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ABSTRACT

Set in a large, urban, public university, this study explores the use of an
institutionally specific risk instrument developed to identify students who had a
high risk of attrition and the effectiveness of subsequent interventions deployed
through advising. Though implemented throughout the institution, this study
identified control and treatment groups in the University’s College of Science and
Technology in order to examine the impact of the risk instrument and advising
interventions on first-year retention. The data were analyzed to determine the
accuracy of the risk instrument in predicting risk of attrition for students, to
identify alternative “tailored” models for assessing risk, and to examine an
advising model employed to actively respond to the identified risk. Results are
reported to inform institutions about the accuracy of the prediction instrument and
the specifics of advising interventions. Special consideration is given to the social
justice mission of the institution and the ethical considerations of how to respond
to risk assessments.
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CHAPTER 1

INTRODUCTION

Introduction
In the last 35 years, institutions of higher education have been involved in
continually increasing the services they provide in order to build a connection between
the institution and the students they serve. Stemming from an ever-expanding body of
literature that promotes such interactions, the goal has been to positively influence
student commitment to the institution, with the ultimate outcome of increased persistence
to graduation. Persistence, particularly for first-year students, is essential for students
seeking a degree; and it is increasingly a financial necessity for institutions looking to
maintain enrollments and increase graduation rates. Further, all of these benefits have
positive externalities for society.
Despite these realizations and efforts, a disconnect continues to exist between
access, which has increased, and persistence and graduation, which have continued to be
a challenge for many students and institutions. In evaluating the various methods
employed to increase persistence, a common characteristic for many of them is their
passive nature. That is, while these programs (e.g. housing communities, tutoring, general
advising, etc.) can have positive impacts for the students who take advantage of them, it
is often the students who are most at risk of not persisting who do not voluntarily employ
these services, whether due to a lack of social capital, disinterest, or simply unawareness
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of their existence.
Thus, institutions have begun to employ alternative approaches by implementing
measures that actively seek to identify and engage students by bringing the resources to
them, rather than waiting for students to request such services. By actively delivering
such services, institutions may be able to build stronger connections between students
and the institution, particularly with those students who are unaware of the potential or
even existence of such programs. This study explored an analytical method for
identifying students to whom such services can be directed, and whether there are
statistically significant impacts on retention when employed.

Statement of the Problem
Persistence to degree attainment is not only the crowning achievement of higher
education; it is also the “golden ticket.” It has become increasingly apparent that a
college degree is necessary to achieve social and/or economic mobility, or at least to
begin a meaningful ascent up one of these ladders. With each higher degree attained,
there is considerable evidence demonstrating that there is substantial economic gain for
students who access and move through higher education (Bailey et al., 2007; Bailey et al.,
2004, No 23; Grubb, 1999, No. 2 and 3; Prince & Jenkins, 2005; Quinley & Quinley,
2000). In digging deeper, however, a considerable amount of data exists that suggests that
there are distinct challenges to mobility, particularly with regard to completion rates
(Bailey et al., 2007; Bailey et al., 2004, No 22 and 23; Prince & Jenkins, 2005). Indeed,
mobility rates and value-added calculations for the benefits of degree completion
incorporate all of those who are already middle or upper class. So while those on the
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lower rungs of the social ladder climb a few rungs, those on the higher rungs continue to
climb as well, thus replicating some proportion of the existing gaps (Labaraee, 2007,
1997).
Ultimately, the challenges to social mobility go beyond mere access. While access
to higher education is still essential to the process, it is but a first step down a long road.
The destination at the end of that road is opportunity (employment, economic mobility,
social mobility, etc.). Along the way, however, there are several gaps in the pavement,
roadblocks, and divergent paths which are substantial barriers to those without the
financial, social, or cultural capital to navigate and maneuver around them in order to
continue unflustered, on time, and on course, to the finish line. Evidence from DickertConlin and Rubinstein’s (2007) edited volume, Economic Inequality and Higher
Education demonstrated this concept as particularly, if not primarily, applicable to
students from lower-income households. “Without access and persistence [emphasis
added], higher education does not necessarily mean success for lower-income individuals
and does not spur greater economic opportunity and mobility nor reduce existing gaps
between the ‘haves’ and ‘have-nots’” (p. 1). Similarly, Dowd (2003) pointed to a greater
need to examine the outcomes of higher education rather than a pure focus on access
alone.
Further, while this discourse points largely to what may be considered the private
benefits of such attainment (they provide direct benefits to the individual obtaining the
education), the societal benefits of such education also warrant mention. Positive
externalities represent the economic and social benefits that are the result of an
individual’s educational achievement, and of the system as a whole. For instance, if an
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individual takes in more income because of the earned degree, this in turn creates
increased tax revenue that is used for the greater good. Likewise, if such education
facilitates the development of an accomplished cancer researcher, many beyond the
individual reap the rewards of such research as health and social benefits. Pasque (2010,
2007) demonstrated a somewhat fluid blending of private and public benefits, both
economic and social, that are the outcomes of attainment of higher education. Indeed,
these benefits go beyond class, providing benefits to society as a whole, thus shining a
light on the benefits produced with higher persistence and completion.
While access is the starting point, and completion is the ultimate goal, it is
persistence that bridges these two points. Persistence is the continuance of the student
from one semester to the next, until graduation. Student persistence tends to follow a very
precise curve, positively correlating with time at the institution. That is, student
persistence grows stronger with each year of schooling. Thus, the greatest attrition (least
persistence) occurs in the first year. Zooming in further, such attrition is typically even
greater within fields of science, technology, engineering and mathematics (STEM)(both
at the institution and within the major fields). As the world continues to globalize, and as
concerns mount regarding the United States’ leadership and primacy in STEM fields (for
economic, security, and altruistic reasons), the need to increase persistence in the first
year, and ultimately to graduation, is paramount. Viewed as a sequential process, entry
grants access to education, first-year persistence increases the likelihood of graduation,
and graduation magnifies the benefits, both individual and societal, of education. If firstyear persistence is not realized, then graduation cannot happen, and access becomes
somewhat meaningless. Thus, this study examined the impacts of an approach to
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increasing first-year retention for “at-risk” STEM majors.

Purpose of the Study
There were two primary goals to this study. Based on the review of the literature
below, the first goal of this research was to determine the predictive validity of a risk
predication instrument employed to identify students with a high level of risk of attrition.
The instrument, developed using institution-specific, longitudinal data and considerations
specific to the institution’s student population and mission, was constructed to predict
first-term GPA, which has been identified as one of the most accurate predictors of
student retention (Astin, 1975; Levin & Wyckoff, 1990; McGrath and Braunstein, 1997;
Robertson & Taylor, 2009; Tinto, 1975). The instrument is based on multiple variables
including student academic and non-academic aspects collected through the admissions
and orientation processes (e.g. high school grade point average, test scores, responses to
the institution’s New Student Questionnaire, etc.).
The second goal was to explore the application of this predictive instrument by
researching the impacts of coordinated, intensive advising for students in science,
technology, and mathematics fields for whom the instrument predicted a high level of
risk. This study sought to more deeply explore the practical application of risk
predication instruments in which not only is a level of risk identified, but a series of
interventions are implemented in an attempt to mitigate the predicted risk.
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Research Questions
This study was driven by two research questions:
1. Did the risk instrument accurately predict first-year attrition risk
for science, technology, and mathematics students at the specific institution?
2. Did the intensive, structured advising approach deployed in
response to the risk assessment impact first-year student retention?

Definitions of Key Terms
At-Risk:

This term is used loosely in the field of education to identify students who
are in some jeopardy of not persisting in their educational goals. Often this
refers to students in groups that have been subject to institutionalized
discrimination, under-preparation, or other circumstances that regularly
obstruct student progress. For the present study, those identified as at-risk
will be those who fall into a specific “risk category” as predicted by the
risk model. Because there are multiple variables that create an aggregate
score, no one quality is necessarily used to define at-risk herein.

Attrition:

In higher education, this generally refers to the inability to persist from
one term to the next. Literally, this refers to a decrease in numbers. From
an enrollment management perspective, attrition is the decrease in a class
cohort from term to term (loss of enrolled student numbers at an
institution). Attrition can also be applied to a sub-unit of the institution,
such as a school within the institution, a program, major, etc.
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Cultural Capital:

Refers to the advantages a person may acquire that assist in her/his

ability to change their position in society, particularly positively).
Education is an example of cultural capital.
Persistence:

In higher education, this generally refers to the ability of a student to
continue enrollment at an educational institution from term to term. This is
often tied to degree progress and may not be limited to a single institution.
For instance, a student who starts at one institution, but graduates at
another, can be said to have persisted to graduation. This term is
frequently used interchangeably with “retention” though some see
persistence as a student action and retention as an institution action.
Persistence can also be applied to a sub-unit of the institution, such as a
school within the institution, program, major, etc.

Retention:

In higher education, this generally refers to the ability of an institution to
maintain student enrollment at the institution, often through graduation.
From the institutional perspective, retention is the opposite of attrition.
This term is frequently used interchangeably with “persistence” though
some see persistence as a student action and retention as an institution
action. Unlike persistence, retention is institution specific. If a student
leaves an institution, s/he was not retained. Retention can also be applied
to a sub-unit of the institution, such as a school within the institution,
program, major, etc.

Socioeconomic Status:

This typically refers to a classification of people based on a

combination of income, parental education, and occupation. This is often
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referred to as (social) “class,” though class is sometimes has a stronger
association with income and weaker association with other elements of
socioeconomic status.
STEM:

This refers to the fields of Science, Technology, Engineering, and
Mathematics. Research and other literature herein regularly refers to
STEM as well as alterations where one of the four fields is not considered
(e.g. SEM when Technology is not considered). The focus of the present
study was STM, as Engineering is organized in a separate college.

Significance of the Study
This study sought to expand the current literature on student retention in higher
education. While a rich discourse has emerged over the last 20 years, much remains to be
explored to further our understanding of why students do or do not persist, as well as
what might be done to influence greater student retention by institutions. Persistence is a
central element as it is the bridge between access and opportunity. Without persistence,
access loses a substantial amount of its value, as there is little reward for being accepted
into a higher education program. As cited above, such benefits derive much more
substantially from continued progress and, ultimately, completion of the program.
The purpose of this study was to examine and measure the ability of an institution
to predict levels of risk for its incoming class of freshman science, technology, and
mathematics majors. Secondly, this study sought to determine if coordinated, “intrusive”
advising techniques, targeted at the students most at risk, would have any impact on
retention within the major and/or the institution. This study built on previous retention
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studies that sought to identify qualities that correlated with retention/attrition in an effort
to explain and/or predict such retention/attrition (e.g. Astin, 1975, 1984; Baird, 2000;
Bean, 1980, 2005; Bean & Eaton, 2000, 2001; Cabrera, Castañeda, Nora & Hengstler
1990; Tierney, 2000; Tinto, 1975). By constructing a predictive model to identify a group
of “at-risk” students, it is possible to coordinate an intervention with this target
population.
The second phase of this study sought to reveal any statistically measurable
impacts on retention that correlate with coordinated, intensive advising interventions with
the identified at-risk population. Ultimately, institutions cannot make useful assessments
about the value of these types of intensive advising interventions unless they have data to
demonstrate any correlation between the intervention and retention. However, the
outcomes of this study do not necessarily champion or condemn the advising practices
that are considered. Rather, this research sought to expand the understanding about how
these practices may impact retention within the specific context in which they were
practiced. Such research helps to identify areas for targeted professional development,
strategic planning, coordinated efforts if/when they are shown to support student
retention, and of course further exploration. If/When they are not positively associated
with retention, then other advising pedagogies can be explored in future research to
identify approaches that may correlate more positively with student retention.
This study focused specifically on science, technology, and mathematics majors
as they represent a unique population often associated with a high level of attrition within
their area, even though they may be identified as less at-risk academically within the
institution. With growing concerns about the reduced rate at which the United States is
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producing graduates in these fields, a continued focus on persistence may provide
opportunities to increase degrees earned in science, technology, and mathematics. In
considering the “pipeline” to these fields, a focus on persistence in higher education looks
to rescue or at least maintain talent that has succeeding in making it into one of these
fields in higher education. That is, a focus on persistence in general, and in these fields
specifically, aims to capitalize on the efforts put forth in identifying, nurturing, and
supporting potential majors, of which the numbers have been wavering for years.
Ultimately, the cost of retaining STEM majors is more cost-effective than it is to replace
them, particularly in the sciences. And, of course, the negative consequences of an
inability to persist have individual, institutional, and societal repercussions.
Thus, this research sought to add to the current literature in three areas: retention
of students in the sciences, prediction of risk of attrition, and the influence of intrusive
advising in mitigating identified risk. This study built upon the existing literature in
multiple areas, sought to expand understanding in these areas, and provides insights to
prompt future research.

