian
Black
Hispanic
Multicultural
Unknown
White
International
Total

Female
1
21
5
10
7
4
168
145
361

Student sex
Male
1
42
4
30
12
32
464
412
997

Total
2
63
9
40
19
36
632
557
1,358
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Graduation Rates and Time to Degree
Table 18 shows when we compare the five academic programs against each other
on graduation rates, Applied Physics (79%) and Physics (77%) had a greater number of
their graduate students completing their Ph.D. Mechanical Engineering (72%) was
followed by Aerospace Engineering (69%). Chemistry and Chemical Biology (66%)
having a little over half of their students completing their PhD.

Table 18: Graduation Rates by Academic Program 2000-2012
Aerospace
Applied
Chem. &
Mechanical
Engineering
Physics
Chem.Bio.
Engineering
Obs.
52
166
523
213
Percent
Grad.

0.692

0.795

0.662

0.718

Physics
404
0.770

Table 19 shows the days-to-degree completion by academic program. Mechanical
Engineering students are taking an average of 5.2 years (1902 days); Chemistry 5.5 years
(2018 days); Aerospace Engineering 5.7 years (2072 days); Physics 6.2 years (2278
days); and Applied Physics 6.3 years (2306 days).
Table 19: Days to Dissertation by Academic Program 2000-2012
Aerospace
Applied
Chem. &
Mechanical
Engineering
Physics
Chem.Bio.
Engineering
Obs.
37
132
349
154

Physics

Mean

1915.5

2199.8

1914.7

1785.2

2186.7

Std. Dev

386.9

558.9

276.8

416.8

398.5

312

The standard deviations range from 299 days for Chemistry & Chemical Biology
to a high of 574 days for Applied Physics. The standard deviation of 574 days for Applied
Physics has a minimum of 2.2 years (810 days) and a maximum of 15 years (5465 days).
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The standard deviation of 471 days for Mechanical Engineering has a minimum of 2 years
(738 days) and a maximum of 14 years (5099 days). The standard deviation of 405 days
for Physics has a minimum of 2.6 years (959 days) and a maximum of 14 years (5267
days). The standard deviation of 367 days for Aerospace Engineering has a minimum of
3.4 years (1237 days) and a maximum of 8 years (2905 days). The standard deviation of
299 days for Chemistry & Chemical Biology has a minimum of 3 years (1095 days) and
a maximum of 9.6 years (3521 days).
Table 20 shows that men students graduated at 74% and women students
graduated at 68% in all five academic programs combined.
Table 20: Graduation Rates by Student Sex 2000-2012
Females
Males
Total
Obs.

361

997

Percent
Grad.

0.679

0.735

1358

Table 21 shows that the average days to dissertation for women is 5.8 years (2119
days) compared to men at 5.8 years (2124 days), a difference of only five days. The
standard deviation for women of 356 days has a minimum of 3 years (969 days) and a
maximum of 10 years (3318 days). The standard deviation of 441 days for men has a
minimum of 2 years (659 days) and a maximum of 15 years (5308 days).
Table 21: Days to Dissertation by Student Sex 2000-2012
Females
Males
Total graduated
Obs.

247

737

Mean

2005

2124

Std.
Dev.

355.9

441.4

984

93

Table 22 shows that of the 1,343 students who had an advisor assigned to them,
75% of students with women advisors graduated, whereas 73% of students with men
advisors graduated in all five academic programs combined.

Table 22: Graduation Rates by Advisor Sex 2000-2012
Females
Males
Obs.
114
1,229
Percent
Grad.

0.746

0.727

Table 23 shows that students with women advisors had a range of 1286 to 3318
days to dissertation with a standard deviation of 363. Students with men advisors had a
range of 659 to 5308 days to graduation with a standard deviation of 427 days.

Table 23: Days to Dissertation by Advisor Sex 2000-2012
Females
Males
Obs.
86
898
Mean

2065.3

2114.5

Std. Dev.

363.3

426.6

Table 24 shows that the rates of graduating for women and men students are
significantly different whether they have a woman or man advisor. For example, in
Mechanical Engineering women students with a woman advisor have a 75% rate of
graduating, while men only have a 56% chance of graduating with a woman advisor. In
Chemistry & Chemical Biology there is only a small difference for a man student having
either a man advisor or woman advisor. For women students however, there is a 13%
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lower chance of graduation with a man advisor. In Physics, the difference for women
students is 26%.
Table 24: Graduation Rates by Advisor sex by Student sex by Academic Program,
2000-2012
Academic Program
App. Physics Ch.&Ch.Bio.

Student sex

Aerospace

Female

0.625

0.852

Male

0.721

0.790

Female

0.75

Male

0.833

Mech. En.

Physics

0.665

0.667

0.722

0.676

0.741

0.787

0.786

0.75

0.929

0.68

0.556

0.857

Advisor sex
Student sex
Female

Male
Female

0.625

0.870

0.656

0.636

0.672

Male

0.738

0.786

0.676

0.764

0.784

Table 25 shows the graduation rates by race. The highest rate of graduating is
Asians at 80%, then whites and internationals at 72%, Hispanics at 65%, Multicultural at
53%, blacks at 55% and a Native American at 5%.

Table 25: Graduation Rates by Race 2000-2012
Am.
Asian
Black
Hispanic
Indian
Obs.
2
63
9
40
Percent
Grad.

0.5

0.793

0.556

0.65

Multicultural
19

White
632

International
557

0.526

0.722

0.729

Table 26 shows the days to dissertation by race. White and international students
make up 90% of the total students earning a Ph.D. All students averaged 6 years to
graduate, except an American Indian student who took 8 years (2908 days).
Black, Hispanic, and multicultural students averaged 6 years days to dissertation,
1951, 2091, and 1943 days, respectively. White students had a mean of 2025 days to
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dissertation. International students had a mean of 2010 days to dissertation. Asian
students had a mean of 2082 days to dissertation.

Table 26 : Days to Dissertation by Race 2000-2012
Am.
Asian
Black
Hispanic
Indian
Obs.
1
51
5
26

Multicultural
10

White
458

International
409

Mean

2853

2081.98

1950.8

2090.54

1943

2025.05

2009.81

Std. Dev

.

381.57

251.35

240.04

178.76

450.88

409.66

Table 27a: Graduation Rates by Country of Citizenship 2000-2012
US
China
India
South
Korea
Obs.
804
131
136
20
Percent
Grad.

0.711

0.709

0.706

0.85

Table 27 b: Graduation Rates by Country of Citizenship 2000-2012
Canada
Europe
Australia
Americas
N Zeal
other
Obs.
50
93
10
17
Percent
Grad.

0.78

0.720

0.8

0.706

Taiwan

Asia other

14

49

0.928

0.694

Middle
East
27

Africa

0.852

0.571

7

Table 28a: Days to Dissertation by Country of Citizenship 2000-2012
US
China
India
South
Taiwan
Korea
Obs.
575
94
96
17
13

Asia other

Mean

2025.47

1964.75

1989.82

2071.24

2139.77

1986.12

Std. Dev

429.98

375.62

330.29

422.78

400.88

420.23

34
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Table 28b : Days to Dissertation by Country of Citizenship 2000-2012
Canada
Europe
Australia
Americas
Middle
N Zeal
other
East
Obs.
39
68
8
12
24

Africa

Mean

2017.82

1989.04

1843.38

1881.33

2338.92

2085.75

Std. Dev

375.31

379.52

296.69

162.35

798.52

250.78

4

The Qualifying Exam

The Qualifying Exam data for 2000-2012 show that of the 1,358 graduate students
in the dataset, 1,013 completed the Qualifying Exam. The mean time to Qualifying Exam
for all students is 1,085 days (2.95 years).
The mean time to Qualifying Exam for women is 1,008 days (2.77 years). Women
took a minimum of 494 days to a maximum of 2,916 days (7.98 years) to complete their
Qualifying Exam.
The mean time to Qualifying Exam for men is 1,092 days (3.0 years). Men took
a minimum of 167 days to a maximum of 2,845 days (7.79 years).
The mean time to Qualifying Exam for students who graduated is 1,088 days (2.98
years). Of the 1,358 graduate students in the dataset, 347 students withdrew across all
five programs. The mean time to Qualifying Exam for those who withdrew after the
Qualifying Exam is 999 days (2.74 years), showing that those who withdrew obtained
their Qualifying Exam roughly three months sooner than those who went on to graduate.
Sixty-nine percent of men withdrew and 31% of women withdrew from the
program. Interestingly, 68% of men and 32% of women withdrew after taking the
Qualifying Exam. So, even though more women withdrew than their proportion in the
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overall dataset (31% withdrawn versus 27% women), men and women took their
Qualifying Exam at their proportion of the withdrawn.
The mean time to Qualifying Exam for men who withdrew is 992 days (2.7 years),
and the mean time for women who withdrew is 1,012 days (2.8 years).

A.2 Kaplan-Meier Curves and Life Tables for 2000-2012 Dataset
The Kaplan-Meier curve (Figure 1) shows survival estimates of time to degree
date, which refers to the three possible graduation dates in any given year. As time moves
forward, the horizontal steps show each time a cohort of students graduate. Most students
(approx. 60%) graduate between 1,900 days (5.2 years) to 2,500 days (6.8 years). The
number of steps decreases as time approaches 3,333 days (9 years) to the last student in
the study completing the degree close to 5,500 days (15 years).
The Kaplan-Meier survival estimates of time to dissertation defense (Figure 2
Appendix) show days to date of dissertation defense. This curve is smoother than time to
degree date because the dissertation defense dates are scattered throughout the year. At
the start of the study (time 0), all the graduate students are enrolled in the five academic
programs and no event (dissertation defense) has taken place. As time (in days) moves
forward, the proportion of students completing their dissertation defense increases. The
curve shows most students completed their dissertation defense within 5.2 years.
The Kaplan-Meier survival estimates of time to dissertation defense by student
sex (Figure 3 Appendix) show that the curves are closely aligned. In the beginning of
time, between 1,000 to 2,000 days (2 to 5.5 years), men students complete the dissertation
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defense slightly earlier than women. At 2,000 days (5.5 years) women students edge out
men students to complete their dissertation defense.
The Kaplan-Meier survival estimates of time to dissertation defense by race
(Figure 4 Appendix) show that most completed their dissertation defense within 3,000
days (8.2 years). Underrepresented students are the earliest to complete their dissertation
defense within 2,400 days.
The Kaplan-Meier survival estimates of time to dissertation defense by advisor
sex (Figure 5 Appendix) show that the curves are closely aligned. In the beginning,
between 1,000 to 1,750 days (2.7 to 4.5 years), students with men advisors complete the
dissertation defense slightly earlier than those students with a woman advisor. At 2,200
to 2,400 days (6 to 6.5 years) students with women advisors fall slightly behind in
completing their dissertation defense.
Kaplan-Meier survival estimates of time to dissertation defense by academic
program for academic programs (Figure 6 Appendix) show Mechanical Engineering
students start off with a greater proportion of their students completing within 1,900 days
(5.2 years). Chemistry & Chemical Biology have most students complete as they
approach the 1,850 days (5 year) mark. Aerospace Engineering students are completing
within 2,082 days (5.7 years). Physics and Applied Physics students take slightly longer
time to complete.
Kaplan-Meier survival estimates of dissertation defense by country of citizenship
(Figure 7 Appendix) show that most countries follow the same general curve. The curves
show that students from the U.S., India, and China in particular have very similar curves.
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Figure 1
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Figure 2