Theoretical Base
Two primary frameworks guided this study. These frameworks helped to situate
the conditions of the research by providing a theoretical model and foundation for
understanding the problems that have been identified, as well as approaches to addressing
these problems.
The first theoretical framework is Tinto’s (1987) Theory of Individual Departure
(or Interactionalist Theory). In this theory, Tinto highlights the experiences of students
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while they are at the institution, and as they move through it. These experiences are
influenced by a variety of pre-existing conditions (e.g. personal attributes, academic
preparation, socioeconomic conditions, cultural orientations, etc.), as well as the
interactions that the student has with others within the institution’s community. Tinto
notes a somewhat heavier focus on voluntary departure from the institution, rather than
non-voluntary such as dismissal due to academic difficulty. These two are never
completely disassociated, however, and there is consideration for the role of institutional
interactions as a contributing factor to unsuccessful academic performance. Center stage,
however, belongs to the role and benefits of such interactions in integrating students into
the academic and social arenas of the institution, as well as influencing the positive
development of goals and institutional commitment.
This theoretical framework drives an operational model, which focuses on the
institutional intervention of intrusive advising. Earl’s (1988) conceptual model of
intrusive advising raised the level of interaction between the student and institution to
assure that students were supported in facing their unique challenges, be they academic,
social, or other concerns. Heavily focused on the first year, this model provides
substantial outreach from the institution in an attempt to influence student integration
through advising professionals at the institution. This model builds on Tinto’s, seeking to
construct opportunities to build connections to the institution, or at least to intervene
when fissures in the student/institution relationship can be identified. The predictive
model aims to identify risks before they become visible, and to start intervention as
quickly as possible to prevent larger fractures between the student and the institution that
can lead to separation. This research drew together the Interactionalist Theory and the
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model of intrusive advising to provide a framework for exploring and evaluating the
impact of a coordinated and intensive institutional intervention for students identified as
at risk of not being retained.
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CHAPTER 2

REVIEW OF THE LITERATURE

In conducting this review of the literature, three essential components are
explored: retention, risk prediction, and academic advising. In addition and where
appropriate, the impact of these components are considered under the umbrella topic of
science and technology. That is, do the specific fields of science and technology provide
unique considerations for how these components are discussed in the literature?
The first component addresses the underlying problem of poor first-year retention
by examining the theoretical underpinnings that inform the discourse about retention.
What theories exist regarding why and/or how students are retained? Is there something
special about the first year? What are some of the key challenges with regard to retention
and how might this differ in the sciences?
The second two components examine two approaches to the challenge of firstyear retention. The first of these includes a discussion of the development and use of risk
prediction, particularly specific to retention. Key considerations are examined such as to
what does “(at) risk” refer and how are variables determined that drive a risk model.
Secondly, an exploration of the literature on academic advising is explored, which
provides specific consideration of the role of advising in improving student retention.
What role does it play and are there specific approaches that the literature champions in
addressing issues of risk and retention?
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The review of these strings of literature includes both foundational theoretical
texts as well as emerging research in order to assess the historical and developing
understandings of retention, risk prediction, and advising interventions.

Student Retention
Retention of students continues to grow as a key topic impacting institutions of
higher education. The issue of retention, and in particular first-year retention, has become
an increasing area of focus on the higher education campuses across the country. Dual
pressures of student access to higher education and beleaguered resources of higher
education institutions (both with regard to revenue and enrollment management) have
increased the weight of importance attributed to retention. With a shrinking pool of
potential college-aged applicants due to population fluctuations, retention serves a
significant role in assuring critical enrollment numbers, and thus institutional revenue.
This echoes the troubling enrollment issues experienced in the 1970s. At that time, Astin
(1975) promoted retention as an effective means of maintaining enrollments asserting
that, “any change that deters students from dropping out can affect three classes of
students at once, whereas any change in recruiting practices can affect only one class in a
given year…[thus] investing resources to prevent dropping out may be more ‘cost
effective’” (p. 2). Indeed, attrition represents a significant cost, not only for the student
and institution, but also for states and the nation through lost financial aid investment and
future tax revenues (Belanger, Mount & Wilson, 2002; Johnson, 2000; Museus &
Ravello, 2010; Robins, 2010; Schneider, 2010). Further, ethical considerations linked to
retention are tied to the missions of many institutions wherein the focus and discourse has
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shifted from one about access to one about opportunity, typically meaning retention
through graduation. Returning to Astin, “changes that help students complete college
represent a real service to them, whereas successful recruiting efforts may simply change
students’ choice of institution” (ibid.). While this may oversimplify the historical
challenges to access to higher education, it does underline that access alone does not tell
the complete story. That is, while access serves a valuable role in promoting the
democratic aspects of education, attrition can undo these benefits and even amplify
negative consequences due to loan debt and lost time in the workforce, thus most
impacting most negatively those with the least privilege and power.
These impacts on the least privileged contribute to the process of social
reproduction. The concept of social reproduction has been explored by several theorists,
particularly Bourdieu (1977), Apple (1978), and Freire (Escobar, Fernandez, & BuevaraNiebla, w/ Freire, 1994; Freire, 1970; Freire, 1974). As early as 1965, Freire had
identified the phenomenon as one in which issues of power and privilege coalesce to
maintain class separation – the poor remain poor, the rich remain rich, and privilege
begets privilege, thus “reproducing” social hierarchies and power centers, or hegemony.
Further, Freire (1974) promoted education as a key player in this process. In discussing
transformation in Brazil, he indicated,
there was an increasing resistance to an educational program capable of helping
the people move from ingenuity to criticism. Indeed, if the people were to become
critical, enter reality, increase their capacity to make choices (and therefore their
capacity to reject the prescriptions of others), the threat to privilege would
increase as well. (p. 20)
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Thus, there was an implicit purpose of the existing educational system, often conceived
to raise people out of poverty/oppression, here utilized to recreate that disparate
relationship, maintaining social standing, class separation, power, and privilege.
There is some debate with regard to whether education can be a mechanism for
social mobility by providing the means by which an individual, even a group, can move
up the social ladder through the “empowerment” of education. This is reflected, for
example, in the statistics and studies consistently reported by the Community College
Research Center. These have regularly indicated social mobility value as expressed in
economic terms in the community colleges, four-year institutions, and beyond (Bailey et
al., 2004; Bailey et al., 2007; Grubb, 1999, No 2 and 3; Prince & Jenkins 2005; Quinley
& Quinley, 2000). To this end, access to education has often been promoted as the
necessary step to realizing this outcome of social elevation. However, access to higher
education alone does not deliver sufficient resources to accomplish this end. Degree
attainment (not merely access) is an essential component in order to achieve this goal;
and retention is absolutely necessary to such attainment.
An essential consideration, however, is that degree attainment can be particularly
elusive to those who do not already possess privilege. Employing a social reproduction
framework reveals the social and economic consequences of neglect (here, the neglect of
socially/culturally/economically disadvantaged students). Ultimately, disadvantaged
students have an increased risk of non-retention (and non-persistence) whereas those with
privilege (particularly educational cultural- and economic-capital) succeed, thus
reproducing the stratification of higher education and its outputs. Labaree (2007) asserted
this point, for just as the oppressed seek the benefits of education to advance their
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position (social mobility), so to do the privileged, and frequently with greater success
(p. 91).
These concepts underline the importance of retention to the student, the
institution, and to society. This recognition drives the need for a greater understanding of
what factors lead to attrition and what practical interventions institutions can employ to
improve retention. In this area, Tinto’s research is most commonly regarded as a starting
point for critically and empirically examining the causes of attrition and approaches to
increase retention. Tinto (1975) adapted Spady’s application of Durkheim’s theory of
suicide which associated attrition with the same sort of psychology disconnectedness that
can result in suicide; both ends are intended to separate one from a setting in which s/he
did not fit (i.e. society or an educational institution). Tinto, however, argued that both
Spady’s and Durkheim’s theories were insufficient to “explain how varying individuals
come to adopt various forms of dropout behavior [or suicide] (p. 92). In response, Tinto
built on these theories to develop a model of dropout behavior, which argues
that the process of dropout from colleges can be viewed as a longitudinal process
of interactions between the individual and the academic and social systems of the
college during which a person’s experiences in those systems (as measured by his
normative and structural integration) continually modify his goal and institutional
commitments in ways which lead to persistence and/or to varying forms of
dropout. (p. 94)
Two central themes derived from this theory and are continuously referenced in the
literature: 1) there is a process of interactions that drive the student’s adaptation to the
academic environment, and 2) these experiences shape the institutional commitment that
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a student “feels” and which then drives retention behavior.
Astin’s (1975) text Preventing Students from Dropping Out arrived the same year
as Tinto’s initial theory and presented a model that was predictive rather than descriptive,
paralleling Tinto’s criticism of earlier research (p. 22). Likewise, Astin’s model was
developed using longitudinal data, which he proclaimed as “the principal deficiency” of
published research at the time (p. 3). And whereas Tinto identified concepts of adaptation
and commitment (and ultimately engagement), Astin (1984) referred to many of the same
concepts as “involvement.” He indicates that, “virtually every significant effect could be
rationalized in terms of the involvement concept…the factors that contributed to the
student’s remaining in college suggested involvement, whereas those that contributed to
the student’s dropping out implied a lack of involvement” (1999, p. 523). Astin reasserts
that the process of involvement is a shared experience with behavioral implications not
only for students, but also for faculty and staff of the institution. For instance, Astin’s
(1999) student involvement theory argues,
that a particular curriculum, to achieve the effects intended, must elicit sufficient
student effort and investment of energy to bring about the desired learning of
development. Simply exposing the student to a particular set of courses may or
may not work...[The theory] emphasizes active participation of the student in the
learning process. (p. 522)
While this is not a specific retention theory (rather, it is a learning theory), it “has its
roots in a longitudinal study of college dropouts” (p. 523). While it is unclear how much
these two theorists influenced one another, the similarities between their work affirms,
from varying perspectives, the importance of student interactions with the educational
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institution.
Tinto and Astin provide a platform for predictive retention studies. The recurring
concepts of involvement and integration, considered alongside student characteristics,
became the foundation of retention work, and Tinto’s theory in particular was used to
drive “more rigorous and systematic examinations of retention” (Berger & Lyon, 2005, p.
20). Indeed, Tinto’s Integration Theory would become the basis from which many future
theories and models would be derived. And while Astin’s model does not create the same
reverence in the literature, it was one of the first to be predictive, and to use both
characteristics the student brought to college, combined with elements of “institutional
fit” to attempt to quantitatively define a student’s likelihood of persisting. Further,
Astin’s Theory of Involvement, which developed from this early retention work, was
recognized for its simplicity, making it an accessible concept from which to launch
campus interventions to improve retention (p. 20).
Follow-up work examined elements of fit and integration by exploring the
retention issues through economic (Braxton, 2000; Cabrera, Castañeda, Nora & Hengstler
1990; St. John, Cabrera, Nora, & Asker, 2000), organizational and environment (Baird,
2000; Bean, 1980, 2005; Bean & Eaton, 2000), psychological (Astin, 1984; Bean &
Eaton, 2001), and sociological and cultural (Berger, 2000; Kuh & Love, 2000; Tierney,
2000) perspectives. These studies examine the topic of “integration” in both forms
identified by Tinto: academic and social. “The two types of integration…have axiomatic
status in the literature on persistence …[though] there is not a widely accepted metric for
either academic or social integration” (Davidson, Beck & Milligan, 2009, p. 275). To
some degree, this is driven by the variety of investigations and analyses conducted,
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ranging from foundational aspects such as type of institution to “molecular
approach[es]…focused on a specific aspect of integration” (ibid.). These elements could
be institutional tools such as academic advising and use of financial aid or various
individual characteristics. Elements connected to students pursuing science degrees, as
well as institutional use of advising to positively impact retention, are of particular
relevance to this study.
Before moving to issues in science and the potential impacts of academic
advising, it is necessary to comment on the issue of persistence as it relates to two other
distinct variables: the influence of socioeconomic status and the challenges of the first
year of college.
Socioeconomic Status
While there are many variables that may influence persistence, socioeconomic
status (SES) is distinctive given its global impact and its increasing presence in recent
retention literature. SES combines a variety of characteristics that define a class identity;
most commonly these include parental income and educational level, a measure of
parental occupation is also frequently calculated.1 Unlike most other variable, SES is
absolutely beyond the control of the student and the institution. For instance, while the
student may have some impact over her/his academic preparation, even if limited, and the
institution may have the ability to build academic and social support mechanisms, neither
1

It should be noted that some studies have indicated concerns about the grouping of
multiple variables into a single SES variable. For example, Lundy (2010) highlighted
differences in how SES is defined in different research, thus creating some
inconsistencies in the literature with regard to how SES is defined/classified. Similarly,
Paulsen and St. John (2002) found that, “social class is far more complex than is
communicated by hierarchical variables like socioeconomic status (SES)” (p. 225). Their
analyses demonstrated differing influences of the components of SES on college choice
and persistence, as well as patterns of social reproduction.
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can influence the class determinants associated with SES. As a variable influencing
persistence, SES is almost always seen as a positive correlation; as SES rises, so does
persistence, and ultimately degree completion (Baum & Ma, 2007; Cabrera, La Nasa &
Burkum, 2001; Goldrick-Rab, 2006; Lotkowsky, Robbins & Noeth, 2004; Lundy, 2010;
Titus, 2006; Walpole, 2008; Walpole, 2003). For instance, even when controlling for
differences in academic preparation (as represented by math test scores), Baum and Ma
(2007) reported that
students from high SES backgrounds were almost twice as likely as those from
low SES backgrounds to enroll and 10 times as likely to earn a bachelor’s degree.
Among those with high test scores, students from high SES backgrounds were
about 32 percent more likely than those from low SES backgrounds to enroll and
2.6 times as likely to earn a bachelor’s degree. (p. 35)
Taken to its logical conclusion, this echoes the social reproduction concerns highlighted
above, again demonstrating that access to higher education alone does not solve the
challenges associated with climbing the class ladder. While greater access to higher
education may occur due to expanded financial aid programs and societal shifts,
challenges to persistence and completion – the necessary achievement that endows the
benefits of higher education – continue for those from lower SES classifications. Echoing
Bourdieur, Walpole (2003) found,
that students from low SES backgrounds possess different cultural capitals and
habiti2 than do all students or high SES students, and that attending college does

2

For an extensive discussion of Bourdieu’s concept of “habitus”” see Horvat (2001).
Summarized, “habitus is the mechanism whereby individual action is shaped by and in
turn shapes social structures in a continuous dialectical reformulation […] Individuals
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not necessarily indicate that a student has risen economically or socially to a level
similar to that of his or her peers […] Students from low SES who attend fouryear colleges and universities work more, study less, are less involved, and report
lower GPAs than their high SES peers. (p. 63)
She links these academic and social deficiencies to lower degree attainment (persistence)
and the cycle/reproduction of consequent social and economic disadvantages. As a
simplified example, class often impacts preparation (i.e. poor high school) and financial
security (i.e. need to work to pay for college). These two simultaneous and compounding
realities conspire to impede the student’s ability to succeed in degree completion, setting
the cycle up to replay itself for the next generation. Ultimately, this means that SES can
have indirect impacts on persistence and attainment. While inadequate preparation may
be a direct impact on one’s academic success, the association between SES and
preparation is much more obscure. Thus, certain (regressive) analyses may “hide” SES
within other variables that appear to be more directly linked to the concerns being
explored, such as high school location or standardized test scores.
First-Year Retention
A second area that is prominent in the retention discourse is the “first year” of
college. Not surprisingly, the first year presents the greatest area of risk for students’
persistence. “Nearly half of all students who enter four-year colleges and universities will
never graduate from the institution they enter as freshmen, and close to 60 percent of
students who drop out do so after their first year” (Gordon, Habley & Assoc., 2000, p.
99). Returning to Astin (1975) and Tinto (1987), the first year has the highest levels of
develop a sense of their place in the world and the availability or accessibility of a variety
of social worlds” (Horvat, pp. 208-209).
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attrition in higher education. Indeed, the first term represents the greatest challenges to
students as they are in the greatest state of transition. Tinto writes, “…the incidence of
withdrawal is highest during this early stage of the college career. The individual is least
integrated into and therefore least committed to the institution and thus most susceptible
to the pains and doubts which separation and transition evoke” (p. 148). Tinto also
emphasizes that lack of sufficient preparation has its greatest impact during this stage of
transition, which is particularly important to academic success and persistence in science
fields. Success through the first year reflects these theories’ concepts of transition and fit.
Such milestones as returning for the second term or for the sophomore year can represent
a success in adapting to this new environment of higher education, and increase the
investment/commitment that students may feel. That is, it is “easier” to walk away from
an investment of three weeks of courses than it is to walk away from a year’s worth.
From orientation to first-year seminars to engaged advising and curricular models,
the focus on the first year has largely been one that seeks to integrate students into the
institution, often with the goal of increasing commitment to the institution. These
approaches reflect the work of Tinto, Astin, and those who have followed. However,
activity during the first year is not the complete picture. Indeed, as retention theories have
pointed out, retention is based on both what a student brings with her/him (academic
preparation, economic and cultural capital, etc.), as well as the degree to which s/he will
“integrate” into the institution, both academically and socially. To some degree,
institutions attempt to control, or at least predict the level of academic integration/success
through measurements of academic preparedness using test scores such as SAT and ACT
and evaluation of high school grade point average (GPA). In addition, institutionally
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constructed programs such as orientation, advising, and housing/student communities
focus heavily on the aspect of integration, sometimes blurring the line between academic
and social integration. Some academic services (e.g. the development of advising and
tutoring services) serve both academic and social integration needs. Further still,
classroom interactions and curricular structure have also been demonstrated to influence
retention as a tool of integration (Astin, 1999; Tinto, 1987), particularly in the STEM
fields (Astin & Astin, 1992; Daempfle, 2003; Seymour, 2001; Seymour & Hewitt, 1980).
Linking academic success and institutional integration is an important aspect of
retention. From a predictive perspective, it is clear that academic success is positively
correlated with retention and academic difficulty is positively correlated with attrition.
Indeed, severe academic difficulty can and does lead to non-voluntary dropouts in the
form of academic dismissals, as well as voluntary departure (Astin, 1975; Tinto, 1987).
This is somewhat more complex when examining retention in the sciences. While
academic difficulty, for instance, may force a student out of the institution altogether,
such difficulty may have other effects, such as frustration with the major and/or attrition
from the sciences to other areas of the institution. The next section examines persistence
in the sciences in greater detail, and attempts to provide additional insight into the
specific persistence challenges faced by students pursuing degrees in a variety of science
fields.

Persistence in the Sciences
When examining persistence in the grouped fields of science, technology,
engineering, and mathematics (STEM), preparation is the central topic of concern.
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Preparation, however, does not always act alone. Instead, the intersection of preparation
and the perceptions with which students enter higher education is often a point of
conflict. Incongruence between preparation and perceptions, furthered by the rigor and
design of STEM courses, results in circumstances that impede persistence. These
concerns are further amplified for females and underrepresented minorities. The
exploration of each of these topics below considers both historic and current research
related to student persistence in the academic STEM fields.
Preparation, Perceptions, and Confidence
Preparation of students pursuing STEM majors is an intriguing topic in that it is
associated both with attrition and with persistence. That is, while some researchers have
identified lack of preparation as a cause for attrition in STEM fields, research also reveals
that these same students have higher levels of institutional persistence than their nonSTEM peers, due in part to their increased level of academic preparation. This section
first explores how preparation is operationalized and measured though multiple variables,
as well as how well these relate to predictions of persistence. This is followed by a
review of recent research that presents the positive institutional outcomes of such
preparation. Finally, specific concerns related to preparation are explored for women and
minorities.
Preparation can be identified and measured in a variety of ways. Most of these are
comparative in that they are not necessarily indicators of absolute content/field
knowledge, but instead are measures of where students stand in comparison to their
peers, ranging from an institutional to a national level. High school rank is an example of
a comparative measure of preparation in which students are compared solely with others

26

in their institution; and SAT and ACT tests provide data on students across the country.
The math component, especially, for these tests is intended to provide some measure of
mathematical preparation, though results are scaled scores on a mean, not content-level
assessments. That is, it is unclear what content the test-taker has mastered or by which
s/he is challenged, only how s/he compared with all other test takers on the test as a
whole. High school GPA provides another point of comparison. Students are often
compared with others outside their high school, but the GPA is the result of each
student’s success at a particular institution. Thus, due to curricular and assessment
differences from institution to institution, high school GPA does not necessarily provide a
precise picture of preparation. Advanced Placement (AP) scores are, however, intended
to provide some measure of consistency about both ability and content knowledge, and
thus curricular preparation. Ultimately, these assessments remain as the most commonly
used measures for predicting student success in college and are seen by many as a
measure of preparation. Those who score higher in these areas (i.e. those with higher high
school GPA, higher test scores, and/or higher rankings) are seen as more likely to
succeed and also as more prepared, both with regard to content and “success skills,” such
as study skills, time management, and test-taking skills. In this way, preparation is not
solely the construction of a solid foundation of content knowledge, but as much a
preparing of the ground on which that foundation will be built.
Research by Scott, Tolson, and Huang (2009) indicates that comparative, precollege measures – specifically math SAT scores, verbal SAT scores, and high school
rank – are particularly strong predictors of persistence, both for persistence at the
institution as well as likelihood of persistence in their initial math or science field
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(engineering and technology were not identified as a part of this study). Their data also
revealed that those with the highest means in these areas were the most likely to have
persisted in their math/science major while those with the lowest means were the most
likely to have changed out of their math/science major with a GPA below 2.00 (p. 22).
Further, they highlighted that the prediction is more accurate when multiple variables are
used together rather than as individual measures to predict persistence. Similarly, Shaw
and Barbuti (2010) revealed that greater preparation, as assessed through high school
math and science grade point average and completion of advanced placement
courses/exams, accurately predicted significantly stronger persistence for students in their
STEM majors.
However, the difference between perceived and actual preparation can be a cause
for concern. That is, if/when these pre-college measures are considered indicators of
preparation, a disconnect may exist between one’s perceived preparation and one’s actual
preparation with regard to STEM content, particularly given their variability across
institutions. “Students come to college with expectations and abilities based upon their
high school coursework, achievement, and parental and social influences. These
expectations and abilities then collide with the collegiate science curriculum with it
professors, labs, grades, and peers” (Rask, p. 893).
Astin and Astin (1993) and Seymour and Hewitt (1997) found that high school
preparation of students, along with their expectations, was not always sufficient for the
academic rigors they would encounter at the college-level. Linking high school
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preparation to SEM3 persistence, Seymour and Hewitt (1997) revealed major differences
between both students’ high school performance and their perception of preparedness and
the realities of their ability to succeed at the college level. They found that, while high
school preparation and conceptual difficulties did not account for a large portion of
students’ decisions to switch overall (14.8% and 12.6%, respectively), these two areas
had a much greater impact on those deciding to switch within the first year (40% and
25%, respectively)(pp. 78-79). It is important to note, however, that concerns about
under-preparation were conveyed both by students who decided to switch out of SEM
fields and those who decided to persist. “What distinguished the survivors from those
who left was not the nature of their problems, but whether they were able to surmount
them quickly enough to survive” (Seymour, 2001, p. 82). Using mathematics as an
example, this suggests that a preparation deficiency in mathematics could be overcome,
but only if the students had the necessary support. Obtaining support, of course, requires
that the student is able to identify a need for, or be identified as needing, support, as well
as having the social/cultural capital necessary to find and utilize such support. Advising,
for instance, may provide a link to such realizations and the delivery or referral to such
resources, and will be discussed further below.
Seymour and Hewitt also explored preparation as it was connected to the
perception of “hardness” of the sciences. This was linked both to conceptual difficulties
and to the amount of work required in these majors. They identified three primary
components to the sense of stress that overwhelmed students and contributed to
switching:
3

Seymour & Hewitt’s work focuses on science, engineering, and mathematics fields
rather than STEM, leaving technology fields out of much of their research and analysis.
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First came feeling overwhelmed (experienced by students who were wellprepared, and more acutely, by those who were not). Second, students
experienced a downward spiral out of the major (usually within two semesters)
which began by their falling behind in a particular class and attempting to repeat
it. The third factor was a growing awareness that staying in the major involved
making a choice about the kind of educational experience they really wanted.
(p. 97)
They go on to link these challenges to resources, such as advising and other college
support mechanisms, indicating,
students who had a facility with mathematics, and an interest in the sciences, but
who were under-prepared for the freshman experience, or had set-backs in early
classes, reported they could (or would) have persisted if help with these relatively
common problems had been more available or better organized (p. 99).
As indicated above, this is particularly relevant to the study at hand, linking the
value of early identification and coordinated intervention to persistence, whether within
the STEM field or more broadly at the institution.
Thus, while students may have performed well, even at the top of their high
school class (as reflected in both high school rank and GPA), their high school
preparation proved to be inadequate for success in college-level STEM courses. The
result was college performance that was incongruent with what would have been
anticipated. Ultimately, the perception of well-preparedness and the result, particularly as
measured by the earned college GPA, did not compliment one another. Perhaps
unsurprisingly, research has consistently shown college GPA to be the best predictor of
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first-year retention (Astin, 1975; Levin & Wyckoff, 1990; McGrath and Braunstein,
1997; Robertson & Taylor, 2009; Tinto, 1975). Shaw and Barbuti (2010) revealed a
similar result specifically for STEM major persistence. This is an important consideration
in the development of a predictive model. If an institution can predict an accurate firstterm or first-year college GPA, this may provide substantially increased precision for
determining a level of risk, both within the major and the institution.
Further, grades earned specifically in STEM courses appear to have an impact on
STEM persistence. Griffith (2010), McDade (1988), and Rask (2010) all reported
significant findings pertaining to the grades earned in STEM courses. Rask and McDade
indicated that lower grades correlated with reduced persistence; Griffith showed a
positive correlation between higher STEM grades and increased persistence. This topic is
linked both to the discussion of preparation as well as considerations about the overall
“climate” and the influence of grades on confidence. That is, students do not migrate out
of STEM majors solely because of poor grades, such that they may be encouraged or
compelled to change majors. While this certainly does occur, many students change
majors and/or leave institutions due to feelings of distress, shattered confidence in their
ability to be successful, and other impacts that lower-than-expected grades induce. It
becomes a question of whether students will be able to execute a “readjustment of
perceptions of the intellectual self as competent and capable” (McDade, p. 96). In
McDade’s exploration (focused on women STEM majors), this “readjustment” often
meant an adjustment out of STEM fields in which they felt inferior, and into other fields
in which they had new or renewed confidence in their intellectual abilities and perceived
“an environment more conducive to their goals and achievement” (p. 99). This emphasis
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on grades and their impacts on persistence further complicates STEM retention when
considering the “hardness” reported by students, and the evidence showing that STEM
courses have consistently been the “hardest” graders (Kokkelenberg & Sinha, 2010;
Rask, 2010).
The literature, however, does not link preparation solely to attrition. Indeed, while
preparation of STEM majors may have negative impacts on decisions to persist in STEM
fields, it can actually have the reverse effect on persistence at the institution. That is,
while students who find themselves ill prepared for the rigors of the STEM fields, leading
to attrition in those fields, this may have an opposite effect on persistence at the
institution. Ost (2010) revealed patterns for students migrating out of STEM majors, but
as indicated in Whalen and Shelley (2010), those who started higher education in STEM
majors had higher levels of retention (6-year) and/or graduation than those who started in
non-STEM majors and remained as such (pp 49-51). This supports the data from a report
of STEM persistence by the National Science Foundation (NSF)(2012)4 and Chen’s
(2009) report for the US Department of Education’s National Center for Educational
Statistics (NCES), both of which also demonstrated higher intuitional persistence and
graduation rates for students who started in a STEM major. It is also worth noting,
“students who initially were non-STEM majors and changed to a STEM major had a
statistically significantly higher rate of retention/graduation compared to initially nonSTEM majors who remained in non-STEM majors” (Whalen & Shelley, p. 51). This
pattern is also reflected in the 2009 NCES report. Thus, with regard to institutional
4