101

Kaplan-Meir Survival Estimates of Time to Withdrawal for 2000-2012 Dataset
The Kaplan-Meir survival estimates by student sex (Figure 8 below) show
students’ risk of withdrawing by their sex. The risk of withdrawing begins to increase for
men and women as they approach 250 days. As time continues, there are slightly more
women withdrawing than men between 250 and 750 days. Beginning at 750 days, the risk
elevates for women until the last withdrawal. The men continue to withdraw over time at
a lower rate with the last withdrawal time approaching 5,300 days.
The Kaplan-Meir survival estimates by race (Figure 9 below) show graduate
students’ risk of withdrawal begins in the first 250 days. The curves show the greatest
risk of withdrawing for underrepresented students and the lowest risk for Asian students,
with the whites, internationals, and unknowns in the middle.
The Kaplan-Meir survival estimates by advisor sex (Figure 10 Appendix) show
that students having a man advisor have a higher risk of withdrawal. Students with men
advisors also start to withdraw earlier than those with women advisors. The risk of
withdrawing with a woman advisor increases between at around 750 days but then levels
out around 1,000 days.
The Kaplan-Meir survival estimates by academic program (Figure 11 Appendix)
show that Chemistry & Chemical Biology has a highest risk of withdrawals throughout
the period until Aerospace Engineering catches up at approximately 2,250 days (6 years).
Physics and Applied Physics curves are running parallel to each other, with the lowest
risk of withdrawal. Aerospace and Mechanical Engineering curves are running close to
each other over time in the middle. These results can be seen in Table 18: Graduation
Rates by Academic Program 2000-2012.
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The Kaplan-Meir survival estimates by country of citizenship (Figure 12
Appendix) show students risk of withdrawing begins within the first 250 days. Students
from Africa, Middle East and Americas have the highest rate of withdrawing within the
first 500 days and then their risk of withdrawals slightly levels off at around 500 days.
Students from Europe, Canada, Australia and New Zealand are withdrawing at a middle
rate over time. India has the highest rate of withdrawal after 500 days.
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Figure 8
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Figure 9
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Life Tables
The life table provides a summary that describes time-to-event (dissertation
defense) and the proportion surviving at each point in time. In this study, time is measured
in days to dissertation defense, so that the flow of time is continuous for each student.
This means that there are fewer ties by days versus graduation dates. Therefore, there is
less clumping in the data of students’ completion of dissertation defense.
Creating a life table using days would be close to 5,000 intervals long. Therefore,
for illustration purposes the life tables below groups the graduate students by yearly
intervals and then semester intervals of fall, spring, and summer. The loss of variation in
time-to-event using discrete time of years is evident in these tables.
The first life table, Table 29, groups the students by a yearly interval. A total of
15 time intervals appear. Note that a year where no event takes place is omitted from the
table.
This life table depicts a total of 1,358 graduate students in cohorts from 20002012 in all five academic programs who were followed until September 2018.
In survival analysis, the term death or failure is defined as the event that occurred
in the study. In this study, failure is defined as completing the dissertation defense.
The first time Interval 0-1 indicates the survival experience for graduate students
from time 0 up to the end of year 1. The column labeled Beginning total indicates the
number of students who enter the interval. Beginning total gives the number of students
at risk who have not completed the dissertation defense or were lost (withdrawn or still
enrolled). All 1,358 graduate students enter the first interval since no student has
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experienced completing the dissertation defense at the beginning of the study (Guo,
2010).
Table 29: 2000-2012 Life Table, Survival – Time to Dissertation Defense by Year Interval
Interval

Begin
Total

Defense

Lost*

Survival

Std. Error

0

90

1

0

.

.

[ 95%

Conf. Int. ]

0

1

1358

1

2

1268

2

83

0.9984

0.0012

0.9935

0.9996

2

3

1183

11

94

0.9887

0.0031

0.9806

0.9934

3

4

1078

39

48

0.9521

0.0065

0.9376

0.9633

4

5

991

267

26

0.6922

0.0144

0.6631

0.7193

5

6

698

402

2

0.293

0.0143

0.2652

0.3212

6

7

294

179

24

0.107

0.0099

0.0886

0.1273

7

8

91

53

10

0.0411

0.0068

0.0292

0.0558

8

9

28

15

3

0.0178

0.0049

0.01

0.0296

9

10

10

6

0

0.0071

0.0034

0.0026

0.0167

11

12

4

1

0

0.0053

0.003

0.0016

0.0143

13

14

3

1

0

0.0036

0.0025

0.0008

0.0119

14

15

2

2

0

0

.

.

.

* Lost includes withdrawn and right censored (enrolled at study end)

The column labeled Lost indicates the number of students who have withdrawn
or are right censored (still enrolled at the end of the study). In the first interval 0-1, there
were 90 students withdrawn or right censored. As time goes by, we see fewer students
withdrawing, especially at interval 5-6 where only 2 students withdrew. The Survival
column represents what percent of students who survived over the interval year.
Therefore, at interval 0-1, 100 percent of the students in the study have survived, not
completed the dissertation defense. By the end of interval 4-5, 69% of the original
students survive to continue in their studies. By interval 5-6, 402 students experience
completion of dissertation defense. As we continue on in time to interval 9-10, no one
has withdrawn since we have only a handful of students who are determined to continue
to complete their dissertation defense.
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Life Table 30 Time to Dissertation Defense by Semester divides time-to-event
into semesters where graduate students complete in the fall, spring or summer. There are
three semesters per year. Note that a semester where no event takes place is omitted from
the table.
The first time Interval 0-1, indicates the survival experience for graduate students
within time 0 year and up to the end of semester 1. The column labeled Beginning total
indicates the number of students who enter the interval. Beginning total gives the number
of students at risk who have not had the event. All 1,358 graduate students enter the first
interval since no student has experienced completing dissertation defense at the beginning
of the study.
The column labeled Lost indicates the number of students who have withdrawn
or are right censored (still enrolled at the end of the study). In the first set of semesters
from intervals 0-5, there were 144 students withdrawn or right censored. Unlike the life
table in years, as time goes by in semesters; we see more detail in the number of students
who continue to be lost over time.
The Survival number represents what percent of people who survived over the
semester. Between intervals semesters 0-5, 100 percent of the graduate students in the
study have survived – not experienced the event of completing dissertation defense. By
interval 15-16, 51% of the students survive as they continue on in their studies. Interval
14-16 shows the greatest number of 371 students completing their dissertation defense.
As we continue on in time by interval 25-26 (approximately 9 years) no one has
withdrawn since we have only a handful of remaining students who are determined to
continue to complete their dissertation defense.

108

Table 30: 2000-2012 Life Table, Survival – Time to Dissertation Defense by Semester Interval

Interval

Begin
Total

Defense

Lost*

Survival

Std. Error

0

1

1358

0

14

1

0

.

.

1

2

1344

0

10

1

0

.

.

2

3

1334

0

66

1

0

.

.

3

4

1268

0

26

1

0

.

.

4

5

1242

0

28

1

0

.

.

5

6

1214

2

29

0.9983

0.0012

0.9933

0.9996

6

7

1183

2

64

0.9966

0.0017

0.991

0.9987

7

8

1117

3

12

0.9939

0.0023

0.9873

0.9971

8

9

1102

6

18

0.9885

0.0032

0.9802

0.9933

9

10

1078

4

29

0.9847

0.0037

0.9755

0.9905

10

11

1045

5

11

0.98

0.0042

0.9698

0.9868

11

12

1029

30

8

0.9513

0.0066

0.9366

0.9627

12

13

991

34

13

0.9185

0.0084

0.9002

0.9335

13

14

944

48

0

0.8718

0.0104

0.8499

0.8906

14

15

896

185

13

0.6904

0.0144

0.6612

0.7177

15

16

698

186

0

0.5065

0.0157

0.4753

0.5367

16

17

512

91

1

0.4164

0.0155

0.3859

0.4465

17

18

420

125

1

0.2923

0.0143

0.2646

0.3205

18

19

294

89

23

0.2002

0.0127

0.1759

0.2256

19

20

182

37

0

0.1595

0.0117

0.1373

0.1833

20

21

145

53

1

0.101

0.0098

0.0828

0.1212

21

22

91

28

8

0.0685

0.0084

0.0533

0.0861

22

23

55

11

1

0.0547

0.0076

0.041

0.071

23

24

43

14

1

0.0367

0.0065

0.0255

0.0509

24

25

28

11

3

0.0214

0.0052

0.013

0.0334

25

26

14

2

0

0.0184

0.0049

0.0106

0.0299

26

27

12

2

0

0.0153

0.0045

0.0083

0.0262

27

28

10

4

0

0.0092

0.0036

0.004

0.0186

28

29

6

2

0

0.0061

0.003

0.0021

0.0146

35

36

4

1

0

0.0046

0.0026

0.0013

0.0125

41

42

3

1

0

0.0031

0.0021

0.0007

0.0104

42

43

2

1

0

0.0015

0.0015

0.0002

0.0082

43

44

1

1

0

0

.

.

.

* Lost includes withdrawn and right censored (enrolled at study end)

[ 95%

Conf. Int. ]
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Table 31 (Appendix) Cumulative Failure by Semester also uses intervals of three
semesters of fall, spring and summer. Time intervals 0-5 indicate that no student has
experienced the event, dissertation defense. As we approach intervals 14-16 (5 years), we
see the greatest number of students completing their dissertation defense, 185 and 186
respectively. As we continue on in time, we see by interval 18-19 (6 to 7 years) 23
students withdrew or were right censored, with 89 students completing their dissertation
defense. As we pass interval 25-26, there is an average of two students completing their
dissertation defense.
In Table 32 (Appendix) Hazard by Semester, the cumulative hazard is the rate at
which students risk experiencing the event, completing their dissertation defense. The
hazard of completing the dissertation defense increases as we approach interval 15-16 (5
to 6 years) moves from 0.05 to 0.31. The hazard of completing the dissertation defense
increases again as we approach interval 20-21 (8 years) to 0.45 and then increases again
at interval 24-25 (8 to 9 years) since there are fewer students dropping out and the
remaining students are completing their dissertation defense. As time continues, the
hazard increases by the end of the study time of intervals 42-44 (14 to 15 years) since the
last two students complete their dissertation defense.
Table 33 presents the cumulative failure and hazard ratios for time to withdrawal
by semester instead of time to dissertation defense. This table gives us more precise
information about the critical times for student withdrawal because the withdrawals are
not mixed together with the right censored data as they are in the prior life tables. The
Lost now include the right censored and the students who defended their dissertation.
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Table 33: 2000-2012 Life Table, Cumulative Failure and Hazard Ratio
Time to Withdrawal by Semester Interval
Interval

Begin
Total

Withdrawn

Lost*

Hazard
Ratio

Cum.
Failure

Std.
Error

[95% Conf. Int.]

0

1

1358

14

0

0.0104

0.0103

0.0027

0.0061

0.0173

1

2

1344

10

0

0.0075

0.0177

0.0036

0.0119

0.0263

2

3

1334

66

0

0.0507

0.0663

0.0068

0.0542

0.0809

3

4

1268

26

0

0.0207

0.0854

0.0076

0.0717

0.1016

4

5

1242

28

0

0.0228

0.106

0.0084

0.0908

0.1237

5

6

1214

29

2

0.0242

0.1274

0.009

0.1108

0.1463

6

7

1183

64

2

0.0557

0.1747

0.0103

0.1555

0.1959

7

8

1117

12

3

0.0108

0.1835

0.0105

0.1639

0.2052

8

9

1102

18

6

0.0165

0.1969

0.0108

0.1767

0.2191

9

10

1078

29

4

0.0273

0.2186

0.0112

0.1975

0.2415

10

11

1045

11

5

0.0106

0.2268

0.0114

0.2054

0.2501

11

12

1029

8

30

0.0079

0.2329

0.0115

0.2113

0.2564

12

13

991

13

34

0.0134

0.2431

0.0117

0.2211

0.267

13

14

944

0

48

0

0.2431

0.0117

0.2211

0.267

14

15

896

13

185

0.0163

0.2554

0.012

0.2328

0.2798

15

16

698

0

186

0

0.2554

0.012

0.2328

0.2798

16

17

512

1

91

0.0021

0.257

0.0121

0.2342

0.2815

17

18

420

1

125

0.0028

0.2591

0.0122

0.236

0.2839

18

19

294

3
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0.0126

0.2683

0.0132

0.2435

0.2952

19

20

182

0

37

0

0.2683

0.0132

0.2435

0.2952

20

21

145

1

53

0.0085

0.2745

0.0144

0.2474

0.304

21

22

91

0

36

0

0.2745

0.0144

0.2474

0.304

22

23

55

1

11

0.0204

0.2892

0.0203

0.2516

0.331

23

24

43

1

14

0.0282

0.3089

0.0277

0.2582

0.3668

24

25

28

0

14

0

0.3089

0.0277

0.2582

0.3668

25

26

14

0

2

0

0.3089

0.0277

0.2582

0.3668

26

27

12

0

2

0

0.3089

0.0277

0.2582

0.3668

27

28

10

0

4

0

0.3089

0.0277

0.2582

0.3668

28

29

6

0

2

0

0.3089

0.0277

0.2582

0.3668

35

36

4

0

1

0

0.3089

0.0277

0.2582

0.3668

41

42

3

0

1

0

0.3089

0.0277

0.2582

0.3668

42

43

2

0

1

0

0.3089

0.0277

0.2582

0.3668

43

44

1

0

1

0

0.3089

0.0277

0.2582

0.3668

* Lost includes graduated and right censored (enrolled at study end)

The mean time to withdrawal for those students who withdrew is 775 days. The
earliest time is 54 days and the longest is 2916 with a standard deviation of 482 days. The
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mean for women who withdrew is 760 and men is 782, which shows very little variance
by sex. Variance by race is greater with blacks withdrawing in 692 days on average and
the last one leaving by day 792, just over the total mean. International students have a
mean time to withdrawal of 712 days, whites 784 days, Asians 914 days, Hispanics 974
days, and multi-cultural 1,202 days.
The first person to leave was a man international student who left in day 54. The
first woman to leave was white and left on day 93. The last man to withdraw was also an
international student, and the last woman was white who withdrew on day 2,916.