Interestingly, this has changed in the last four years. The NSF Science and Engineering
Indicators 2008 report indicated that persistence and degree completion for science and
engineering (S&E) students was “at about the same rate” as non-S&E students (NSF,
2008).
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persistence, STEM majors appear to fair better than their non-STEM classmates, due in
part to their level of academic preparation in comparison to their peers. While such
grounding often may not prepare them with the necessary level of academic prowess to
be successful in STEM fields, it may provide them with knowledge and skills that help
them to be successful in seeking a degree in general.
Preparation, then, is a complex variable for students pursuing STEM majors. On
one hand, it represents a variable that precludes their success in STEM majors; and on the
other, it often situates them to perform better than many of their peers in overall retention
and degree completion. This, however, is complicated by other variables such as their
ability to find the resources to redirect their academic careers and overcoming both
financial and emotional challenges of failure in their initially chosen field, as well as
institutional restrictions due to lack of degree progress. Again, this suggests that services
such as advising may be capable of playing a role in delivering and referring to services
that can help students overcome both academic and non-academic challenges.
Gender, Race & Ethnicity in STEM Majors
Attrition of women and minorities in STEM majors is another important concern
in the persistence literature. While it was not anticipated or reflected as a major part of
this study, elements of gender, race, and ethnicity are consistent variables in risk
prediction for persistence and the literature frequently describes concerns about the
progress of women and underrepresented minorities in the sciences.
Gender
With regard to gender, to some degree the condition in the sciences runs contrary
to what might be anticipated. For instance, Astin and Oseguera (2004) reported
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significantly higher levels of overall degree completion for women than for men.
Similarly, using National Educational Longitudinal Study (NELS) data and National
Center for Educational Statistics (NCES) data, Buchmann (2009) revealed that women
enroll in, persist, and graduate at higher rates than men when looking at higher education
STEM progress as a whole. This does not reveal the full story, however, and closer
examination reveals greater disparity by field and conflicting findings on reasons
impacting this persistence. While it appears that women earn a slight majority of the
STEM degrees awarded, they have a higher concentration and persistence in life sciences
and form substantial minorities in the physical sciences (George-Jackson, 2011; NSF,
2012; Ost, 2010; Rask, 2010).
For decades, reports on persistence for women have indicated gaps, both due to
lower enrollment in the STEM fields and due to higher attrition through the STEM
programs. That is, there have been proportionally fewer women declaring STEM majors;
and women were less successful in persisting than their male colleagues, thus creating
substantial gaps both in enrollment and degree completion, especially in proportion to
their societal representation. Astin and Astin (1993) reported on this phenomena,
indicating, “Performance gaps favoring men at the point of college entry appear to widen
during the undergraduate years” (p. 3). Similarly, Shaw and Barbuti (2010) identified a
higher tendency for women to transfer out of STEM majors.
There has, however, been some shift in this pattern in recent years, particularly for
women. New research is showing greater similarities of persistence in comparison to
persistence in other fields and as a proportion of enrollment. As late as 2004, the National
Science Foundation (NSF) explicitly found that women persisted at lower rates than men
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(NSF, 2004). However, this was the last year that this biennial reported this difference
overall for the sciences. In its current edition, it separates the gender differences by
grouped science fields, where women have a proportionately higher rate of enrollment
and completion in life sciences, and a proportionately lower rate of enrollment and
completion in the physical and computer sciences (NSF, 2012).
In looking for causes for these differences, several reasons are presented across
the literature, both new and old. As indicated above, preparation and subsequent grades
can have an effect, and it may be amplified by gender. However, the research literature is
inconsistent on this point. Griffith (2010), McDade (1988), Ost (2010), and Rask (2010)
all showed a positive correlation between higher grades in STEM courses and persistence
in (some) STEM majors. Ost indicates that this is true for women in the physical
sciences, where they persist less well, but not for the life sciences. Griffith and Rask5
write that while women do show a positive correlation between higher grades and
increased persistence, the impact is greater for men. McDade’s research showed a strong
positive correlation for women; however, the landscape has changed considerably since
this research was published in 1988.
These studies often appear to link preparation and grades; however, substantial
conflicting literature rules out ability and preparation differences positive correlation with
grades in the physical science fields (Buchmann, 2009; Daempfle, 2003; Seymour, 2001;
Seymour & Hewitt, 1997). One of Seymour and Hewitt’s key findings was that there was
little difference in the academic ability and other personal characteristics of students who
switched out of STEM majors, and those who remained, regardless of gender, race, or
5

Rask’s research is based on a population at a small liberal arts college indicating 90%
persistence, well above the national mean.
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ethnicity. Similarly, Brainard and Carlin (2001) indicated that for women leaving STEM
majors, “comparison at the time of switching showed no difference in actual
performance, measured by GPA, between women who persist in S&E and women who
switch to a nonscience major” (p. 35). While this may appear to conflict with preparation
literature, the essence of these studies is to isolate cognitive ability, and to control for the
factors that may be a result of unequal preparation, and thus expose non-cognitive factors
that contribute to attrition, such as confidence, climate, and cultural considerations.
Newer research indicated that preparation does indeed matter and “once one controls for
academic preparation a substantial portion of the difference in persistence rates by gender
and race is eliminated” (Ehrenberg, 2010, p. 890).
Self-efficacy for women, particularly as it links to confidence, is also reported on
consistently throughout the literature. Self-efficacy is influenced by multiple variables
ranging from preparation and expectations to climate; from peer and faculty make-up to
pedagogy. Brainard and Carlin (2001) demonstrated diminished self-efficacy in female
STEM majors. In their study, women saw a significant (p< 0.001) drop in their
confidence in the first year. Indeed, “lack of self-confidence” was the second highest
barrier to persistence reported by freshman female students; the first was “not being
accepted into the department” (p. 33). Interestingly, the number one reason for
sophomores through seniors was “feeling intimidated,” which similarly can impact selfefficacy. They also reported that the confidence levels, both for those who persist and
non-persisters, “do not return to their original levels” (p. 35).
In addition, college climate and pedagogy are also worth noting. The reasons
indicated in Brainard and Carlin describe reactions to a college climate that is often
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referred to as “chilly” or “hostile.” Both Daempfle (2003) and Seymour and Hewitt
(1997) report on the “chilly” climate in STEM fields. This climate seems to arise from a
combination of pedagogy, representation (the presence of women and underrepresented
minorities in the faculty), and general student perceptions. Interestingly, these
perceptions were typically expressed by similar numbers of those who did not persist, as
well as those who did.
Some have reported that the characteristics of the environment can have a positive
impact on the climate, or at least on the persistence of women and minorities. The data,
however, are somewhat inconsistent and at times surprising. For example, recent research
by Price (2010) found that female persistence decreased when taking courses with female
faculty members, particularly in the first year. Griffith (2010) found similar results for
women and minorities. However, she indicates stronger persistence for both women and
minorities when there are higher percentages of women and minorities in the graduate
program. “It is clear that as the graduate student population in STEM fields becomes
more female and minority, so does the undergraduate population” (p. 921). Rask (2010),
however, showed no role model or peer influence in female persistence. Conversely, Ost
(2010) and Kokkelenberg and Sinha (2010) both showed positive peer impacts on
persistence. Ost, however, limits his findings to the physical sciences. “For the physical
sciences, exposure to peers who have a higher ex-ante probability of persistence is found
to increase the probability of persistence. The impact of peers is shown to have important
non-linearities where females and unlikely persisters experience the greatest gains from
exposure to high quality peers” (p. 933). While the different populations and institutional
environments likely influence these results, it is clear that additional research is necessary
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to further explore these inconsistencies.
Finally, Astin and Astin (1993) and Seymour and Hewitt (1997) provide
recommendations pertaining to pedagogical changes in STEM courses. In addition, a
substantial amount has been written exploring the impacts of pedagogy, particularly from
the feminist lens. However, this topic is explored minimally here; it is essential to include
but is unlikely to create much impact in this research. Briefly, Conefrey (2001)
summarizes this topic indicating,
Treating men and women the same does not equate to treating them equally
because girls’ socialization does not prepare them in the same way as boys’ does
to fit into the culture of science […] Since women enter the sciences with a
different pattern of socialization, they must adjust to a system of which they have
little prior knowledge. Lacking experience of the educational norms and attitudes
they encounter, women do not know what to make of them or how to respond
appropriately. A talented young woman who dropped out of the laboratory […]
commented, “I guess one of the main reasons I quit was because the guys always
seemed so at ease with each other and the P.I. and I always felt clueless and
uncomfortable. It was very intimidating actually.” (p. 176)
These realities of the socialization of female students can create barriers that may be
invisible to all parties involved. Thus, a shift in pedagogy, in an effort to address these
challenges, can be elusive, if not rejected due to an inability to “see” these necessities.
“Male scientists resist recognizing their own cultural embeddedness in the face of their
trained objectivity and neutrality, and instead appeal to ‘organizational anarchy’ to
explain the operations of universities and their resistance to change” (p. 185). While this
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does not present a full picture of the challenges of pedagogical alterations, it does provide
some insight into the benefits that may be realized by women in STEM fields.
Race & Ethnicity
Race and ethnicity have also been a consistent variable in the determination of
risk of attrition in the sciences. These differences occur along lines of representation
within the STEM fields. Specifically, minorities of Asian descent are “overrepresented”
in relation to their representation in the population generally. Black and Hispanic
students, on the other hand, tend to be significantly underrepresented within STEM
majors in institutions of higher education.
Underrepresented minorities within STEM fields experience persistence gaps in
that they have both lower enrollment and higher attrition than their non-minority and
overrepresented minority colleagues, particularly with regard to their societal, and even
institutional representation. Thus, they enter in smaller numbers and produce fewer
relative graduates, widening the gap at both ends of the access/opportunity path. Astin
and Astin (1993) reported significant patterns related to achievement in STEM fields for
African American students:
To a large extent students’ performance at the time of graduation from college is
constrained by precollegiate preparation, regardless of what happens in college.
Findings regarding…precollegiate (input) factors are a cause for concern. That
African American students perform less well on the graduate admissions tests
than would be expected from their college admissions test scores suggests that
their undergraduate educational experiences are not enhancing their scientific
knowledge and mathematical skills to the same extent as is found with members
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of other racial/ethnic groups. Thus, the substantial gaps in performance between
African American and other students that already exist at the time of college entry
are actually widened during college. (p. 3)
They reported that similar patterns were identified for Hispanic and Native American
students in STEM fields, as well. Similarly, Shaw and Barbuti (2010) recently indicated a
higher tendency for female and most underrepresented students to switch out of STEM
majors.6 Likewise, Ost (2010) indicated significant gaps in persistence for minorities.
The raw persistence gap for black students compared to white students is present
in both the life and the physical science, but can largely be explained by
performance and preparation factors. Conversely, even when controlling for other
factors, Hispanic students are found to have much lower persistence in the life
sciences than white students. It is, however, unclear why the gender gap exists
outside of the life sciences. (p. 933)
A persistence gap existed for Hispanic students in the physical sciences raw data, as
well.7 Similarly, Byars-Winston, Estrada and Howard (2008) confirmed that,
underrepresentation of Bachelor degrees earned by targeted minority students
(i.e., African Americans, Latino/as, South East Asians, and Native Americans;
collectively referred to as ALANA students) in these fields. Despite steady
increases over the past 15 years, ALANA students continue to be substantially

6

This study was particularly small and there is not an indication with regard to life and
physical sciences differentiation for women.
7
It is important to note that the student population used in the Ost study is not
representative of student enrollment nationally. The setting is a “large elite research
university” which has a slight male majority, an underrepresentation of black and
Hispanic students, and higher than usual entrance assessments (1358.2 average SAT,
75% in top 10% of high school, etc).
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less likely to complete degrees in agricultural sciences, engineering, and physical
sciences, when compared to degree completion by their counterparts in all science
and engineering fields. (p. 1)
A substantial number of the studies identified above worked with data for gender
as well as for race and ethnicity. For instance, the NSF (2004) also reported a lower rate
of persistence for minorities, as it did for women, in science8 and engineering. In
subsequent editions, it focused more on shifting populations combined with a growing
number of degrees awarded. They reported that,
Between 2000 and 2009, the proportion of S&E degrees awarded to white
students among U.S. citizens and permanent residents declined from 71% to 66%,
although the number of S&E bachelor’s degrees earned by white students
increased during that time […] The proportion awarded to Hispanic students
increased from 7% to 9% and to Asian/Pacific Islanders from 9% to 10%. The
shares of black and American Indian/Alaska Native students have remained flat
since about 2000. (p. 2-21)
While these numbers show some improvement, they also report that the “differences in
completion of bachelor’s degrees in S&E by race/ethnicity reflect differences in high
school completion rates, college enrollment rates, and college persistence and attainment
rates” with blacks, Hispanics, and American Indian/Alaska Natives less likely to be
successful in any of these areas compared to their white and Asian/Pacific Islander
colleagues.
Similarly, along with their work on gender, Griffith (2010) and Rask (2010)
8

It is important to note that the NSF includes psychology and other social sciences in its
reporting whereas most exclude these from the STEM fields.
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indicated that while minorities demonstrate an increase in persistence that correlates with
earning higher grades, the same is demonstrated for non-minorities and with a greater
positive impact. However, as discussed above, higher grades have some reliance on the
degree of preparation and the connectedness between high school preparation and race
and ethnicity are worth considering. Seymour and Hewitt (1997) reported that minorities
indicated significantly higher levels of under-preparation and expressed that while they
may have been strong students at their high school, the level of preparation did not
translate to adequate preparation for their college-level STEM courses. Similarly,
Daempfle (2003) identified “differing high school and college faculty expectations for
entering [all] SME undergraduates and [suggested that] epistemological considerations
could contribute to a higher dissatisfaction found among SME majors and the resulting
attrition” (p. 50).
These challenges present themselves in multiple ways, from the purely academic
challenges that mandate dismissal from a major or institution, to the impacts on selfefficacy that result in personal decisions to seek other fields or institutions. For instance,
due to preparatory differences, remedial processes in higher education to address
underpreparation, while intended to support academic progress, can also negatively
impact persistence. Seymour and Hewitt (1997) reported on institutions wherein those
requiring some form of remediation undertook such remediation while simultaneously
moving through their regular curriculum. These students had the most significant
challenges with regard to conceptualization of the material and significant workload.
Even where there is not a requirement to concurrently pursue such remediation, entering
with deficiencies (math, in particular) were significant barriers to persisting. For instance,
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that “S.M.E. faculty demand early commitment from students in order to build their skills
and understanding in a linear fashion over time” is worth considering in that it differs
from the expectations of faculty in many other disciplines that may encourage exploration
(Seymour & Hewitt, p. 17). Thus, there is much less time to remediate oneself and
consequently a greater likelihood of faltering academically, followed by the academic
and/or psychological implications of such limitations. The need for such remediation and
tutoring, especially when it is in conflict with expectations formed in pre-college
academic experiences, combined with the result of not being able to perform as well as
anticipated, can negatively affect students’ self-efficacy, culminating in major or
institutional attrition.
Research by Fencl and Scheel (2006) and Clewell and Ginorio (1996) reported
that, despite equal levels of self-efficacy entering higher education, minorities (as well as
women) saw a significant drop in their confidence within the first year. For many,
particularly minorities, a downward spiral can be created when efficacy and preparation
are not synchronized. While self-efficacy may start out level, preparation may be skewed
with minorities having a disproportionately lower level of preparation; this can lead to
academic difficulty and even encouragement to leave the STEM fields, which in turn
lowers self-efficacy. This lowered self-efficacy can then affect one’s ability to even
imagine her/himself as successful. However, as indicated above, even when controlled
for ability some women and minorities cite self-efficacy reasons resulting from climate as
the reasons for departing STEM fields.
Finally, the environmental make-up may have an impact for minorities much the
way it does for women. Recent research by Price (2010) found that black students are
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more likely to persist if they take a class with a black faculty member. And, as indicated
above, Griffith (2010) identified stronger persistence for minorities when the graduate
student population was increasingly minority. Rask (2010), however, showed no
correlation between “role model” make-up and minority persistence.
For both women and minorities in STEM fields, it is clear that additional research
is necessary. Differences in institutional structure and mission, along with population
shifts both nationally and in those attending higher education have created unique
outcomes for enrollment, and persistence, graduation. While gender and race/ethnicity
appear to be making progress, there are still concerns, particularly with regard to
completion across all STEM fields.

Risk Prediction Models
Risk assessments related to persistence are designed to help institutions
effectively and efficiently impact retention in a positive way. They attempt to achieve
two ends: to identify those with the greatest need of support/intervention, and to
effectively target such resources/intervention in meaningful ways. This section provides a
brief introduction to the use of risk instruments, their use in the field of higher education,
and a critique, emerging from the literature, about their application.
Statistical Risk Instruments
Risk instruments attempt to predict future individual behavior/outcomes based on
statistical models that analyze substantial amounts of historical group information. Copas
(1999) advocates for the use of a logistic regression statistical model for determining risk
– specifically when assigning a “risk score” – citing the effectiveness, accuracy,
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practicality, and soundness of the approach. He promotes above all that “the resulting risk
scores gives an assessment of risk for all possible combinations of values of the risk
factors. Without a model, there would never be enough data to assess each of these
combinations separately.” (p. 38) Thus, he asserts, these risk models provide an
opportunity to examine an expansive list of variables, and combinations of variables, in
order to make the most credible predictions about risk associated with the population
possessing those variables/combinations. Within each context in which the model is
demonstrated, variables can be measured for their effectiveness in the prediction, and
weighted when applying to the population. To clarify, the regression model is constructed
and tested using historical data. The results determine the construction of the risk model,
which is then applied to the (new) target population. Copas cautions that this is not, of
course, a causal relationship, particularly as there are multiple variables and combinations
of variables under consideration. Further, even in a mathematically statistical assessment,
there is some human judgment required.
When the effectiveness of a risk score is assessed in purely statistical terms, there
may be several choices of risk factors which are equally effective, or almost so.
Again, this precludes a causal interpretation of any one particular choice.
Typically, there will be a small number of factors which are clearly important,
and several others which make a modest contribution to prediction. Which of
these lesser factors to include may be somewhat arbitrary. (p. 47)
In some cases, the influence of one variable may be reflected through a similar variable.
This presents another circumstance in which one may choose to include one variable but
not the other.
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However, strongly negative or at least skeptical reactions to the regression
statistical model appear frequently, particularly in the criminal justice literature, in which
risk prediction is utilized to assess the likelihood of recidivism, threats of violence, etc.
Steadman et al., (2000) criticize the regression model for its limitations in considering
more subjective measures. Indeed, Copas likewise presented this concern, indicating,
“[I]f the objectivity of statistical estimates or risk is their strength, then it is also their
weakness” (p. 36). Steadman et al. promoted a “classification tree” model in which
questions are prompted based on the response (or data) collected in the prior question.
That is, the answer to the first question determines what the second question will be, the
answer to the second questions what the third question will be, and so on. “A
classification tree approach reflects an interactive and contingent model […] that allows
many different combinations of risk factors to classify a person as high or low risk” (p.
84). Similarly, Walklate (1999) outlined questions about statistical models, though her
concerns had less to do with any specific model and instead focused on the value
attributed to risk assessment as being “forensic,” objective, universal and, to some
degree, unquestionable given its root in a positivist scientific tradition. “In other words,
there has been an acceptance, largely as a result of the effects of positivism, that risk can
be measured and therefore managed [and that] risk management has become focused on
the control of outcomes” (p. 48). Walklate’s article does not, however, condemn
statistical risk assessment outright. Rather, it cautions that there are limitations.
Probability statistics, rooted as they are in historical data, can never provide us
with anything more than hypotheses concerning what might happen in the future.
Events can always happen otherwise, despite cultural values and beliefs to the
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contrary. Of course, in a sense this is precisely the purpose of risk management: to
minimize the likelihood of wildness breaking out. But the possibility cannot be
eliminated. To deny this possibility denies the possibility of human agency.
(p. 49)
It is important to note that Walklate’s context is criminal justice and the prediction of
violence with the anticipated outcome of a reduction of violence in society. The stakes
for the precision of risk prediction are arguably higher in this context. The sense of
purpose here is to clarify that, while useful, statistical risk models will never be as precise
and effective as society either wants or expects them to be, despite their scientific
foundations. However, these concerns are instructive in multiple contexts, including
predicting and impacting retention and attrition in higher education.
Risk Models & Education
As with the field of criminal justice, large populations and limited resources in
higher education demand efficient methods to identify need and dispatch support to meet
those needs. These conditions often restrict the ability of institutions to respond to all
students’ needs, all of the time. The risk assessment is intended to identify students who
may be most at risk of not being retained by the institution, allowing the institution to
target resources to support these students in specific ways. In examining statistical
models for risk assessment, Copas (1999) provides a parallel purpose to medicine:
In medicine, risk scores are sometimes used in assessing the health care needs of
patients admitted to hospital, to ensure that that [sic] scarce resources are targeted
to those at greatest risk. A screening programme for a particular disease aims to
identify a high-risk group, those who need treatment or whose health should be
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monitored more closely. (p. 39)
However, utilizing scaled risk scores, institutions can weigh the costs and benefits of
directing resources to those who may be closer to the cusp (lower risk), those who may
need fewer resources and/or yield more positive results. Such practical application of risk
assessments depends on the mission, goals, and ethical assessments of the institution. The
limitation of resources drives a need to identify how those resources can have the greatest
impact. A medical analogy, wherein doctors sought to offer a diagnosis of outcomes
based on inputs, was also incorporated by Astin (1993). Captured by diNovi (2011), this
analogy
likens prediction of college student success to offering a [medical] prognosis
based on a known set of input variables, which is possible due to the consistency
of human behavior […] Therefore, inputs such as a first-year student’s past
academic record, goals and aspirations and other relevant background information
can be utilized to predict future educational outcomes. (p. 6)
Here, diNovi echoes Astin’s indication that the accuracy of the prediction will increase as
more inputs are considered (i.e. high school GPA may provide a rough estimate, but high
school GPA combined with other predictive factors – academic and/or non-academic –
will provide a more accurate estimate).
As discussed above, retention is influenced by a large number of factors ranging
from high school GPA, to socioeconomic status, to a student’s level of commitment to
degree attainment. These become the inputs in Astin’s medical analogy that drive the
prognosis (and, to take it a step further, prescribe the solution). Using regressive
statistical models, theorists and practitioners are able to identify why students were
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(historically) prone to dropping out and, in doing so, develop risk models to identify
students that may need assistance and/or intervention in order to reduce attrition. That is,
if risk can be quantified and targeted, then precise resources may be focused in the areas
determined to be most necessary to improve retention.
Retention studies through the last few decades have identified and/or classified
several variables that correlate with persistence or attrition. These provide a foundation of
variables that can be tested in specific contexts in order to determine their weighted
influence, if any, for use in the risk model. Friedman and Mandel (2009) summarize and
categorize some key retention studies along with the influences explored and/or promoted
across the multiple studies. These included student variables (e.g. demographic and
preparation), institutional variables (e.g. class size, faculty ratios, retention programs,
etc.), and psychological variables (e.g. attitudes, motivation, etc.). Tinto’s (1993)
integration theory and Bean and Eaton’s (2001) psychological models narrowed the
retention discussion, focusing investigations on specific academic and non-academic
influences on retention. The work of Beck and Davidson (2001) and later Davidson,
Beck, and Milligan (2009) focused on using student questionnaires to operationalize
aspects of motivation, self-efficacy, and other attitudinal traits in order to determine
correlations with retention and to construct predictive models based on these associations.
While a basic framework of variables exists, as indicated above it has not always
been consistent. Whereas one study may find a connection between gender and
persistence, another may not. Different data sets, particularly from different types of
institutions account for some of this heterogeneity, though not entirely. Likewise, as
demonstrated in STEM fields, changing populations, cultural understandings, and faculty

49

demographics may impact the influence of specific variables over time. Ultimately, it
seems clear that context matters. While there are likely variables that will continue to
have a significant effect on retention, this cannot be taken for granted and must be tested
in each environment to determine the level of influence.
Cautions & Considerations
In thinking about how risk assessments might be used effectively, it is important
to consider cautions about the development and use of such predictive models. Three
primary concerns are notable in the literature: contextual importance, validity assurance,
and measured expectations.
As noted above, the unique circumstances of each time and location can have
noteworthy impacts on analyses of data. Shifts in population, cultural evolutions, and
varying institutional make-ups and missions all have an influence on the validity of
predictive models and the variables used therein. Reason (2009) conducted a review of
retention literature to demonstrate that, in addition to decades of research on retention
variables, changing student populations provide additional complexities to the work of
predicting risk. “As an increasing number of students from formerly underrepresented
groups come to campus, the effects of race, gender, ethnicity, age, and other demographic
variables will change. New studies must reexamine our understanding of these variables
and their relationships to retention” (p. 497). While many of these variables, gender and
ethnicity in particular, have been considered in retention studies, the guiding principle
here is that context matters. That is, not all institutions share a common student
population. These variables, those that came before, and likely countless others to be
considered, may have considerably different levels of influence dependent upon the
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demographic makeup of the institution, its offerings, and the mission/purposes of the
institution. Following an extensive review of literature and conducting their own research
on variables influencing retention, McGrath and Braunstein (1997) echo this concept and
recommend,
that college and university administrators and faculty work together to conduct
their own research regarding the retention of students rather than rely too heavily
on findings in the related literature. The literature indicates that the causes of
attrition vary, and the strategies designed to reduce it produce different results at
different institutions. Thus, since every college and university has its own
admissions standards and policies, administrators and faculty may want to
develop a better understanding of their own students working within their own
institution’s culture because it influences the behaviors that affect the rates of
attrition and retention.
In promoting the use of the College Persistence Questionnaire, Davidson, Beck, and
Milligan (2009) likewise underscore the importance of using institution-specific data.
“Factors affecting retention are often specific to the institution and the individual student.
In planning persistence-oriented courses or funding institutional changes, it is important
to know which variables most strongly affect attrition at a particular school for a certain
group of undergraduates (e.g., first-generation or minority students)” [emphasis
added](p. 386). These concepts likewise translate to the development of a retention
program. Moore, Hossler, Ziskin, and Wakhungu (2008) emphasize the importance of
understanding institutional context as opposed to
applying a global or generic model of retention…[instead] they need to explore
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how students respond to and are served by specific policies within the framework
of an institution’s educational mission, student body, and unique conditions—
particularly at special-mission institutions or those serving homogeneous student
bodies. (p. 27)
This is further confirmed by Caison (2007) in her work examining the importance of
using institutional database variables in addition to identify students at risk of
withdrawing in the first year. Finally, returning to risk prediction in the criminal justice
field, Jones, Schwartz, Schwartz, Obradovic, and Jupin (2006) provide a similar caution,
particularly “if a risk assessment developed for a specific population is being used in a
different setting-whether this be defined by geography, race, gender, age, etc.” (p. 497).
To its logical end, this may go beyond institution, particularly at a large institution, and
have implications at the school/college, program, and/or major level. In addition, this
concept has significant data and resource limitations. While questionnaires may help in
acquiring a certain amount of institution-specific data, the consideration of time and
staffing resources needed to collect and assess that data are worth noting.
In considering the second area of caution, assuring validity, it is instructive to
return to the field of criminal justice, where a long history of risk assessment has sought
to help determine the likelihood of crime recidivism, impacts on child welfare, the need
for incarceration, etc. Reviewing the use of risk prediction models in criminal justice,
Gottfredson (1987) expressed, “Errors in classification and prediction are inevitable
because prediction cannot be perfect” and to address this concern he promotes
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“improving the validity of the prediction” in order to reduce errors (p. 13).9 This is
supported by Jones (1995) and expanded by Jones, Schwartz, Schwartz, Obradovic, and
Jupin (2006) who caution:
Developing ineffective actuarial assessment tools [as opposed to clinical ones] by
using poor and inappropriate methodological or statistical techniques that produce
risk assessments with little or no predictive validity is quite possible. Such tools
not only possess none of the implied advantages of actuarial assessment but have
the danger of "laundering" poor and inappropriate assessments as scientific,
objective results. Poorly developed or inappropriately employed actuarial risk
assessment is damaging because it contributes to poor decision making and gives
the decision maker an unwarranted optimism and faith about the validity and
utility of the estimates of risk that buttress their decisions. The consequences of
poor risk assessment in juvenile justice and child welfare are serious and far
reaching, leading to inappropriate or inequitable decisions that significantly
undermine the chances of successful treatment in any given case. Poor risk
assessment can place a child at risk of abuse or neglect, justify removal from a
home, or place in the community a youth at significant risk of continued
delinquency. (p. 463)
While it is likely that a greater risk exists in the field of criminal justice, certainly such