Table 34: Days to Withdrawal 2000-2012
Obs.

346

Mean

775

Std. Dev.

482

Min

54

Max

2916

Table 35: Days to Withdrawal by Student Sex
2000-2012
Females
107

Males
239

Mean

760

782

Std. Dev.

476

486

Min

93

54

Max

2916

2794

Obs.
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Table 36: Days to Withdrawal by Race 2000-2012
Am.
Indian
1

Asian
11

Black
4

Hispanic
12

Multicultural
9

White
163

International
136

694

914

692

942

1202

784

712

.

456

84

627

596

468

478

Min

694

365

612

123

505

93

54

Max

694

1826

792

2192

2188

2916

2794

Obs.
Mean
Std. Dev

A.3 Proportional Hazards Testing for 2000-2012 Dataset
Having presented an overview of the data and having explored the Kaplan-Meier
curves as well as the life tables, the proportional hazards assumption must be tested prior
to running the competing events analysis. The proportional hazards analysis has three
steps as outlined in the Methods chapter and begins with a review of the Kaplan-Meier
curves discussed above in A.2, which are now examined for indications of violations of
the proportional hazard assumption for each covariate. The predicted values are examined
next in the graphical section. Then the formal Schoenfeld Residuals PH Test is run along
with the test of non-zero slopes. Finally, the proportional hazard assumption is tested
using time-interaction terms.
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A.3.a Graphical Methods: Kaplan-Meier 2000-2012
The Kaplan-Meier curves suggest violations when they criss-cross, converge, or
are non-parallel. The proportional hazards testing by student sex for dissertation defense
(Figure 3 Appendix) shows that the women and men students’ curves converge from the
start of time to 3,000 days (8 years). The only times the curves diverge slightly is at 2,000
days and at 2,700 days. Since the curves converge most of the time, it appears that the
proportional hazards assumption has not been met. This suggests that further
investigation is needed.
The proportional hazards testing by race for dissertation defense (Figure 4
Appendix) shows all the curves converge and criss-cross. The underrepresented students
curve diverges briefly at 1,500 days and at 2,000 days. Since the curves are mostly nonparallel, it appears that the proportional hazards assumption has not been met. This
suggests that further investigation is needed.
The proportional hazards testing by advisor sex for dissertation defense (Figure 5
Appendix) shows that the curves for graduate students who have women or men advisors
kiss and converge at various points until the final graduate student, who has a woman
advisor, approaches 3,000 days. This indicates that the proportional hazards assumption
has not been met, and further investigation is needed.
In the proportional hazards testing by academic program for dissertation defense,
(Figure 6 Appendix) shows that Mechanical and Aerospace Engineering programs curves
are parallel to each other except when they kiss at 1,000 days and 2,500 days. Applied
Physics and Physics programs curves are parallel to each other except when they kiss at
2,500 days (6.8 years). Chemistry & Chemical Biology converge and criss-cross with all
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the other curves. This indicates that the proportional hazards assumption has not been
met. This suggests that further investigation is needed.
In the proportional hazards testing by country of citizenship for dissertation
defense (Figure 7 Appendix), all the curves converge and criss-cross. This indicates that
the proportional hazards assumption has not been met and further investigation is needed.

Predicted Values
The next graphical approach is to compare the observed curves with predicted
survivor curves. Each covariate is analyzed separately. Using Stata, the Kaplan-Meier
curve and a curve produced by a Cox model, which forces the proportionality assumption,
are reproduced on the same graph enabling a direct comparison. If the actual and
predicted curves perfectly overlay then that is evidence that the proportionality
assumption is met. If they do not, further analysis is required (Cleves et al, 2010).
The curves of the actual and predicted values based on student sex (Figure 13
below) show that the curves overlap for both men and women. The minor exceptions are
the outliers are men taking up to 5,400 (15 years). It is determined that there is enough
evidence that the proportionality assumption is met for student sex.
The curves of the actual and predicted values for race (Figure 14 Appendix) show
that the curves mostly overlap, including the unknowns. Minor exceptions can be seen
with underrepresented students. It is determined that there is enough evidence that the
proportionality assumption is met for race.
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Figure 13

The curves of the actual and predicted values based on advisor sex (Figure 15
Appendix) show that the curves overlay for those students who had men advisors. The
curves mostly overlay for those students who had women advisors.
The curves of the actual and predicted values for each academic program (Figure
16 Appendix) show that the curves mostly overlay. The exceptions are minor. It is
determined that the proportional assumption is apparently met for academic programs,
contradicting the Kaplan-Meier assessment.
The curves of the actual and predicted values for country of citizenship (Figure
17 Appendix) show that the curves of most countries overlay. The exceptions are Africa,
Americas other, Middle East, Australia and New Zealand. It is determined that there is
enough evidence that the proportionality assumption is met for citizen county.
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A.3.b Schoenfeld Residuals Testing and Non-Zero Slope Graphs
Schoenfeld residuals output
The estat phtest in Table 37 shows a formal statistical output produced by Stata
to test the proportional hazards assumption. In the estat phtest command, the
proportionality of the model is tested as a whole and for each covariate by using the detail
option (Cleves et al, 2010). The null hypothesis is that the hazards are proportional, and
a finding of no significance supports the proportional assumption. A p-value of greater
than 0.05 suggests that the proportionality assumption holds, whereas a p-value less than
0.05 suggests that the covariate being tested does not satisfy this assumption.
Here the chi-square value for academic programs is 0.0032. Since this result is
significant at the 0.05 level, we reject the null hypothesis. In the 2000-2012 data, this
indicates that academic program violates the proportional hazards assumption. The other
covariates are greater than 0.05, so we fail to reject the null.

Table 37: Test of proportional-hazards assumption
Time: Time 2000 to 2012
---------------------------------------------------------------|
rho
chi2
df
Prob>chi2
--------------------------------------------------------------stusex
-0.01803
0.32
1
0.5711
acadprog
0.10482
8.71
1
0.0032
race
-0.02226
0.51
1
0.4754
advisex
-0.03305
1.08
1
0.2993
country -0.00971
0.10
1
0.7564
------------+--------------------------------------------------global test
11.58
5
0.0411
----------------------------------------------------------------
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Non-Zero-slopes
The Schoenfeld residuals are plotted to test each covariate. The residuals show
the difference between the observed covariate and the expected value at a given time. The
sum of the Schoenfeld residuals is zero. A non-zero slope (deviation of the line from
horizontal) indicates a violation of the proportional hazards assumption.
The Schoenfeld residual plot for graduate student sex (Figure 18 below) shows a
mostly a 0 slope. We can say for student sex the proportional hazard assumption is
adequately satisfied.

Figure 18

The Schoenfeld residual plot for graduate students’ race (Figure 19 Appendix)
shows the impact of race as a function of time is a fairly flat slope. As time continues
from 2,000 days the line is flat, therefore we can say race does not violate the proportional
hazard assumption.
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The Schoenfeld residual plot for students based on the sex of their advisor (Figure
20 Appendix) shows a fairly flat slope. The line is flat between 1,850 to 2,700 days. We
can say for advisor sex the proportional hazard assumption is adequate.
The Schoenfeld residual plot for all five academic programs (Figure 21) shows
the impact of academic programs as a function of time violates the proportional hazard
assumption since it has a non-zero slope. Figure 21 shows the plot for academic programs
is not parallel to the y slope. The two lines are criss-crossing over time. In addition, Table
37 showed the interaction of academic program by time is significant at the 0.05 level at
0.0032.

Figure 21

119

The Schoenfeld residual plot for graduate students by their country of citizenship
(Figure 22 Appendix) shows the impact of citizenship as a function of time is flat. Country
of citizenship does not violate the proportional hazard assumption.

A.3.c Interaction Terms – time with suspect covariates
TVC- Time Interaction
Stata output for time interaction terms is not shown. The p value for the time
interaction term for academic programs is 0.009. Since p < 0.05, the result for academic
programs is significant and therefore violates the non-proportionality assumption. This is
also indicated in the Kaplan-Meier curves (Figure 6 Appendix) and y slopes (Figure 21
above) for academic programs.
The p value for the time interaction for student sex is 0.564. Since p > 0.05, the
result for student sex is not significant and therefore does not violate the nonproportionality assumption. This is also indicated in the Kaplan-Meier curves (Figure 3
Appendix) and y slopes (Figure 18 above) for student sex.
The p value for the time interaction for race is 0.519. Since p > 0.05, the result for
student race is not significant and therefore does not violate the non-proportionality
assumption. This also indicated in the Kaplan-Meier (Figure 4 Appendix) curves and y
slopes (Figure 19 Appendix) for race.
The p value for the time interaction for advisor sex is 0.156. Since p > 0.05, the
result for advisor sex is not significant and therefore does not violate the nonproportionality assumption. This is also indicated in the Kaplan Meir curves (Figure 5
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Appendix) and y slopes (Figure 20 Appendix) for advisor sex. This means that having a
man or woman advisor does not affect the time to degree.
The p value for the time interaction for country of citizenship is 0.595 Since p >
0.05, the result for country of citizenship is not significant and therefore does not violate
the non-proportionality assumption. This is also indicated in the Kaplan-Meier curves
(Figure 7 Appendix) and y (Figure 22 Appendix) slopes for country of citizenship.

Proportional Hazards Conclusion
It is clear from the proportional hazards testing (Kaplan-Meier, Predicted Values,
Schoenfeld Residuals, y-slopes, and the Time Interaction Terms) that only the covariate
academic program violates the assumption of proportionality. This means that the ratio
of the hazards for academic programs is not constant over time. The solution proposed in
the literature is to then perform the competing events analysis using a stratification
procedure (Singer & Willet, 2008). This means taking the offending covariate, academic
programs, out of the equation. The stratification procedure has its own requirement that
the offending covariate not interact with another covariate in the model. However, as will
be seen in the following section where the output is presented, academic program does
indeed interact with the other covariates, making the use of a stratified procedure
unavailable. A solution to that occurrence is to run the analysis by each level, or strata,
of academic program separately and reading the resulting hazard ratios separately for
each academic program (Singer & Willet, 2008).
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A.4 Competing Events Analysis for 2000-2012
Since academic program was the offending covariate, a test for each level of the
stratified covariate is individually run: first controlling for race, student sex and advisor
sex, and then controlling for country of citizenship, student sex, and advisor sex,
Table 38 shows the hazard ratio (or relative risk) of graduating by academic
program controlling for student sex, advisor sex, and race. As can be seen by an
examination of the hazard ratios, the ratios are different for sex, advisor sex, and race in
almost every different program of study, indicating interaction effects. Further testing of
interaction terms, output not shown, showed significant interaction between academic
program and other covariates, which makes a stratification model unavailable (Singer &
Willet, 2008).
Looking at Table 38, in Physics controlling for advisor sex and race, men are 33%
more likely than women to graduate, and this result is significant at the .05 level. In
Aerospace Engineering, men are 16% less likely to graduate than women, but this result
is not significant. In Applied Physics and Chemistry & Chemical Biology, women and
men are equally likely to graduate, but this is not significant.
While controlling for student sex and advisor sex, in Aerospace Engineering
underrepresented minority students are 63% less likely to graduate than whites (100% 36.9%), the comparison group. In Mechanical Engineering, they are 58.8% less likely to
graduate than whites (100% - 41.2%). These results are significant at the 0.05 level. In
Aerospace and Chemistry & Chemical Biology, international students are less likely to
graduate than whites. These results are not significant.
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Table 38: Hazard Ratios by Academic Program, controlling for Student sex, Advisor
sex, Race, 2000 – 2012, Competing Events Analysis
Aerospace

App. Phy.