9

It is worth noting that Gottfredson presents a second tool to address errors in prediction:
“identify and face the ethical issues whenever applications to decisions situations are
proposed” (p. 13). Here as in education, ethical concerns must be weighed with regard to
the costs and benefits of each decision. Gottfredson provides an example of liberty
(pretrial release) being weighed against public safety. In education, it may represent
identifying where resources can have the greatest impact, knowing that not all, and even
some segment of the at-risk population, may not receive the same level of support.
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concerns are both valid and important to educational practitioners concerned with
working for the best interests of student. Translated to academe, if such tools are flawed
or misused, the outcomes may mean restricted access and denied opportunities, in
addition to misappropriated resources. The goal of increasing student retention could be
turned on its head, providing an arena in which the implicit consequences of hegemonic
domination and social reproduction can flourish. Ultimately, this may result in a habiti
that is silently, perhaps unknowingly, oppressive and creating “symbolic violence”
(Horvat, 2001). In order for risk prediction models to be effective in the process of
reducing attrition – and subsequently, social reproduction – they must be effective and
thus tested for such validity. Indeed, if a model produces results that are invalid, and
those results are never evaluated, substantial resources may be wasted that otherwise may
have been used to improve conditions and support students. In some cases, this may be
worse than doing nothing. That is, sometimes a broken tool can do more damage than
choosing not to use any tool. However, when a tool does work, it may create ethical
dilemmas for those using it. Outcomes of an accurate risk model require critical analysis
of the policy that follows. For example, a risk model can accurately and with validity
predict risk and, if used for programmatic intervention, reduce attrition but still create
less social mobility. If the intervention demonstrates greater benefits by intervening with
those who are less at risk, the result may be to divert resources and support from those
most at risk.
Finally, returning to Walklate’s (1999) concerns about society’s “positivist”
beliefs and expectations of scientific practice, it is important to consider risk prediction
models as a tool, not a panacea. Along these lines, risk predictions are limited by the
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information that is available, which makes them inherently imperfect. Despite his
advocacy for statistical modeling to predict risk, Copas (1999) concludes his article with
casual uncertainty and measured hopefulness: “the risk score is an attempt to make the
best of what we can find, hopefully in a way which is useful for pragmatic decision
making” (p. 48). This approach conveys a desire to limit the weight that may be
attributed to risk prediction. Ultimately, standards should be exceptionally high, but
expectations should be measured and considered in the consequent aspects of the process.
While they may provide considerable assistance in identifying at-risk populations,
they are only a part of the process. Their purpose is to utilize historical and known data
(“what we can find”) in order to predict the likelihood that a future event will occur, be it
recidivism or dropping out of college. Jones (1995) writes, “Selection of the appropriate
target population is perhaps the most important component of program design and
implementation” (p. 42). Identifying the risk group is the crucial first step. Beyond
identifying a target population, it is necessary to determine if, when, and how to intervene
in order to prevent the predicted outcome from becoming reality. Who needs help? Who
can be helped? And how can resources best be allocated to provide the necessary
assistance? Ultimately, some form of human intervention is necessary. Predicting risk
provides data, but someone has to assess and then determine action(s) prompted by those
assessments. The next section will review literature relevant to one method of
intervention in higher education: academic advising.
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Academic Advising
One of the primary mechanisms that institutions of higher education have
employed to increase retention and persistence to degree is academic advising. This
support program seeks to pair well-informed and trained staff and/or faculty with students
in order to assist with their prescriptive and developmental needs related to degree
progress. This model provides an institutional liaison that can support students in
understanding the specific requirements of their degree, policies and procedure of the
institution, and strategies for academic success and degree completion, including setting
objectives/goals. This section provides a brief overview of advising mechanisms and
creates a link between persistence and advising, particularly within STEM fields.
There are, essentially, two primary approaches associated with academic
advising: prescriptive and developmental advising. Prescriptive advising includes
services that identify and distribute information in as efficient a way as possible. If a
student asks a question, an advisor utilizing prescriptive advising attempts to answer it. If
there is a policy, the advisor enforces it. There is a conversation, though it is often
focused on addressing the current need. Developmental advising seeks to utilize the
student/advisor relationship as an arena for growth, learning, and understanding. With
developmental advising, the focus is less on simply answering the question and more on
learning how to answer the question. Developmental advising seeks to build
understanding around policy and circumstances, and aims to solve the current need in the
context, or with great consideration, of future needs and/or goals.
Crookston (1972) differentiated between the two, detailing the different
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approaches to working with students in an academic advisement setting. Prescriptive
advising is based on an “authoritative” process wherein the advisor has a significant
amount of knowledge and discerns how, when, and to whom to distribute that knowledge.
Explaining course registration appropriate to complete a major is an example of a largely
prescriptive advising interaction. However, Crookston was explicit about concerns
regarding perceptions of this relationship. That is, who has responsibility in this
relationship? Is it the student, who must decide to accept or deny the recommendations of
the advisor? Or is it the advisor upon whom the student relies for accurate and complete
information? Crookston also suggests that many questions that arise under prescriptive
settings are “only symptomatic” suggesting that there are greater concerns that should,
ideally, be addressed in order to fully respond to the question and related concerns (p. 6).
The second approach to advising addresses the question of “responsibility” by
building a more democratic, shared sense of the advising experience.
In contrast with the authoritarian quality of the prescriptive relationship between
academic advisor and student in which the advisor advises and, presumably, the
student acts on the advice, the developmental relationship is based on different
values and principles. The most important of these is the belief that the relationship
itself is one in which the academic advisor and the student differentially engage in a
series of developmental tasks, the successful completion of which results in varying
degrees of learning by both parties [emphasis original]. These developmental tasks
include reaching an agreement on who takes the initiative, who takes responsibility,
who supplies knowledge and skill and how they are obtained and applied. (p. 6)
This relationship goes beyond the basic give-and-take that is the natural flow of
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prescriptive advising. Clearly, however, developmental advising requires significant
increases in training and time in order to be effective, though such investment may have
positive retention outcomes. As detailed above, Astin (1977, 1999) and Tinto (1987,
2000, 2005, 2007) as well as others (see Braxton’s (2000) edited volume for an extensive
review) highlighted the importance of interactions and connections with others on
campus as a method both of connecting with the institution and increasing retention.
Developmental advising, in a somewhat altered and intensively coordinated state,
has also been referred to as intrusive advising. Garing (1993) described intrusive advising
as,
[requiring] structured strategies of intervention by advisers at specified times
throughout the students’ semesters in college. Although these strategies will differ
depending on the institution’s size, organizational structure, and staffing model, it
is critical that techniques are implemented so that advising is perceived and
delivered as intrusive, and developmental, and serves as a catalyst for building
personalized student-adviser relationships. When these strategies are integrated as
necessary components of the institution’s advising system, not only are the
efficiency and effectiveness of advising enhanced, but the retention of students is
ultimately affected in a positive way due to the solidness of this critical studentadviser link. (p. 98)
While Garing does not provide evidence to support the impacts on retention, this does
link closely with what would be expected based on prior research connecting advising
and retention, particularly with regard to integration (Tinto, 1987).
Lotkowski, Robbins, and Noeth (2004) identified advising as demonstrating an
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opportunity for the institution to build interaction and relationships with students, linking
this directly to improving retention, particularly when tied to early alert programs that
seek to identify students in need of assistance. This connection was also linked to higher
retention of minority and first-generation students, a finding supported across multiple
studies ((Museus & Ravello, 2010; Priest & McPhee, 2000, p. 106). Tinto (1987)
suggests employing intervention actions – including advising – for students identified to
be “at risk” as early as orientation, one of the first transitions from the admissions-phase
when students begin to make connections and communicate with members of the
institutional community.
Early treatment in what is largely a program of preventative intervention during
orientation may also be triggered by ‘early warning systems.’ These combine data
from admissions with evidence from the experience of past student cohorts to
produce estimates of ‘dropout proneness’ of different groups of students.
Incoming students identified as being ‘dropout prone’ (e.g. sharing a number of
attributes which characterized past dropouts) may then be targeted for the
provision of special services during orientation, services which are tuned to their
particular needs and concerns. (p. 148)
Beck and Davidson (2001) provide one such model of “early warning systems”
generating risk data at an early stage for the purposes of intervention. Of course, such
intervention need not be limited to orientation. This type of involvement, particularly
where it is intensive and consistent, is reflective of the intrusive model of advising with
the ultimate goal of increasing student retention.
In addition to these approaches in general, the manner in which such advising
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programs are “presented” is also a concern (Creamer, 1980; Tinto, 1987). Much as
Tinto’s work explored the integration of students into the institution, so to does he
propose integrating advising as a part of the whole educational process, not as an add-on,
periphery service, or emergency intervention.
When presented in the negative fashion, for instance, when advising and counseling
are required only for persons in trouble, they are considerably less effective. This is
so because use of such services serves, in the mind of students, to stigmatize the
individual as being less able or less successful than one’s peers. (1987, pp. 152153)
Indeed, Seymour and Hewitt (1997) identified this type of stigma with regard to women
in SME majors.
Some women felt that preferential hiring policies, scholarships which promote
women’s participation in science, and special program to support women through
SME majors, added to the difficulties which they already faced in establishing male
respect for their abilities. Such women avoided any kind of special treatment, did
not use women’s advisors or programs, or join women’s professional societies.
They preferred to cope with the discomforts of their major by distancing themselves
from all sources of official help based on gender. (p. 254)
Such perspectives reinforce Tinto’s integrated model of advising services that seek to
“normalize” the advising experience as one that is not only available, but required for all
students. Further, it is integrated into the educational fabric of the institution, a part of the
curricula. Such a model also suggests that greater effort must be employed to build a
comprehensive and de-mystified system of advising. While Bean (2005) suggests that
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there is little purpose in debating who provides advising (faculty or staff) so long as it is
done with a high degree of quality, Seymour and Hewitt (1997) delineate some
distinction dependent on the type of help that a student is pursuing (faculty advisors are
the more likely source for “help in making an informed choice of career direction based
on the alternatives open to them” and professional advisors are likely best suited for
questions regarding “reliable information on how best to navigate a path they have
already chosen”)(p. 138). While these lines may have blurred over the last 15 years, the
concern remains constant: students are often confused about whom to ask what, and
many would prefer to be able to resolve these (and other concerns) by visiting with a
single person, and especially a person with whom they feel some connection. Ultimately,
as Bean promoted, quality is paramount. Thus, even if a student cannot find all of the
support they seek in one place, the information they receive is accurate and s/he has
confidence in any referrals to other support.
Quality, with regard to advising, is often a matter of perception. And while one can
have a definitive assessment of quality, it is not uncommon for quality to be confused
with satisfaction, and satisfaction is often muddled with expectations that may not be
realistic, thus creating a perception of poor quality. For instance, a student may approach
an advisor for a change of grade. However, if institutional policies prevent the advisor
from changing grades, the student may be dissatisfied with the experience and attribute
poor quality to the advising services received. Managing these expectations may, of
course, depend on the training and experience of the advisor, as well. If the advisor is
able to satisfactorily explain the process for seeking a change of grade, and develops a
relationship in which the student takes responsibility for performing the necessary steps,
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the outcome could be perceived differently. Perception of quality of academic advising is
important as positive assessments of advising have been positively correlated with
persistence (Metzner, 1989).
Metzner (1989) provides one of the few quantitative analyses linking “high-quality”
advising and retention. While highly specific (data are from a population of 1033 firstyear students at a single institution (public urban university)), it provides a useful
examination of student perceptions of advising and how those perceptions relate to
retention and attrition. Further still, the study examined both the direct and indirect
effects of advising on retention. Perhaps most important was the finding that while “good
advising did not have a significant direct [emphasis added] effect on dropout…the
indirect effects, which constituted the majority of the total effect, were statistically
significant” (p. 434). Further, the data suggested that, when applied to an “attritionprone” population, the results were “more dramatic” (p. 435). Ultimately, students who
reported “good advising” were retained at a rate 14% greater than those who received no
advising. Those who indicated, “poor advising” were also retained at a higher level (7%)
than those who received no advising (and, thus, 7% lower than those who reported “good
advising”)(p. 432). It is unclear why some reported receiving no advising, and it is also
unclear why those who reported receiving poor advising persisted at a higher rate than
those with no advising. One possible inference could be that those who were exposed to
advising, even though they considered to be of “poor” quality, were able to make some
connection to the institution. Another, linked to the first, may suggest that students who
sought advising, regardless of their evaluation of its quality or satisfaction, possessed
some personal characteristic that meant they were open to seeking support services on
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campus, increasing their likelihood of retention. In discussion advising and attrition in
SME majors, Seymour and Hewitt (1997) indicated that students did “not necessarily
blame advisors personally for the informational errors they make”; they understood the
complexities of the system and mixed responsibilities of both faculty and professional
advisors. Instead, students’ primary concerns were with advisors’ “failure to spend time
with them, or take an interest in them…What students wanted from advisors, above all,
was personal attention” (pp. 139-140). It is difficult to discern how students in Metzner’s
study would have classified the experiences described by Seymour and Hewitt. That
Metzner’s study lacked a specific metric for defining “quality of advising” (instead it is
defined from each student’s perspective) creates some concern, though ultimately there is
value in the assessment of student perceptions (Tinto, 1975), regardless of how they are
defined.
Seymour and Hewitt’s (1997) study of SME students reported that “failure to find
adequate advice, counseling, or tutorial help was cited as contributing to one-quarter
(24.0%) of all switching decisions; it was mentioned as a source of frustration by threequarters (75.4%) of all switchers…[as well as] half (52.0%) of all non-switchers” (p.
134). While tutoring is not generally associated as an advising duty, Seymour and Hewitt
asserted that “students do not perceive the need to distinguish between advising,
counseling, and tutoring functions” but that faculty and advisors do (p. 142). This
disconnect is likely to create dissatisfaction with advising as there is not an agreed upon
expectation for the boundaries of the advisor role and the type of support that can be
provided through the process of advising. Hours of advising/availability, location and
access to advisors, and the ability for advisors to make decisions contribute to this
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frustration that can disrupt the advising relationship.
As indicated above, the students in Seymour and Hewitt’s study indicated a strong
desire for “faculty, professional advisors and departmental assistants who showed an
active long-term interest in their learning, their problems and their progress” (p. 144).
This reflects the developmental approach to advising, developing a relationship built on
mutual respect for each other’s role(s) and sharing in the educational process. Further,
students preferred a sort of normalized advising structure that was required for all as this
“avoids the stigma” of approaching faculty, asking for help, etc. (ibid.). Lastly, the
overall assessment with regard to advising of SME majors represented in Seymour and
Hewitt’s study was that “structured, regular contact over time with advisors whose role
boundaries are clear to the students, who will listen, encourage, and give direction to
other system resources, is what can make an otherwise incoherent battery of services
work for students” (ibid.).
Finally, Whalen and Shelly (2010) promote “better-focused advising – both of
prospective undergraduates in high school and middle school and of newly matriculated
students at IHEs [institutions of higher education]” (p. 55). They suggest three directions
of such advising including directing students to non-STEM majors if they have not
demonstrated sufficient preparation to be successful in such fields, direction to other
STEM majors “consistent with their abilities,” and conducting “early intervention
counseling for higher ability students to consider alternative to STEM majors in which
they can apply their talents with greater success” (ibid.). As the earlier discussion in this
section described, and Whalen and Shelly’s data confirm, many students who transfer out
of STEM majors go on to persist at higher levels in their new disciplines than those who
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did not start in STEM majors, particularly as many prospective STEM majors enter
higher education with “greater” academic ability (as reflected through high school GPA,
standardized test scores, high school rank, and even first year GPA in higher education).
For those who are experiencing significant challenges in STEM majors, early
intervention and “re-direction” can assist in reducing attrition, as well as save time and
financial resources spent continuing to struggle in a STEM major.
This section has focused on advising literature with specific emphasis on advising
in STEM fields. It is clear from the research currently available that advising can have a
significant impact on reducing attrition, an outcome that serves students, academic
institutions, and society. However, just as it is clear that no one variable is responsible for
attrition, academic advising does not represent a “silver bullet” that can single-handedly
halt attrition. Instead, it is best employed as part of a multi-faceted,
holistic/comprehensive, and strategic approach to increase student retention (Metzner,
1989; Thomas, 1990; Tinto, 1987).