Ch.&Ch.Bio.

Mech. En.

Physics

0.839

0.933

0.994

1.297

1.334*

146ⁿ

0.919

0.923

1.395

0.909

URM

0.369*

0.636

1.043

Asian

1.305

0.852

1.013

1.584

0.969

International

0.495

1.262

0.756

1.333

1.212

Student sex
Male
Advisor sex
Male
Race
.412*

0.779

* significant at the .05 level
n – too few subjects to generate hazard ratio
Reference categories are Student sex, female; Advisor sex, female; Race, white

Table 39 shows the hazard ratio (or relative risk) of graduating by academic
program controlling for student sex, advisor sex and country of citizenship. In Applied
Physics while controlling for student sex and advisor sex, the graduation rate of students
from Asia-other is two times more likely than U.S. students, the comparison group.
However, in Chemistry & Chemical Biology, the graduation rate of students from Asiaother is 40% less (100% - 59.9%) than U.S. students. These results are significant at the
0.05 level.
In Applied Physics, the hazard ratio of graduating is also 78% higher for students
from Europe, Canada, Australia and New Zealand. In Aerospace Engineering, students
from India are 63% less likely than U.S. students to graduate. These results are not
significant.
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Table 39: Hazard Ratios by Academic Program, controlling for Student sex, Advisor
sex, Country of citizenship, 2000 – 2012, Competing Events Analysis
Aerospace

App. Phy.

Ch.&Ch.Bio.

Mech. En.

Physics

1.583

1.023

0.997

1.280

1.329*

6.98ⁿ

0.808

0.938

1.349

0.910

China

1.325

1.333

0.905

1.309

0.888

India

0.374

0.936

0.771

1.348

1.414

Eur Can Austr NZeal

0.704

1.781

0.604

1.502

1.338

Africa MidEast Amers

0.795

0.974

0.833

1.464

1.391

Asia other

0.643

2.501*

0.599*

1.679

1.197

Student sex
Male
Advisor sex
Male
Country

* significant at the .05 level
n – too few subjects to generate hazard ratio
Reference categories are Student sex, female; Advisor sex, female; Country, US

Moving to a test of the theory that the sex of a student’s advisor affects graduation
rates, the hazards are generated for women students (Table 40) and men students (Table
41) separately. Table 40 shows the hazard ratio (or relative risk) of graduating by
academic program for women students controlling for race. The literature suggested the
effect of advisor sex was significant and was different for men and women students, the
results here are statistically insignificant in all but one program.
In Applied Physics, women students who have a man advisor are 4.6% more likely
to graduate than women students with women advisors. In contrast, women who have a
man advisor in Chemistry & Chemical Biology, Mechanical Engineering, and Physics
graduate at lower rates than those with women advisors, but none of these results are
significant.
Women underrepresented minority students are 56% less (100% - 44.1%) likely
to graduate than white women in Applied Physics. Asian women are 89% more likely
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than white women to graduate in Mechanical Engineering. These results are significant
at the 0.05 level and track the significant results found in Table 38.
Table 40: Hazard ratios for Advisor sex for Female Students by Academic Program
controlling for Race, 2000-2012, Competing Events Analysis
Aerospace

App. Phy.

Ch.&Ch.Bio.

Mech. En.

Physics

1ⁿ

1.046

.659

.522

.708

URM

2.01ⁿ

.441*

1.135

.3913

.369

Asian

ⁿ

1.183

.787

2.886*

.877

.910

.789

1.961

1.436

Advisor sex
Male
Race

International

.638

* significant at the .05 level
n – too few subjects to generate hazard ratio
Reference categories are Advisor sex, female; Race, White

Table 41 shows the hazard ratio (or relative risk) of graduating by academic
program for men students controlling for race. In Mechanical Engineering, men students
are twice as likely to graduate with a man advisor as with a woman advisor. This result is
significant at the 0.05 level. In contrast, men who have a man advisor in Applied Physics
graduate at a lower rate than those with women advisors, but this result is not significant.
Table 41: Hazard ratios for Advisor sex for Male Students by Academic Program
controlling for Race, 2000-2012, Competing Events Analysis
Aerospace

App. Phy.

Ch.&Ch.Bio.

Mech. En.

Physics

423ⁿ

0.863

1.132

2.029*

1.138

URM

0.410

0.634

1.016

0.4073

1.013

Asian

1.496

0.763

1.185

1.379

0.990

International

0.492

1.343

0.722*

1.283

1.162

Advisor sex
Male
Race

* significant at the .05 level
n – too few subjects to generate hazard ratio
Reference categories are Advisor sex, female; Race, White
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When looking at race, while controlling for advisor sex, international men are
28% less likely than white men to graduate in Chemistry & Chemical Biology. These
results are significant at the .05 level. The international men are doing better than U.S.
citizens in Applied Physics, Physics, and Mechanical Engineering. These results however
are not significant.
The lack of statistically significant results can be seen in the Kaplan-Meier curves
for advisor sex in Figure 5 depicted in the Appendix at page 162. The curves for men and
women advisors are nearly identical, indicating that there is little variance in graduation
rates or time to dissertation defense to be explained. The curves diverge between 2200
and 2500 days meaning that students with women advisors are talking a little longer to
complete during this time. However, these students are outliers with the great majority of
students having reached their dissertation defense prior to this time.
We now move from the 2000-2012 dataset to the 2007-2012 dataset. In section B,
the analysis takes advantage of data available for funding types and GRE quantitative,
verbal, and analytical writing scores. Section B will go through the same steps as Section
A to describe the results.

B. 2007-2012 Dataset
B.1 Descriptive Statistics for 2007-2012 Dataset on Funding and GRE scores
Since the descriptive statistics for sex, race, advisor sex, and country of citizenship
were covered extensively in section A.1 above, this section concentrates on the additional
data for GRE scores and financial support. However, for a comparison, frequency tables
for sex and race are presented in the Appendix. Frequency for sex shows that women
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went from 26.58% in 2000-2012 to 26.8% in 2007-2012, which indicates essentially no
change from the larger dataset. Frequency for race shows very small changes. Hispanics
went from 2.95% to 3.43%, Asians from 4.64% to 6.21% and internationals went down
from 41% to 39%.
Table 42 shows the majority of students in the sample have RA-mostly funding
with 48% (300) of the students out of the total 624 students. TA-mostly and Fellowshipmostly came next with 21% (131) and 14% (90), respectively.
Table 42: Primary financial support 2007-2012
Financial support

Frequency

Percent

RA-mostly

300

48.08

TA-mostly

131

20.99

Fell-mostly

90

14.42

TA RA tie

34

5.45

RA Fell tie

25

4.01

TA Fell tie

23

3.69

9

1.44

612

100

TA RA Fell tie
Total

Tables 43 to 45 present median GRE scores for the quantitative, verbal, and
analytical writing tests for the 2007 dataset by sex and by race.

Table 43: GRE scores, 2007-2012

Mean

Quantitative
162.3

Verbal
158.3

Analytical writing
4.34

Std. Dev.

5.09

6.73

0.75

Min

144

131

2

Max

170

170

6
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Table 44: GRE scores by Sex, 2007-2012

Male

Quantitative
162.82

Verbal
158.54

Analytical writing
4.36

Female

160.78

157.63

4.29

Table 45: GRE scores by Race, 2007-2012
Quantitative

Verbal

Asian

162.69

157.34

Analytical
writing
4.45

Black

152.33

154.67

4.67

Hispanic

158.47

154.74

4.31

Multicultural 162.38

156.0

4.27

White

161.11

159.32

4.57

International

164.07

157.0

4.05

Table 46 for financial support by student sex shows that 51% of men students
received RA-mostly support and women received 39%. Twenty-one percent of men
received TA-mostly and women received 20%.
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Table 46: Financial Support by Student sex 2007-2012
Financial support

Female

Male

Total

66

234

300

81.3

218.8

300

RA-mostly

22

78.00

100

39.05

51.43

48.08

34

97

131

35.5

95.5

131

25.95

74.05

100

20.12

21.32

20.99

34

56

90

24.4

65.6

90

37.78

62.22

100

20.12

12.31

14.42

10

24

34

9.2

24.8

34

29.41

70.59

100

5.92

5.27

5.45

7

18

25

6.8

18.2

25

28

72.00

100

4.14

3.96

4.01

12

11

23

6.2

16.8

23

52.17

47.83

100

7.1

2.42

3.69

1

8

9

2.4

6.6

9

11.11

88.89

100

0.59

1.76

1.44

TA-mostly

Fell-mostly

TA RA tie

RA Fell tie

TA Fell tie

TA RA Fell tie

None

Total

Key:

5

7

12

3.3

8.8

12

41.67

58.33

100

2.96

1.54

1.92

169

455

624

169

455.0

624

27.08

72.92

100

100

100.00

100

Frequency
Expected frequency
Row percentage
Column percentage
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Table 47 shows the type of financial support by race for graduate students in all
five academic programs. International students, who are 39% of the 2007-2012 sample,
received 48% of RA-mostly support. They received far fewer support packages that
included Fellowships than their proportion in the sample. For example, they received 11
of the 90 Fellowship-mostly, not the expected frequency of 35. The few black and
Hispanic students received Fellowships-mostly support more frequently than the other
groups. They received 20% of this support while constituting 4.25% of the sample.

Table 47: Frequency Financial Support by Race 2007-2012
RAmostly

TAmostly

Fellmostly

TA RA
tie

RA Fell
tie

TA Fell
tie

TA RA
Fell tie

Asian

20

3

8

0

2

5

0

Black

0

1

4

0

0

0

0

Hispanic

2

3

13

1

2

0

0

Multicultural

7

1

4

2

1

0

2

Unknown

3

3

3

0

1

2

0

White

123

62

47

16

14

14

5

International

145

58

11

15

5

2

2

Total

300

131

90

34

35

23

9

Race

Table 48 below, Financial Support by Academic Program, shows Chemistry &
Chemical Biology graduate students had 65% of TA/Fellowship ties, with an expected
frequency of 39%. Mechanical Engineering had 44% of TA/RA/Fellowship ties with an
expected frequency of 16%. Aerospace Engineering had 13% of Fellowship-mostly with
an expected frequency of 4%.
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Table 48: Frequency Financial Support by Academic Program, 2007-2012
RAmostly

TAmostly

Fellmostly

TA RA
tie

RA Fell
tie

TA Fell
tie

TA RA
Fell tie

Aerospace

9

2

12

1

0

2

0

App. Phys.

48

3

9

2

3

1

0

105

69

22

12

9

15

2

Mech. En.

60

15

24

10

1

3

4

Physics

78

78

23

9

1

2

3

300

131

90

34

35

23

9

Program

Ch.&Ch.Bio

Total

Graduation Rates and Time to Dissertation by covariates
Tables 49 to 56 show graduation rates and time to dissertation by select covariates.
Tables 49 to 51 show graduation rates, time to degree, and time to dissertation by
financial support. Fifty-one percent of students with TA-mostly funding graduate,
whereas 100% of students with TA/RA/Fellowship tie graduate. Students with
TA/Fellowship tie complete their dissertation defense the earliest at a mean of 1848 days.
Table 52 shows the mean days to withdrawal by primary source of financial
support. The mean time to withdrawal for all sources is 845 days. Students with RAmostly funding withdraw in a mean of 899 days and those with TA-mostly withdrew in a
mean of 749 days.
Table 53 for graduation rates by primary source of financial support by sex
indicates mixed results. Overall, RA-mostly packages have consistently high graduation
rates, and TA-mostly have consistently low rates. All students with a TA/RA/Fellowship
tie graduated, regardless of sex, race, or country.
The table shows that when we compare graduation rates based on the financial
support by student sex, 94% of the men who had RA/Fellowship ties graduated, whereas
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43% of the women who had TA/Fellowship ties graduated. Women with TA/Fellowship
ties are graduating at 83%, whereas men with the same financial support are graduating
at 64%. Women with a TA/RA tie are graduating at 70%, whereas men with the same
financial support are graduating at 58%.
Table 54 shows the graduation rates by financial support by race. The support
package with the lowest graduation rate is TA-mostly, showing internationals at 57%,
whites at 48%, Asians at 33%, and Hispanics at 33%. Black and multicultural students,
however, graduate at 100% with TA-mostly.
Asian students with Fellowship-mostly graduate at a 100% rate. However, black,
Hispanic, multicultural, and white students with Fellowship-mostly graduate at 55% on
average. Hispanic students with a RA-mostly, TA/RA tie or RA/Fellowship graduate at
100%.
Table 55 for graduation rates by country of citizenship by financial package again
shows overall that RA-mostly packages have consistently high graduation rates and TAmostly have consistently low rates. For example, students from Europe, Canada,
Australia, and New Zealand graduated at a rate of 85%. U.S. students graduated at 84%.
Students with TA-mostly from the U.S., China, and India graduated at 50% or below.
U.S. students who had Fellowship-mostly graduated at a rate of 62%, whereas
students from India, Asia-other, and Africa/Middle East/Americas graduated at 100%.
Table 56 shows the graduation rates for international students by GRE scores in
quantitative, verbal and analytical writing. Students with generally higher quantitative
scores are graduating at a slightly higher rate. For example, students from China with
quantitative scores ranging from 161-170 are twice as likely to graduate as those that
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scored 151-160. Students from Africa, Middle East, and the Americas were more likely
to graduate with quantitative scores from 161-170 than those with scores 151-160.
Overall, lower verbal scores are associated with higher graduation rates. For
example, students from the U.S, China, and India are graduating at higher rates, 75% to
100%, at the lower score range of 141-150 compared to lower rates, 57% to 88%, for
those who scored from 161-170.
In analytical writing, the overall pattern is mixed. For example, U.S. students are
graduating across the spectrum of writing scores at an average rate of 74%, with the
highest rate, 78%, at the lowest score of 2-3.
The students from Asia-other are graduating at higher rates, 70% to 100%, in all
three areas of the GRE, which is largely due to the Taiwanese students who graduate at
more than 90%.
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Table 49: Graduation Rates in Percent by Primary Source of Financial Support, 2007-2012
Graduation Rate
RA mostly

TA-mostly

Fell mostly

TA RA tie

RA Fell tie

TA Fell tie

TA RA Fell tie

0.81

0.51

0.64

0.62

0.80

0.74

1.00

Table 50: Mean Days to Degree by Primary Source of Financial Support, 2007-2012
Days to Degree
RA mostly

TA mostly

Fell mostly

TA RA tie

RA Fell tie

TA Fell tie

TA RA Fell tie

2096

2037

2107

2000

2114

1968

2098

Min

738

1375

1727

1328

1733

1610

1974

Max

3409

2630

3074

2541

2628

2546

2180

377

261

279

319

276

209

85

Mean

Std. Dev.
Total Mean

2079

Table 51: Mean Days to Dissertation by Primary Source of Financial Support, 2007-2012
Days to Dissertation
RA mostly

TA mostly

Fell mostly

TA RA tie

RA Fell tie

TA Fell tie

TA RA Fell tie

2003

1938

2011

1906

2040

1848

1997

Min

659

1187

1565

1274

1666

1570

1919

Max

3334

2550

3033

2508

2589

2158

2132

371

258

279

318

277

142

72

Mean

Std. Dev.
Total Mean

1985
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Table 52: Mean Days to Withdrawal by Primary Source of Financial Support, 2007-2012
Days to Withdrawal
RA mostly

TA mostly

Fell mostly

TA RA tie

RA Fell tie

TA Fell tie

TA RA Fell tie

Mean

899

749

888

1041

736

857

0

Min

365

113

126

505

731

649

0

Max

1826

2538

2192

2192

742

1572

0

Std. Dev.

568

464

553

569

8

352

0

Total Mean

845

Table 53: Graduation Rates in Percent by Primary Source of Financial Support by Sex, 2007-2012
Student
sex

Graduation Rate
RA mostly

TA-mostly

Fell mostly

TA RA tie

RA Fell tie

TA Fell tie

TA RA Fell tie

Female

0.74

0.56

0.71

0.70

0.43

0.83

1.00

Male

0.83

0.49

0.61

0.58

0.94

0.64

1.00

Table 54: Graduation Rates in Percent by Primary Source of Financial Support by Race, 2007-2012
Graduation Rate
Race
Asian

RA mostly

TA-mostly

Fell mostly

0.70

0.33

100

Black

TA RA tie

RA Fell tie

TA Fell tie

1.00

0.60

TA RA Fell tie

1.00

0.50

Hispanic

1.00

0.33

0.54

Multicultural

0.71

1.00

0.50

Unknown

1.00

white

0.86

0.48

0.64

0.62

0.93

0.86

1.00

International

0.78

0.57

0.82

0.67

0.40

1.00

1.00

1.00

1.00
1.00
1.00
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Table 55: Graduation Rates in Percent by Primary Source of Financial Support by Country, 2007-2012
Graduation Rate
Country

RA mostly

TA mostly

Fell mostly

TA RA tie

RA Fell tie

TA Fell tie

TA RA Fell tie

US

0.84

0.47

.62

0.58

0.86

0.71

1.00

China

0.73

0.37

India

0.77

0.50

1.00

0.50

1.00

.100

Eur Can Austr NZeal

0.85

0.79

.80

0.50

1.00

Africa MidEast Amers

0.78

0.60

1.00

1.00

Asia other

0.78

0.67

1.00

1.00

0.75
0.67

1.00

Table 56: Graduation Rates in Percent by GRE Quantitative, Verbal, Analytical Writing Scores by Country, 2007-2012
Country

Quantitative Scores

Verbal Scores

Analytical Writing Scores

141-150

151-160

161-170

131-140

141-150

151-160

161-170

2-3

3.25-4

4.25-5

5.25-6

0.63

0.74

0.71

0.80

0.83

0.73

0.68

0.78

0.69

0.71

0.77

0.33

0.65

0.75

0.63

0.57

0.50

0.69

0.69

0.60

0.79

100

0.61

0.88

0.83

0.79

0.74

1.00

Eur Can Austr NZeal

0.78

0.75

0.62

0.89

0.73

0.87

0.75

.75

Africa MidEast Amers

0.50

0.75

100

0.50

0.75

1.00

0.71

0.50

100

0.82

0.78

0.90

0.80

0.70

1.00

0.75

US
China
India

Asia other

1.00

1.00

1.00

1.00
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B.2 Kaplan-Meier Curves for 2007-2012 dataset

Kaplan-Meier curves are shown in Figures 23 to 26 in the Appendix. They are
first reviewed to explore the contours of time to dissertation defense by various
covariates. Later they will be examined for proportional hazards testing.
Kaplan-Meier survival estimates of time to dissertation defense for 2007-2012
(not shown) to indicate that at the start of the study (time 0), all the graduate students are
enrolled in the five academic programs and no event (graduation) has taken place. As
time (in days) moves forward, the proportion of students completing their dissertation
defense increases. As time moves forward, the curve shows 50% of the students
completed their dissertation defense by 2,000 days (5.5 years) and the last graduate
student to complete their dissertation defense is about 3,300 days (9 years).
Kaplan-Meier survival estimates of time to dissertation defense by student sex
(Figure 23 Appendix) are very similar to the 2000-2012 data. In this data set, the survivor
curves for men and women are closely intertwined over time. In the beginning of time,
between 1,000 to 1,500 days (2 to 4.8 years), men complete their dissertation defense at
a slightly higher rate than women, and then the curves are nearly identical.
Kaplan-Meier survival estimates of time to dissertation defense by race (Figure
24 Appendix) show that the underrepresented curve is the furthest out at the beginning of
analysis time as compared to the other races, which means the other groups start
completing their dissertation defense earlier. As all the other races approach 2,000 days
(5.5 years), the underrepresented students catch up and complete the dissertation defense.
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Asian, white, and international students are completing their dissertation defense at a
similar rate over time.
Kaplan-Meier survival estimates of time to dissertation defense (Figure 25
Appendix) for each of the five academic programs show that the curves for all five
academic programs have moved slightly further apart than the 2000-2012 graph. As time
(in days) goes on, the curves show Mechanical Engineering start off with a greater
proportion of their students completing earlier. Aerospace Engineering curve runs parallel
to Mechanical Engineering in the beginning of time, then crosses.
In the midst of the curves, the Chemistry & Chemical Biology curve cuts through
all the programs, until Chemistry & Chemical Biology curve meets Mechanical
Engineering at 1,900 days (5.2 years). Applied Physics and Physics curves are the furthest
away from the other three programs and the curves are running very close together.
Kaplan-Meier survival estimates of time to dissertation defense by financial
support (Figure 26 Appendix) show that the majority complete their dissertation defense
between 1,750 to 2,250 days (4 to 6 years). At the beginning of time, the students with
RA-mostly, TA-mostly and TA/RA tie are completing their dissertation defense earlier,
within 1,750 days (4 years). The students with all funding packages except
TA/Fellowship tie and TA/RA/Fellowship tie follow a fairly similar curve.

B.3. Proportional Hazards Testing for 2007-2012 Dataset
Having presented an overview of the data and having explored the Kaplan-Meier
curves, the proportional hazards assumption must be tested prior to running the competing
events analysis as was done for the 2000-2012 dataset. Again the proportional hazards
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analysis has three steps as outlined in the Methods chapter and begins with a review of
the Kaplan-Meier curves discussed above in B.2, which are now examined for indications
of violations of the proportional hazard assumption for each covariate. The predicted
values are examined next in the graphical section. Then the formal Schoenfeld Residuals
PH Test is run along with the test of non-zero slopes. Finally, a test of time-interaction
terms is conducted.