Conclusion
Common across retention studies, from the earliest to contemporary models, is the
importance of the first year in building a successful retention strategy. Related to this
concept, most, if not all models consider pre-college elements in their assessments and
predications. While it appears clear that a student’s academic performance at the college
level is the best predictor of her/his likelihood of persisting at the institution, such data
are not available until the end of the first term at the earliest, thus putting institutions
three to six months behind if they wish to impact a student’s adaptation and development
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in an effort to increase persistence.
A second consideration consistent through the literature is the need to develop
risk models that consider the specific characteristics of each institution. Just as each
student has individual abilities, qualities, and experiences that make her/him unique, so
do institutions of higher education vary from one to the next. These variations can range
from the geopolitical setting to a prevailing teaching pedagogy to the very core of the
institution’s mission. Thus, a one-size-fits-all risk prediction model and retention plan is
unlikely to work for all institutions in all circumstances. Instead, there is considerable
value in determining risk variables and tailoring risk models to the unique components of
each institution, or at least giving substantial consideration to these elements. Taken a
step further, these elements may vary even more when examined on a smaller scale, such
as in a specific field. Studies have identified differences in persistence predictors in
STEM fields compared to other, non-STEM-related majors. This type of data can
ultimately have a practical impact on the types of services provided as a part of an
institution’s retention strategy.
This leads to the third consideration, which moves from the “why does first-year
attrition happen at such high levels?” to “what can be done about it?” While no single
answer would suffice, it is worth considering the impacts that specific measures such as
intensive “intrusive” advising can have on increasing retention, particularly when it is
targeted to students who have been predicted to be “at risk” of attrition through an
institutionally-specific risk model. And, following studies that have demonstrated the
accuracy of first-term GPAs in determining likelihood of persistence, if a risk model can
predict first-term GPA, there may be significant value in linking advising interventions to
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students predicted to be at a moderate to high level of risk. Thus, a risk model that
considers a first-term GPA at an early stage may give practitioners a greater advantage in
connecting with students and seeking to provide early resources to curb the negative
impacts of the factors leading to an assessment of increased risk.
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CHAPTER 3

METHODOLOGY

Methodology, Procedure and Rationale for Design
This chapter focuses on the methodology selected for this study, the procedure for
how it was carried out, and the rationale for selecting this method, as well as other key
considerations about the data, their collection, and analysis. Driven by two central
questions this study followed two methods to collect and analyze data – one process for
predicting risk of attrition and a second to measure the effects of a coordinated advising
intervention.
The first phase of this research involved prediction of risk of attrition and
categorized students into groups that were defined by the resulting risk scores. This
process was achieved using an ordinary least squares regression analysis of data collected
from the previous year’s freshman cohort and culled from admissions data and responses
to questions on a questionnaire required for incoming, first-year students. These data are
collected and analyzed each year and, thus, the variables change from year-to-year as the
regression is applied to each cohort. Through this process, the variables that demonstrate
the most significant relationship with first-term grade point average were determined and
then applied to the incoming first-year cohort. For the 2011-2012 academic year, the
variables used were:

68

1. Admissions points (a composite point system for comparison used by the
Office of Admissions during the admissions process),
2. New Student Questionnaire (NSQ) Item 15: “What was your approximate
high school average?”
3. The [University] school/college in which the student enrolled
4. NSQ Item 3: “During the school year, on the average, how many hours do you
plan to work (for money) per week?”
5. High school attended
6. NSQ Item 74: “Most of my teachers considered me one of the harder workers
in their class.”
7. NSQ Item 26: “During high school (grades 9-12), on average, what was your
grade in English?”
8. NSQ Item 13: “What is the highest level of formal education completed by
your father?”
9. SAT – Writing: Essay Sub-score
10. Math Placement Test – Part 3
11. NSQ Item 59: “What is the chance that you will change your field of study
while you are at [the University]?”
12. Gender
13. NSQ Item 75: “I find it difficult to keep a plan of action in my school work.”
14. Membership in [bridge program to provide support to targeted students in

69

their transition from high school to college].10
15. SAT – Quantitative Score
16. NSQ Item 78: “I am self-confident.”
Once applied to the current cohort, the model was used to predict a first-term
GPA, though as evident by the variables listed above, it is not solely a measure of
academic ability. That is, while first-term GPA is a reflection of academic progress, a
wide range of variables that may or may not be strictly academic influence it. This
simultaneously reflects Tinto’s (1993) Theory of Integration (demonstrating the influence
of both academic and non-academic variables on persistence decisions), as well as other
literature that has demonstrated the primacy of the first-term GPA as the strongest
predictor of persistence (Astin, 1975; Levin & Wyckoff, 1990; McGrath & Braunstein,
1997; Robertson & Taylor, 2009; Tinto, 1975). It is also important to note that first-year
students at this institution generally cannot be dismissed for academic reasons until they
have accumulated more than 30 credits, which is typically the end of the first sophomore
semester. This means that attrition is a result of student decisions/commitment rather than
being institutionally compulsory. “Decision” is used loosely here to include various
reasons for departure that are not mandated by the institution. By predicting a first-term
GPA that is determined by multiple variables, and by focusing on a group of students
who are not required to leave the institution for academic reasons, the population was an
ideal group on which to examine the influence of coordinated, intensive advising on
retention.

10

While utilized as a variable, students enrolled in the program were not included in the
study as they receive a substantial level of intrusive advising outside that for which an
attempt is made to measure and analyze.
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To further classify the cohort, the students were ordered based on the predicted
first-tem GPA, then divided into equal deciles and assigned a score: 1 being the most at
risk, 10 being the least at risk. These risk scores were assigned at the University-level,
though secondary risk scores, applied at the college-level, were also indicated. This
created specific groups for which interventions were coordinated depending on the needs,
resources, and approach of those conducting the intervention. This study identified
interventions for those in the first three risk levels (most at-risk; risk scores 1-3) in
science, technology, and mathematics majors.
The second phase of this study sought to measure the influence of intrusive
advising methods applied to the group of science, technology, and mathematics students
who were identified as being at a high level of risk based on the predictive model.
Because this study sought to explore and measure the impacts of targeted human
interactions/interventions that occur in an uncontrolled environment, this study utilizes a
quasi-experimental method. While not an ideal scientific methodology, Campbell and
Stanley (1963) promote the use of quasi-experimental studies where “full experimental
control” is unattainable. Given the scope of the University, the variety of majors offered
within the College, and the diversity of first-year students enrolling therein, true
experimental control is not possible in this environment. However, in an effort to achieve
as much control as possible, certain steps were be taken to maintain as much validity as is
possible.
This study employed what Campbell and Stanley (1963) refer to as the “nonequivalent control group design […] in which the control group and the experimental
group do not have pre-experimental sampling equivalence [but to which] the assignment
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of X [the intervention] is assumed to be random and under the experimenter’s control” (p.
47). Utilizing students within a specific college of science, technology, and mathematics
who were assigned University risk scores in the top three most at-risk deciles (scores 13), students were randomly divided into a “treatment” group and a “control” group. In an
effort to create groups that were as homogenous as possible with regard to advising
interventions, four groups of students were removed: athletes, bridge program, first-year
seminar students, and honors program. Students involved in the athletics, bridge, and
honors programs received additional specialized advising services that were coordinated
outside of the College’s advising structure and were in some ways similar or redundant to
interventions associated with the risk program. In addition, students who enroll in the
first-year seminar – taught by the College’s advising professionals – received a variety of
specialized advising interventions and other resources aimed at improving student
preparedness, expectations, academic skills, and, ultimately, persistence, again mirroring
or duplicating some of the advising interventions coordinated in the risk program. By
removing students in these four programs from the study, the influence of interventions
unrelated to the coordinated, intrusive advising approach that was examined was greatly
reduced, creating greater control and internal validity. It is important to note that this
likely reduced external validity to some degree, as these programs and redundancy of
interventions were likely to occur in less-controlled educational environments, making
the results somewhat less generalizable. However, it provides a clearer understanding of
the impacts of the advising interventions conducted for students identified as high-risk,
possibly in comparison to other methods of intervention, which could have significant
policy implications.
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The intrusive advising employed included a series of communications from
advisors to the treatment group spanning the first academic year for the 2011/12
freshman cohort. Advisors were to record each intervention along with any related
follow-up. At the end of the enrollment period for the following fall semester (the end of
the second week of classes), persistence data was collected that indicated which students
persisted at the University and within the College. These data provided an indication of
both institutional and major retention and were an initial point for comparison/dependent
variable between the control and treatment groups.

Role of the Researcher
My qualifications for conducting this study derived from two primary areas. First,
as a doctoral student in the College of Education at Temple University, I have undergone
substantial coursework and assessments preparing me to conduct such research. Such
preparation provided me with an understanding of the ethics and processes for conducting
research that is beneficial to both the field and to the broader society. As a student of
education, my interest in this area stemmed from my desire to understand the link
between education, society, and the aspects of both that impact how policy is determined
and enacted.
Secondly, as a part of my career in education I have worked for nearly a decade in
the field of advising, with several additional years in positions similarly focused on
student success. My experiences have provided me with a broad range of exposure to
various processes of advising, developed a strong commitment to student persistence, and
built a considerable understanding of the value of engagement on the part of both

73

students and institutional personnel in achieving persistence and, ultimately, graduation.
My research interests and professional endeavors have connected these values to create a
foundation from which my commitments to educational success and social justice are
inextricably linked. As a researcher, my primary interests have been in revealing
circumstances in which educational professionals might have an impact on student
persistence and graduation, followed by a critical analysis of such findings in order to
assist policymakers in understanding the theoretical, practical, and ethical challenges of
such research findings.