B.3.a Graphical Methods: Kaplan-Meier Curves
Proportional hazards assumption testing by students’ sex (Figure 23 Appendix)
shows that the curves kiss and criss-cross. The females diverge from the males from 2,200
to 3,000 days. This indicates that the proportional hazards assumption has not been met.
This suggests that further investigation is needed.
The proportional hazards testing by race (Figure 24 Appendix) shows all the
curves converge as they approach 2,000 days. The underrepresented students curve
diverges slightly at 1,200 days and at 2,100 days. This suggests that the proportional
hazards assumption has not been met and further investigation is needed.
The proportional hazards testing by advisor sex (not shown) indicates that the
curves for women and men advisors kiss and converge until the final graduate student
with a women advisor approaches 3,000 days. The curves diverge as the students with a
women advisor reach between 2,250 to 3,000 days. This indicates that the proportional
hazards assumption has not been met. This suggests that further investigation is needed.
In the proportional hazards testing by academic program (Figure 25 Appendix),
the Mechanical Engineering curve is running parallel to Applied Physics and Physics.
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Mechanical and Aerospace Engineering programs curves are running parallel to each
other until they begin to converge at 2,100 days. Applied Physics and Physics kiss at the
beginning of the study time and criss-cross at 2,200 days. Chemistry & Chemical Biology
curve is running mostly parallel to Physics, but Chemistry & Chemical Biology
crisscrosses the other programs. This indicates that the proportional hazards assumption
has not been met and further investigation is needed.
In the proportional hazards testing by country of citizenship, all the curves are
criss-crossing and converging closely. This indicates that the proportional hazards
assumption has not been met. This suggests that further investigation is needed.
In the proportional hazards testing by financial support (Figure 26 Appendix), the
students with RA-mostly are criss-crossing all the other curves. The students with RA
mostly, TA-mostly and RA/Fellowship tie are converging at 1,800 days (5 years).
Students with TA-mostly and TA/RA tie are criss-crossing and converging. This indicates
that the proportional hazards assumption has not been met and further investigation is
needed.
Predicted Values Testing
The next graphical approach is to compare the observed curves with predicted
survivor curves. Each covariate is analyzed separately. The Kaplan-Meier curve and a
curve produced by a Cox model, which forces the proportionality assumption, are
reproduced on the same graph enabling a direct comparison. If the actual and predicted
curves perfectly overlay then that is evidence that the proportionality assumption is met.
If they do not, further analysis is required (Kleinbaum & Klein, 2012; Cleves et al, 2010).
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The predicted survivor curves (Figure 27 Appendix) for each academic program
during 2007-2012 indicate that the curves mostly overlay. It is determined that the
proportional assumption is met for academic programs.
The predicted value output for the following covariates are not shown. The curves
of the actual and predicted values for financial support show that the curves perfectly
overlay for all the financial support packages except for three types, TA, RA and
Fellowships, which had minor variations. There is enough evidence that the
proportionality assumption is met for financial support.
The curves of the actual and predicted values for country of citizenship show that
the curves for most countries overlay almost perfectly. It is determined that there is
enough evidence that the proportionality assumption is met for country of citizenship.
The curves of the actual and predicted values for race show that all the curves
overlay, except for underrepresented and unknown students. The underrepresented curves
separates slightly as they approaches 2,000 days (5.5 years). The unknown students have
a few separations between the observed and predicted values. It is determined that there
is enough evidence that the proportionality assumption is met for race.
The curves of the actual and predicted values based on advisor sex show that the
curves overlay for those students who had men advisors. The curves mostly overlay for
those students who had women advisors. It is determined that there is enough evidence
that the proportionality assumption is met for advisor sex.
The curves of the actual and predicted values based on student sex show that the
curves overlay for men and women graduate students. It is determined that the
proportional assumption is met for student sex.
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B.3.b Schoenfeld Residuals Testing and Non-Zero Slope Graphs
The estat phtest in Table 58 shows a formal statistical output produced by Stata
to test the proportional hazards assumption. In the estat phtest command, the
proportionality of the model is tested as a whole and for each covariate by using the detail
option (Cleves et al, 2010). The null hypothesis is that the hazards are proportional, and
a finding of no significance supports the proportional assumption. A p-value of greater
than 0.05 suggests that the proportionality assumption holds, whereas a p-value less than
0.05 suggests that the covariate being tested does not satisfy this assumption.
The estat phtest shows that race, advisor sex, academic program, country of
citizenship and financial support do not violate the proportional hazard function since
none of them show a significant result.

Table 58: Test of proportional-hazards assumption
Time: Time 2007 to 2012
---------------------------------------------------------------|
rho
chi2
df
Prob>chi2
--------------------------------------------------------------race
-0.06471
1.94
1
0.1635
advisex
-0.07222
2.28
1
0.1311
acadprog
0.06325
1.45
1
0.2290
country
-0.06636
2.06
1
0.1507
fin support
0.03695
0.67
1
0.4143
--------------------------------------------------------------global test
5.86
5
0.3202
----------------------------------------------------------------
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Non-Zero-slopes
The Schoenfeld residuals can also be plotted graphically to test the covariates. A
non-zero slope (deviation of the line from horizontal) is an indication of a violation of the
proportional hazard assumption.
The Schoenfeld residual plot for all five academic programs (Figure 28 Appendix)
indicates that the impact of academic programs as a function of time does not violate the
proportional hazard assumption since it has a slope that did not cross the 0 slope as it did
in the 2000-2012 dataset.
The Schoenfeld residual plot for graduate students’ financial support (Figure 29
Appendix) shows the impact of financial support as a function of time is fairly flat.
Therefore, financial support does not violate the proportional hazard assumption.
The Schoenfeld residual plot for graduate students by their county of citizenship,
not shown, indicates the impact of citizenship as a function of time is mostly flat, so it
does not violate the proportional hazard assumption.
The Schoenfeld residual plot for graduate students’ race, not shown, indicates the
impact of race as a function of time is very flat. We can say race does not violate the
proportional hazard assumption.
The Schoenfeld residual plot for graduate students based on the sex of their
advisor, not shown, indicates the impact of their advisor sex as a function of time is very
flat. We can say for advisor sex the proportional hazard assumption is met.
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B.3.c Interaction Terms – Time with Suspect Covariates
The output for the time interaction terms is not shown. No covariate interacting
with time produced a significant result which confirms that they are not violating the
proportional hazards assumption.

B.4 Competing Events Analysis for 2007-2012 Dataset
Having satisfied the proportional hazards assumption, the competing events
analysis can be conducted with all the covariates in the model, unlike the 2000-2012
analysis, which had to be conducted academic program by program since that covariate
violated the proportional hazards assumptions. In this case, time brought the programs
closer together.
Table 59 of the competing events output shows the hazard ratio (or relative risk)
of graduating by comparing the three models controlling for student sex, race, and
academic program. In Model 2, students with TA-mostly funding are 51% less likely to
graduate (100% - 49.2%) than students in the comparison group with RA-mostly funding.
Students with TA/RA/Fellowship ties were 56% more likely than RA-mostly funded
students to graduate. These results are significant at the 0.01 level.
Table 59 Model 3, controlling for the additional variables for GRE scores, shows
that students with TA-mostly funding are 43% less likely to graduate (100% - 56.7%)
than students in the comparison group with RA-mostly funding. Students with
TA/RA/Fellowship tie were 54% more likely than RA-mostly funded students to
graduate. These results are significant at the 0.01 level.
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Table 59: Hazard Ratios, 2007-2012, Model comparison, controlling for Race
Student sex

Model 1

Model 2

Model 3

Male

1.099

1.132

1.193

Academic program
Applied Physics

0.925

0.844

1.043

Chem. & Chem. Bio.

0.928

0.997

1.295

Mechanical Engineering

1.227

1.191

1.344

Physics

0.855

0.867

1.072

URM

0.742

0.767

0.763

Asian

1.057

0.950

0.809

International

1.006

0.964

0.996

Unknown

0.354

0.359

0.236

TA-mostly

.

0.492**

0.567**

Fell mostly

.

0.744

0.823

Race

Financial Support

TA RA tie

.

0.658

0.609

RA Fell tie

.

0.983

0.832

TA Fell tie

.

1.198

1.362

TA RA Fell tie

.

1.562**

1.540**

151-160

.

.

1.072

161-170

.

.

1.102

141-150

.

.

0.757

151-160

.

.

0.503

161-170

.

.

0.455

3.25-4

.

.

1.650*

4.25-5

.

.

1.686*

5.25-6

.
5102
5141

.
5078
5145

2.196**
4130
4227

Quantitative score

Verbal score

Analytical writing score

AIC
BIC
* significant at the .05 level
** significant at the .01 level
n=624

Reference categories are:
Student sex, female
Academic program, Aerospace En.
Race, white
Financial support, RA mostly
Quantitative, 141-150
Verbal, 131-140
Analytical writing, 2-3
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Model 3 shows the hazard ratio of graduating for GRE scores. Students with the
highest analytical writing score of 5.25-6 are two times more likely to graduate than
students with a low score of 2-3, the reference category. This result is significant at the
0.01 level. Students who score 4.25-5 are 69% more likely to graduate than students with
a low score. Students who score 3.25-4 are 65% more likely to graduate than students
with a low score. These results are significant at the 0.05 level
Model 3 shows that while graduate students with high scores in analytical writing
have higher graduation rates, the opposite is true for students who score high in the GRE
verbal section. The students scoring the highest, 161-170, are 55% less likely to graduate
than students who scored the lowest, 131-140, on verbal. The students with scores within
151-160, are 50% less likely and those with scores of 141-150 are only 24% less likely
to graduate. These results, however, are not significant.
Next is the analysis controlling for country of citizenship instead of race. Table
60 below shows the hazard ratio (or relative risk) of graduating by comparing the three
models controlling for country of citizenship and the other covariates. The results for the
models are very similar to the models by race. In addition, the direction of the GRE verbal
and analytical writing scores are the same. The only exception is the graduate students
with financial support of Fellowship-mostly in Model 2 show a significance at the 0.05
level. Graduate students with Fellowship-mostly are 31% less likely to graduate than
students with RA mostly.
The Bayesian Information Criterion (BIC) score for the baseline model is a
likelihood ratio measure that tells us which model is likely to be true given the data. BIC
penalizes models for containing more independent variables. The lower the score, the
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Table 60: Hazard Ratios, 2007-2012, Model comparison, controlling for Country
of Citizenship
Student sex

Model 1

Model 2

Model 3

Male

1.073

1.089

1.163

Academic program
Applied Physics

0.960

0.829

0.922

Chem. & Chem. Bio.

0.988

0.998

1.241

Mechanical Engineering

1.302

1.200

1.302

Physics

0.892

0.860

1.013

China

0.857

0.822

0.842

India

0.981

0.921

1.121

Eur Can Austr NZeal

1.334

1.275

1.177

Africa MidEast Amers

1.252

1.276

1.046

Asia other

1.355

1.207

1.560

TA-mostly

.

0.486**

0.562**

Fell mostly

.

0.686*

0.777

Country

Financial Support

TA RA tie

.

0.655

0.615

RA Fell tie

.

0.952

0.829

TA Fell tie

.

1.068

1.120

TA RA Fell tie

.

1.501**

1.485**

151-160

.

.

1.130

161-170

.

.

1.154

141-150

.

.

0.800

151-160

.

.

0.594

161-170

.

.

0.522

3.25-4

.

.

1.710*

4.25-5

.

.

1.675*

5.25-6

.
5105
5149

.
5081
5151

2.215**
4133
4235

Quantitative score

Verbal score

Analytical writing score

AIC
BIC
* significant at the .05 level
** significant at the .01 level

Reference categories are:
Student sex, female
Academic program, Aerospace Engin.
Country, US
Financial support, RA mostly
Quantitative, 141-150
Verbal, 131-140
Analytical writing, 2-3
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more preferable the model. Generally, when the difference in BIC for two models is
greater than 10, there is very strong evidence that the lower model is more likely to be
true than the other model. The Akaike Information Criterion (AIC) is another estimator
of the relative quality of statistical models for a given set of data, and some see it as
superior for Cox models (Cleves et al, 2010). Given a collection of models for the data,
AIC estimates the quality of each model, relative to each of the other models and here
produced results consistent with the BIC.
A comparison of the two AIC scores for the race models indicates there is very
strong evidence that Model 2 is more likely to be true than Model 1 because it has a lower
AIC by 24 points. There is also very strong evidence that Model 3 is more likely to be
true than Model 2 because it has a lower AIC by 948 points. This is a general rule of
thumb, however, and if we have good theoretical reasons for thinking that the lower AIC
model is not true, we should discount the AIC analysis (Treiman, 2009; Singer & Willet,
2003).
A comparison of the two AIC scores for the country models also indicates there
is very strong evidence that Model 2 is more likely to be true than Model 1 because it
also has a lower AIC by 24 points. There is also very strong evidence that Model 3 is
more likely to be true than Model 2 because it has a lower AIC by 948 points. In our case,
both AIC and our theoretical conceptions both point to Model 3. In all models, it is
apparent that the best covariates are financial support and GRE scores.
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CHAPTER V: DISCUSSION

This study of five science and engineering doctoral programs explored the
likelihood of graduating and the time to dissertation defense or withdrawal in the context
of Tinto’s three-stage theory of graduate school experience. Two data sets were
constructed from the graduate school database: 1) 2000-2012 and 2) 2007-2012. The
2000-2012 data set contained 1,358 graduate students with the variables student sex, race,
advisor sex, academic program, and country of citizenship. The 2007-2012 data set is a
subset of the first data set and contained 624 graduate students with additional variables
on funding sources and GRE tests that only became available in 2007. Students started in
one of three semesters per year – fall, spring, and summer. They also were able to
graduate at the beginning of each semester. Analysis time is measured in days. Data
collection ended in the fall of 2018.
The study produced a few statistically significant results concerning TA funding
and the GRE analytical writing test. Otherwise, the study produced few other significant
results, which strongly suggests that the forces behind attrition and retention are not being
driven by the tested variables.
By using competing events survival analysis, associated life-tables, and KaplanMeier curves, this study determined that the risk of withdrawing was greatest in the
transition and skill-acquisition stages of earning a doctorate. For the data set including all
1,358 students, the critical times are the third semester when the hazard ratio of
withdrawing is 5.1% and the seventh semester when the hazard ratio is 5.6%.
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Table 33: 2000-2012 Life Table, Hazard Ratio Time to
Withdrawal by Semester Interval
Begin
Interval
Total Withdrawn
Lost* Hazard Ratio
0
1
1358
14
0
0.0104
1
2
1344
10
0
0.0075
2
3
1334
66
0
0.0507
3
4
1268
26
0
0.0207
4
5
1242
28
0
0.0228
5
6
1214
29
2
0.0242
6
7
1183
64
2
0.0557
7
8
1117
12
3
0.0108
8
9
1102
18
6
0.0165
9
10
1078
29
4
0.0273
10
11
1045
11
5
0.0106
11
12
1029
8
30
0.0079

According to Tinto, students move through three distinct stages: transition and
adjustment, skills and knowledge acquisition, and dissertation completion. The transition
stage for graduate students begins in the first year when students establish membership
in academic and social communities. Within a few years, graduate students enter the
second stage of acquisition of knowledge and skills in their field of research. Finally, the
last stage is completing the dissertation (Tinto, 2007: 1993: 1988: 1987).
It is not clear in Tinto’s analysis exactly when the transition stage ends and the
skill-acquisition begins, but it is safe to say that the transition and the acquisition stages
are the riskiest in this study. By the end of the 1,093th day, or the ninth semester, 80% of
the students who ultimately withdrew had withdrawn. By the end of the 1,457th day, or
the 12th semester, 91% of those who withdrew had withdrawn. In this sample, the image
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of graduate students withdrawing after putting in many long years of toil on their
dissertation is not the case.
Of the 1,358 students, 347 withdrew. By the end of the 486th day, or the fourth
semester, 116 students had withdrawn. These students are the ones most likely to have
had difficulties in transitioning into their program. Of the 347 who withdrew, 151 sat for
the qualifying exam and left their doctoral program with a master’s degree, which is
consistent with the fact that they had sufficiently integrated and acquired at least basic
competencies. The remaining 80 students managed to get past the initial transition stage,
but did not sit for the qualifying exam, which suggests that they may have had difficulties
acquiring the requisite skills.
Unfortunately, this study did not have access to graduate GPAs, which might have
shed more light on the acquisition of skills versus transition issues. If graduate school
GPAs had been available, the ability to acquire knowledge and skills could have been
tested. While many studies have not shown undergraduate GPAs or graduate GPAs to be
a significant factor in predicting likelihood of graduation (Bair & Haworth, 2005),
targeted studies of the above groups at critical time periods might produce better results.
In the 2000-2012 data set, the mean time to withdrawal for those students who
withdrew is 775 days. Blacks are the fastest to withdraw with a mean of 692 days.
International students have a mean time to withdrawal of 712 days, whites 784 days,
Asians 914 days, Hispanics 974 days, and multi-cultural students 1,202 days. The mean
for women who withdrew is 760 days and men is 782, which shows very little variance.
According to Tinto, the students leaving during the first stage most likely did not
establish meaningful interactions with an advisor or their peers and therefore withdrew
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before they entered stage two. While the timing of withdrawal in this study cannot prove
this theory, the results are consistent with the notion that students leaving in the first stage
had difficulty with social interaction and integration. The fact that black and international
students were the earliest to withdraw is also consistent with the literature that suggests
additional transition difficulties for these groups (Zhou, 2015; Cress, 2008; Lee and Rice,
2007; Gonzalez, 2006; Hechanova-Alampay et al., 2002; Mori, 2000).
The theory that students with TA-mostly funding take longer to graduate and are
therefore likely to withdraw after many years of frustration (Ampaw & Jaeger, 2012;
Herzig, 2004) is not the case either for the sample in this study. In the competing events
analysis controlling for student sex, academic program, race, and GREs, students with
TA-mostly funding are 43% less likely to graduate than students in the comparison group
with RA-mostly funding. The students with a TA/RA/Fellowship tie, who all graduated,
were 54% more likely than RA-mostly funded students to graduate. These results are
significant at the 0.01 level.
However, students with TA funding in this study reach their dissertation defense
earlier than students with other funding types. For the 2007-2012 data set that included
funding source information, the mean time to dissertation defense is 1,985 days. Students
with TA/Fellowship ties had a mean of 1,848; students with TA/RA ties had a mean of
1,906; and TA/mostly had a mean of 1,938. All other funding packages had a mean at or
above the mean days to defense.
In addition, the mean time to withdrawal for the 2007-2012 data set was 845 days.
Students with TA-mostly funding withdrew at a mean of 749 days. Students with a
TA/Fellow tie withdrew at a mean of 857 days (2.3 years). Students with TA/RA tie
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withdrew at 1,041 days, which is the largest mean, but still within three years. While
researchers must be careful in assuming one variable causes a change in another, here it
is clear that students with a large proportion of TAs in their overall funding package do
not linger in the dissertation stage and thus lingering cannot be a cause of their risk of
withdrawing. Also, while there is a significant correlation between TA-mostly funding
and a low graduation rate, a cause and effect relationship is questionable. Since each
cohort tends to have more TAs in the early years than in later years and most withdrawals
happens in the first three years, the correlation between the two is expected. Students who
remain in their program begin to obtain more funding from RAs and fellowships and pass
out of the TA-mostly category.
The GRE analytical writing test produced important results in this study and
deserves further research. The analytical writing test is usually overlooked (Hatchett,
Lawrence & Coaston, 2017; Kuncel et al., 2010), but in this study the test is highly
correlated with higher graduation rates. The competing risk analysis controlling for
student sex, academic program, race, and financial support shows that students with the
highest analytical writing score of 5.25-6 are two times more likely to graduate than
students with a low score of 2-3, the reference category. This result is significant at the
0.01 level. Students who score 4.25-5 are 69% more likely to graduate than students with
a low score. Students who score 3.25-4 are 65% more likely to graduate than students
with a low score. These results are significant at the 0.05 level.
The findings in this study show that the correlation between analytical writing and
the likelihood of completion is worth pursing for STEM academic program leaders and
graduate schools (Hatchett, Lawrence & Coaston, 2017; Rosenfeld, Courtney, & Fowles,
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2004). However, the quantitative and verbal tests did not produce significant results in
this study. These findings support the research from the late twentieth century through
the early twenty-first that has produced contradictory conclusions on the usefulness of
GRE scores as predictors of graduate student performance (Rubio, Rubin, & Brennan,
2003; Stack & Kelley, 2002; Bair & Haworth, 2005; Sternberg & Williams, 1997; Milner,
McNeil, & King, 1984).
While graduate students in this study with high scores in analytical writing have
a greater likelihood of graduating, the opposite is true for students who score high in the
GRE verbal section. The students scoring the highest, 161-170, are 55% less likely to
graduate than students who scored the lowest, 131-140, on verbal. The students with
scores within 151-160, are 50% less likely and those with scores of 141-150 are only 24%
less likely to graduate. These results, though, are not significant. Additionally, students
with higher quantitative scores are graduating at slightly higher rates than students with
lower scores, but these results are not significant.
Sixty-eight percent of the women in the sample graduated and 74% of men
graduated. When the graduation rates are broken down by program, differences emerge
in the raw statistics. Men and women have similar graduation rates in Chemistry &
Chemical Biology; 67.6% of men graduate and 65.6% of women graduate. In Applied
Physics, 85% of women graduate and 79% of men graduate, the reverse of what was
hypothesized in some studies (Council of Graduate Schools, 2008; Lovitts & Nelson,
2000; Tilly, 1998). In Aerospace, Mechanical Engineering, and Physics, men graduate an
average of 8.5% more than women. The conclusion is that graduation rates are highly
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program dependent, with a variation of 23% in women’s rates from the highest to the
lowest. For men the variation is 11% from the highest to the lowest.
In the competing events analyses, however, the only statistically significant result
was obtained in Physics. Controlling for advisor sex and race, men in Physics are 33%
more likely than women to graduate, and this result is significant at the 0.05 level. The
lack of significant results suggests that differences in the likelihood of graduating in these
five programs are driven by factors other than sex, which is consistent with newer studies
(Ehrenberg et al., 2010; Nettles & Millett, 2006) but not older studies of women (Council
of Graduate Schools, 2008; Lovitts & Nelson, 2000; Tilly, 1998).
The hypothesis that the graduation rate of students from underrepresented groups
will be lower than that of white and Asian students in the five science and engineering
programs studied is partially demonstrated here (NSF, 2018; NSB, 2016; Toven-Lindsey
et al., 2015; Landivar, 2013; Hurtado, Eagan, & Chang, 2010; Strayhorn, 2010; Lewis et
al., 2008). The graduation rates for race using the 2000-2012 data set are 80% for Asians,
72% for whites and international students, 65% for Hispanics, 53% for multicultural
students, and 55% for blacks.
While controlling for student sex and advisor sex, in Aerospace Engineering
underrepresented minority students are 63% less likely to graduate than whites, the
comparison group. In Mechanical Engineering, they are 58.8% less likely to graduate
than whites. These results are significant at the 0.05 level. In the three other programs, no
statistically significant results were found.
The hypothesis for the graduation rate of international students is that the rate is
lower than that of U.S. doctoral students due to the unique challenges international
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students face (Zhou, 2015; Heggins & Jackson, 2003; Jacob and Greggo, 2001; Naidoo,
1991; Parson, 1992; Roongrattanakool, 1999; Wan et al., 1992; Hung, 1986; Khabiri,
1985). The results of this study do not support this hypothesis.
Raw descriptive statistics show that graduation rates vary considerably by
country of citizenship, although there are only two findings that are significant at the 0.05
level in the competing events analysis. In Applied Physics controlling for student sex and
advisor sex, students from Asia-other are two times more likely to graduate than U.S.
students, the comparison group. In Chemistry & Chemical Biology, students from Asiaother are 40% less likely to graduate than U.S. students.
This study tested the hypothesis that the sex of a student’s advisor affects
graduation rates by generating hazard ratios for women and men students separately. The
literature suggested the effect of advisor sex was significant and was different for men
and women students (Main, 2014; Neumark & Gardecki, 1998). The results obtained here
are not statistically significant in all but one program. With the exception of men students
in Mechanical Engineering, the sex of a student’s advisor has no significant correlation
with the graduation rates of men and women students. In Mechanical Engineering, men
students are twice as likely to graduate with a man advisor as with a woman advisor. This
result is significant at the 0.05 level.

Concluding Remarks
This study mapped Tinto’s stages of transition, acquisition, and completion onto
graduate students’ persistence and attrition. The study employed a continuous
measurement of time that has benefits for further studies by scholars and graduate school

156

administrators. Faculty and university staff are accustomed to following the academic
calendar, and programming and special events are scheduled according to available time
in the academic calendar. The study’s results show that graduate students, however, are
following a unique wave of experience based on their cohort. The wave has peaks and
valleys of risk that course through a student’s time in the program and these do not
correspond to the academic year. Future researchers and graduate directors can use this
study’s framework to examine the nature and timing of withdrawals and to devise precise
interventions to mitigate the risks they discover.
Using continuous time to the dates for the qualifying exam, dissertation defense,
and withdrawal has the benefit of having a “thin” measure of time, which allows the study
to see more fine-grained variations in time to withdrawal and dissertation defense (Singer
& Willet, 2003). In some studies such as those by Lott et al., 2009; Most, 2008; and
Zwick, 1991, Tinto’s theory is less useful because these variations are obscured by yearly
time spells. In other studies, the loss of detail is more pronounced given the difficulty that
the discrete model has with time spells with nearly a zero hazard rate (Singer & Willet,
2008). For example, in a discrete time study of a public research university, twelve
semesters were reduced to four, ungeneralizable, abstract time spells that could be worked
by the model (Johnson, 2006).
The discrete model was developed primarily to study undergraduate attrition and
retention where students follow a fairly uniform path to graduation that generates discrete
data. When continuous data were not available, the discrete model was developed as an
alternative to the Cox model, which was seen as the gold standard for survival analysis
(Guo, 2010; Singer & Willet, 2008; Allison, 1982). There is a many-decades-long debate

157

on the relative merits of the discrete time hazard model and the Cox model, but the main
developers of the discrete model generally see it as a comparable replacement for the Cox
model in appropriate circumstances (Singer & Willet, 2008; Allison, 1982).
Research on graduate programs has grown since the early 2000’s, yet there are
fewer studies of graduate programs than studies of undergraduates (Lightfoot & Doerner,
2008; Lovitts, 2001; Tinto, 1993). Most event history analyses of graduate programs have
borrowed the discrete model from the studies of undergraduates, however, the experience
of graduate students is not the same as that of undergraduates. Graduate students follow
a much more individualized path that is marked by milestones that are generated by the
activity of the student and the relationships with advisors. The dates of the qualifying
exam and the dissertation defense, as well as withdrawal, are determined on a case-bycase basis and present the opportunity to use a continuous measure of time to parse the
resulting variation. The availability of continuous data that has the prospect of revealing
more about the graduate student experience makes the use of the discrete model
problematic.
In addition, statistical software is able to produce analyses of continuous time data
that were not easily available thirty years ago when the discrete-time model was being
introduced to handle research in education studies. For example, Stata can quickly
manage data sets that are in the wide format – the person-level data set. Once the
appropriate indicator variables are created, a simple command tells Stata to treat the data
as survival data in any time interval the researcher requires. There is no need to create a
long format data set – the person period data set. Thus, a wide format data set can be
analyzed as if it contained 364.25 person-periods for every year a person was at risk
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(Cleves et al, 2010). A data set with 1,358 subjects taking a mean 2,123 days to degree
and a mean 775 days to withdrawal would require 2.34 million person periods, but Stata
can analyze the data as if the researcher had created those periods in the data set.
Other benefits to using days are that once the data has been set to survival data,
the researcher can easily generate life tables and Kaplan-Meier curves, again in any time
spell required. The necessary tests for the proportional hazards assumption can also be
performed.
The availability of continuous time data should open up sharper inquiries into the
factors leading graduate students to withdraw. One of the difficulties with studies of
graduate school data compilations is that the schools record data in different spells. With
a continuous time model, a researcher will be able to extract precise starting dates as well
as withdrawal and dissertation defense dates without regard to the time spells structured
by a school’s cohort and graduation scheme. Stata is able to interpret actual dates once
they are coded properly, and the researcher can create any time spell for presentation
purposes.
In Tinto’s framework, when tells us why. This study identified at least four critical
groups of students at risk for withdrawing. The first group withdrew within four semesters
and likely needed assistance with integrating. A second group withdrew by the third year
but before sitting for the qualifying exam. This group might have needed assistance with
skills-acquisition. The third group withdrew fairly quickly after successfully sitting for
the qualifying exam. This group had integrated and developed some skills-acquisition,
but might have benefited from deepening both of those. The smallest group successfully
sat for the qualifying exam and remained with the program for up to seven years but never
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got to the dissertation defense. This group might have needed assistance with structure
and discipline or a better relationship with their advisor (Tinto, 2007: 1993: 1988: 1987).
The next steps to further this research are to take the findings from the survival
data and conduct a qualitative analysis of students’ experiences as they progress through
the different stages of their graduate career. Qualitative studies of these groups would
tease out the value of Tinto’s theory and possibly generate competing explanations for
withdrawal. New data may suggest the possibilities of adjustments or a total rejection of
the three-stage scheme. For example, the transition stage might last for three or more
years, and the skills-acquisition stage may not be a useful analytical concept. While many
studies have not shown undergraduate GPAs or graduate GPAs to be a significant factor
in predicting likelihood of graduation (Bair & Haworth, 2005), targeted studies of the
above groups at critical time periods might produce better results. If graduate school
GPAs are available in the future, Tinto’s theory on the ability to acquire knowledge and
skills can be investigated.
In addition, Tinto’s framework may not be applicable at all in analyzing graduate
school experience. A different theory may be needed to explain why students are leaving.
A human capital theory based on maximizing utility can be used to explain how students
calculate their cost withdrawing or completing based on the return from their future career
prospects. Students may leave because what they initially expected to gain, however they
defined that, is less than they thought it would be once they were enrolled in graduate
school.
Regardless of which theory provides the best framework for analysis, in-depth
continuous time studies can provide actionable information to researchers and graduate
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program directors. Following graduate students from transition to completion, with
special attention to the timing of withdrawals, may uncover themes and intervention
possibilities. Graduate school administrators will be able to record and analyze the data
for each of their programs. At the local level, if withdrawal events are carefully recorded,
graduate schools can create hazard ratios that could theoretically indicate the risk of
withdrawing day by day much in the way epidemiological studies track the effect of
medical treatments. With such precise data in hand, researchers can generate intervention
programs that address each cohort’s wave of experience.
The NSB continues to regard the supply of science and engineering graduate
students as a problem, with the recruitment and retention of underrepresented students
into STEM fields remaining a special challenge (NSB, 2015). A pilot study initially
conducted with student and faculty interviews during the quantitative analysis work of
this research provides a foundation for further research. The future goal is to utilize
surveys and interviews of incoming and existing cohorts in these five programs in order
to provide real-world guidance to improve the retention of graduate students and mitigate
the high costs of withdrawal to the students, universities, and society.
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Table 31: 2000-2012 Life Table, Cumulative Failure–Time to Dissertation Defense by
Semester Interval
Interval

Begin
Total

Defense

Lost*

Cumulative
Failure

0

1

1358

0

14

0

0

.

.

1

2

1344

0

10

0

0

.

.

2

3

1334

0

66

0

0

.

.

3

4

1268

0

26

0

0

.

.

4

5

1242

0

28

0

0

.

.

5

6

1214

2

29

0.0017

0.0012

0.0004

0.0067

6

7

1183

2

64

0.0034

0.0017

0.0013

0.009

7

8

1117

3

12

0.0061

0.0023

0.0029

0.0127

8

9

1102

6

18

0.0115

0.0032

0.0067

0.0198

9

10

1078

4

29

0.0153

0.0037

0.0095

0.0245

10

11

1045

5

11

0.02

0.0042

0.0132

0.0302

11

12

1029

30

8

0.0487

0.0066

0.0373

0.0634

12

13

991

34

13

0.0815

0.0084

0.0665

0.0998

13

14

944

48

0

0.1282

0.0104

0.1094

0.1501

14

15

896

185

13

0.3096

0.0144

0.2823

0.3388

15

16

698

186

0

0.4935

0.0157

0.4633

0.5247

16

17

512

91

1

0.5836

0.0155

0.5535

0.6141

17

18

420

125

1

0.7077

0.0143

0.6795

0.7354

18

19

294

89

23

0.7998

0.0127

0.7744

0.8241

19

20

182

37

0

0.8405

0.0117

0.8167

0.8627

20

21

145

53

1

0.899

0.0098

0.8788

0.9172

21

22

91

28

8

0.9315

0.0084

0.9139

0.9467

22

23

55

11

1

0.9453

0.0076

0.929

0.959

23

24

43

14

1

0.9633

0.0065

0.9491

0.9745

24

25

28

11

3

0.9786

0.0052

0.9666

0.987

25

26

14

2

0

0.9816

0.0049

0.9701

0.9894

26

27

12

2

0

0.9847

0.0045

0.9738

0.9917

27

28

10

4

0

0.9908

0.0036

0.9814

0.996

28

29

6

2

0

0.9939

0.003

0.9854

0.9979

35

36

4

1

0

0.9954

0.0026

0.9875

0.9987

41

42

3

1

0

0.9969

0.0021

0.9896

0.9993

42

43

2

1

0

0.9985

0.0015

0.9918

0.9998

43

44

1

1

0

1

.

.

.

* Lost includes withdrawn and right censored (enrolled at study end)

Std. Error

[ 95% Conf. Int. ]
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Table 32: 2000-2012 Life Table, Cumulative Hazard –Time to Dissertation defense by
Semester Interval

Interval
0
1

Begin
Total
1358

Cumulative
Failure
0

Std.
Error
0

Hazard
Ratio
0

Std.
Error
.

[ 95% Conf. Int. ]
.
.

1

2

1344

0

0

0

.

.

.

2

3

1334

0

0

0

.

.

.

3

4

1268

0

0

0

.

.

.

4

5

1242

0

0

0

.

.

.

5

6

1214

0.0017

0.0012

0.0017

0.0012

0

0.004

6

7

1183

0.0034

0.0017

0.0017

0.0012

0

0.0041

7

8

1117

0.0061

0.0023

0.0027

0.0016

0

0.0058

8

9

1102

0.0115

0.0032

0.0055

0.0022

0.0011

0.0099

9

10

1078

0.0153

0.0037

0.0038

0.0019

0.0001

0.0075

10

11

1045

0.02

0.0042

0.0048

0.0022

0.0006

0.009

11

12

1029

0.0487

0.0066

0.0297

0.0054

0.0191

0.0403

12

13

991

0.0815

0.0084

0.0351

0.006

0.0233

0.047

13

14

944

0.1282

0.0104

0.0522

0.0075

0.0374

0.0669

14

15

896

0.3096

0.0144

0.2321

0.017

0.1989

0.2653

15

16

698

0.4935

0.0157

0.3074

0.0223

0.2638

0.3511

16

17

512

0.5836

0.0155

0.1953

0.0204

0.1553

0.2352

17

18

420

0.7077

0.0143

0.3501

0.0308

0.2897

0.4106

18

19

294

0.7998

0.0127

0.3739

0.0389

0.2976

0.4503

19

20

182

0.8405

0.0117

0.2263

0.037

0.1539

0.2987

20

21

145

0.899

0.0098

0.4492

0.0601

0.3313

0.567

21

22

91

0.9315

0.0084

0.3836

0.0711

0.2441

0.523

22

23

55

0.9453

0.0076

0.2245

0.0673

0.0927

0.3563

23

24

43

0.9633

0.0065

0.3944

0.1033

0.1918

0.5969

24

25

28

0.9786

0.0052

0.5238

0.1524

0.2251

0.8226

25

26

14

0.9816

0.0049

0.1538

0.1085

0

0.3664

26

27

12

0.9847

0.0045

0.1818

0.128

0

0.4328

27

28

10

0.9908

0.0036

0.5

0.2421

0.0256

0.9744

28

29

6

0.9939

0.003

0.4

0.2771

0

0.9432

35

36

4

0.9954

0.0026

0.2857

0.2828

0

0.84

41

42

3

0.9969

0.0021

0.4

0.3919

0

1.1681

42

43

2

0.9985

0.0015

0.6667

0.6285

0

1.8986

43

44

1

1

.

2

0

2

2
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Table 56: Frequency by Student Sex 2007-2012
Student sex

Freq.

Percent

Female

164

26.80

Male

448

73.20

Total

612

100

Table 57: Frequency by Race 2007-2012
Race

Freq.

Percent

Asian

38

6.21

Black

5

0.82

Hispanic

21

3.43

Multicultural 17

2.78

Unknown

12

1.96

White

281

45.92

International

238

38.89

Total

612

100
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