Population and Data Sources
This study was conducted at a large, urban, public research university in the midAtlantic region of the United States. Within the institution, the study focused on students
in the University’s College of Science and Technology, which houses six academic
departments: Biology, Chemistry, Computer and Information Science, Earth and
Environmental Science, Mathematics, and Physics. Majors are representative of the
departments (Biology, Chemistry, etc.), as well as interdisciplinary (Biochemistry, Math
and Computer Science, Natural Science, etc.). Engineering is operated in a separate,
individual college with its own policies, practices, and advising staff and thus these
students are not included in this study, at least with regard to the treatment and control
groups. Admission to the College is open to any first-year student who is accepted to the
University; there are no separate admissions criteria or other screening. However, all
students are required to complete a mathematics placement exam, which determines the
mathematics course in which each student can commence her/his major. Substantial
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changes have occurred in recent years to the mathematics placement exam and these
assessments were considered in the construction of the risk instrument. While not utilized
in the university model, these assessments were considered with regard to correlation to
retention for the control and treatment groups
Risk scores for each student were determined utilizing the variables identified
above and applied to the incoming cohort. Incoming cohort data were culled primarily
from admissions documents (e.g. admissions application, high school transcript,
SAT/ACT scores, etc.) and the student questionnaire completed by students during their
orientation the summer prior to their first fall semester. Once the risk scores were
assigned, students with scores of 1-3 (predicted to be most at-risk) were identified and
then the students in the four programs identified above (athletics, bridge, honors, and
first-year seminar) were separated out. The remaining students were randomly selected
into the control and treatment groups. However, the sample was not stratified to create
equal representation from each tier with the two groups.
Throughout the students’ first year, advisors engaged in a variety of coordinated
interventions for the treatment group that expanded on the advising that is typically
provided to first-year students, which was provided to both the control and the treatment
groups. These interventions were to be recorded on a spreadsheet indicating the date of
the intervention, as well as any response or follow-up that resulted. In addition, advisors
regularly recorded details of their advising interactions in an Academic Advising
Database that served both as a means of additional data, and as a check of the information
recorded in the spreadsheet. The database is not used consistently throughout the
institution and thus was not used as a primary source of data.
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Finally, the risk scores were recorded for all students and reported to each college
within the University. While the College of Science and Technology represents the only
place that conducted a quasi-experiment utilizing a control and treatment group, there
were additional comparative data that were drawn from the interventions conducted in
other colleges. This provided additional data for considerations of external validity.

Data Collection
Data collected for this study came from multiple sources. Most data, however,
came from the Office of Institutional Research. Data relevant to this study were (and
continue to be) regularly collected and analyzed by the Office of Institutional Research
for the purposes of measuring institutional retention, forecasting, and generally
understanding the population trends at the University. The Office of Institutional
Research was also responsible for the initial construction of the risk model and was
responsible for the collection and application of the data to identify and distribute risk
scores. Data for retention initially came from enrollment reports coordinated through the
Office of the Registrar and available to College personnel and the Office of Institutional
Research.
The key measurement to this study was retention, and specifically persistence into
the second year of study at the same institution. Retention data were collected and
recorded following the end of the “add/drop period” for the Fall 2012 semester. This
period generally represents the first two weeks of the semester and students are
prohibited from adding or dropping classes beyond the end of this period. Thus, it
represents the specific point at which persistence into the second year is determined. In
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addition, measurements were made regarding persistence in the major (i.e. if retained, did
the student remain in her/his initial major, change to another
science/technology/mathematics major, or change to another college within the
University?). Further, while the primary focus is on retention, additional academic record
information was reviewed to identify other challenges (e.g. academic via grades, personal
via a leave of absence, the number and types of withdrawals, etc.).
In addition, basic data were derived from the spreadsheets on which advisors
record their interactions with students in the treatment group, as well as more qualitative
information culled from advising notes recorded in a shared advising database. The
advising database is a depository for collected notes recorded by the students’ primary
advisors, as well as others a student has met with across the campus, though it is not a
specific element for data collection in this program due to the inconsistency with which it
is used across the institution.

Data Analysis
With regard to the first phase of this study, data were analyzed in a variety of
ways. First, actual first-term GPAs were compared with the predicted GPA generated
utilizing the risk instrument. While the instrument has been demonstrated to be accurate
in a previous study (see diNovi, 2011), each year a new model is developed and thus it
determines different variables to be applied by evaluating the previous year’s cohort. As
various schools, colleges, and programs respond to these data in different ways, it is
possible that these approaches could affect the accuracy of the prediction generated by
the model. Thus, such comparison was ideal to interpret the accuracy of the model.
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Regression analyses were also of interest to determine the degree of influence of multiple
variables in the current year. The regression and variables can be compared with previous
years though the same concern exists regarding the influence of interventions to impact
retention. Such analyses should be applied across the University, as well as within the
College when possible.
The second phase of this study gave closer examination to a targeted group and
the influence of coordinated advising interventions on that group. Based on cohort size, a
sample was created consisting of 150 students, divided into a 75 student Control group
and a 75 student Treatment group. Due to the narrower focus, the treatment and control
groups were assessed utilizing multiple possible statistical methods that permit fewer
subjects in each of the studied groups. Three primary techniques included independent
samples t-test, Chi-square tests, and measures of correlation using multiple approaches
(e.g. Pearson’s, Spearman’s rho, etc.) in order to determine any statistically significant
differences between the groups that were attributable to the intervention. Additional
analyses were conducted to assess the influence of other variables. Given the small
sample size, the actual number of participants substantially influenced the statistical
methods used to evaluate the influence of multiple variables on retention of the sample.

Ethical Considerations
This study posed two primary ethical issues: maintaining/protecting
confidentiality and avoiding/preventing bias. As this research involved collecting data
provided by “human subjects,” a need existed to assure that no harm was caused as a
result of the research process. Due to the nature of this study, participants were not
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informed of their role in the study. As the purpose of the study was to evaluate the
validity of the predictive model and to determine if the intrusive advising interventions
impacted persistence, there was not a need to inform participants, particularly as doing so
could have impacted the results. For instance, awareness of one’s risk level could have
caused a student to attempt to perform at a higher level (to compensate for the identified
risk) or to perform at a decreased level (due to reduced self efficacy for having been
labeled as “at-risk”), thus affecting validity. Perhaps most importantly, no advising
services were withheld from any student; instead, the study looked at
additional/intentional outreach by the professional advising staff to students identified in
the Treatment group. As the services were meant to be beneficial and no services were
being withheld, cause for concern for the safety of the participants was greatly reduced.
The second area of ethical concern was bias. The threat of bias came from two
primary areas: from me as the researcher and from the advising professionals conducting
the outreach. As an educator with a long history in the field of professional advising,
there may have been some cause for concern with regard to my desire to see the intrusive
advising interventions be successful in reducing attrition. However, this role, as well as
my role as a researcher, was committed to discovering any impact, whether positive,
negative, or none. Results that did not support the intrusive model of advising still
provide the opportunity to help the advising profession develop by encouraging attention
to other, more impactful advising practices, or, at the very least, informing the literature
and prompting further research. To achieve additional assurance of separation from
influencing outcomes, I was separated from the implementation by two levels in order to
permit the program to occur naturally.
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Secondly, unlike the students, the professional advisor participants were aware of
the study and the targeted students. A similar concern existed with regard to the desire of
the advising professionals to see their interventions as fruitful in increasing retention,
which could have resulted in inaccurate data reporting. Two things offset this concern.
First, the design of the study was such that it limited an opportunity for alterations or
inaccurate data from advisor. Data were collected on spreadsheets regarding visits, and
retention data were collected from the University, not the advisors. There was, however,
still some risk that advising interventions could be recorded whether or not they occurred,
which could impact the research. Advisors were instructed on the importance of accurate
data collection and the benefits and hazards to the field if data are inaccurate. This study
relied on the professionalism of the academic advisors. The second way the concern of
advisor influence was addressed was through promotion of the dedication to the
profession and reliance on individual commitments to improving the profession. That is,
as advising professionals, there was little to be gained by altering data to create false
positives or other outcomes that ultimately would not positively impact retention of
students when recreated. To emphasize this point, participant advisors were instructed on
the value of accurate data collection, specifically that the goal of the research was to
determine any impact; and that even a negative impact improves the field of advising by
adding to the understanding of approaches that may or may not work in specific settings.
If certain approaches do not work, valuable advising resources could be redirected to
other practices that may be more beneficial.
In addition, because the advisors were aware of those in the treatment group, there
was concern that this information could be divulged to these students. While this
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awareness could have impacted the outcome of the research as noted above, it is unclear
whether such knowledge would have an impact on the students. Indeed, some other risk
intervention programs are fully transparent with students regarding their status as “atrisk.” And, again, in order to reduce the likelihood of this occurring and altering the
validity of the research, the importance of maintaining the confidentiality of the treatment
group was conveyed to advisors. Advisors were not aware of who was in the control
group or who had been excluded from the study.
Finally, it was possible that the outcomes of this study would create new ethical
challenges. If, for instance, it was demonstrated that the advising interventions were more
successful for students with lower risk levels, and less successful for those with higher
risk levels, this outcome could create a scenario in which policymakers deemphasize
resource distribution to those most at risk. This sort of cost/benefit analysis could
ultimately result in increased social reproduction, which may or may not conflict with
institutional missions. The reverse was also possible, wherein increased resources are
targeted for the most at-risk and away from larger numbers of less at-risk students.
Ultimately, the ethical concern in these scenarios depended largely on the mission of the
institution. Thus, policymakers need to review and apply the results of this study
critically within the scope of their institution’s mission regarding student persistence and
societal impact.

Outcome of the study and its relation to theory and literature
This study has multiple dimensions that can contribute to the field’s
understanding of the use of risk models, advising interventions, and retention, especially
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in science, technology, and mathematics fields. While risk models have been used in the
past, there is relatively little literature regarding the use of risk models in higher
education to identify students and the influence of subsequent intrusive advising targeted
to a specific risk group, particularly with regard to student in the fields of science,
technology, and mathematics. This research expands this understanding, contributing to
the literature in all four areas. Further, outcomes demonstrating any impact (positive,
negative, mixed, or none) all provide some information that could influence policy and/or
future research. Finally, it is important to note that this study is not extensively
generalizable. It is clear that there are a significant number of variables that it would not
be possible to replicate due to the diversity of students, student experiences/qualities,
advisor styles, etc. However, by contributing to a body of research that continues to grow,
such information will be useful in building understanding about the types of
environments in which these impacts, if any, have existed, and thus encouraging future
research, pilot programs, and other theoretical treatments and practical applications.
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CHAPTER 4

RESULTS

The purpose of this chapter is to convey relevant information about the
population, sample, and the data analyses employed to answer the research questions.
There are three sections to this chapter: the first describes the demographics and other
characteristics of the research sample; the second reports the analyses and results relevant
to the research questions; and the third includes additional analyses that were conducted
to more fully understand the results from the second section.

Demographics and Other Characteristics of Sample
Students selected for this study were identified from the incoming cohort of firstyear students attending their first semester at the institution in fall 2011. For comparative
purposes, the incoming cohort consisted of 4,256 students. Of these, 873 were enrolled
into the College of Science and Technology. Of those, 150 were selected for the research
with 75 in the control group and 75 in the treatment group. Demographic details about the
first-year cohort population and sub-populations are reported in Table 4.1 below. While
there is difference between the Control and Treatment groups, these differences were
small and none were demonstrated to be significant at the .05 level or lower.
All students in the first-year cohort were equally distributed into deciles
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TABLE 4.1: Demographic Frequencies Across Population (in %)
University N=4256; CST N=873; Control N=75; Treatment N=75
Gender

University

CST

Control

Treatment

Female

51.8

50.7

30.7

26.7

Male

48.2

49.3

69.3

73.3

Total

100.0

100.0

100.0

100.0

University

CST

Control

Treatment

African American

Race

12.7

15.8

14.7

17.3

Asian

10.8

22.5

21.3

16.0

Pacific Islander

0.1

0.2

0.0

0.0

White

67.9

52.7

53.3

57.3

International, Other, Unknown

0.7

0.7

1.3

0.0

Unreported (blank)

7.9

8.1

9.3

9.3

100.0

100.0

100.0

100.0

Total

University

CST

Control

Treatment

Non-Hispanic

Ethnicity

84.9

84.7

90.7

81.3

Hispanic

4.9

4.1

1.3

6.7

Total Reported

89.8

88.8

92.0

88.0

Unreported

10.2

11.2

8.0

12.0

100.0

100.0

100.0

100.0

Total

University

CST

Control

Treatment

16 or younger

Age

0.2

0.2

0.0

0.0

17-18

95.1

95.5

97.3

92.0

19-21

4.3

3.9

2.7

6.7

22-25

0.1

0.1

0.0

0.0

26 or older

0.1

0.1

0.0

1.3

Total Reported

99.8

99.9

100.0

100.0

Unreported

0.2

0.1

0.0

0.0

100.0

100.0

100.0

100.0

University

CST

Control

Treatment

87.4

79.2

65.3

84.0

No

9.6

18.6

32.0

16.0

Total Reported

96.9

97.7

97.3

100.0

Total

English as Native Language
Yes

Unreported

3.1

2.3

2.7

0.0

100.0

100.0

100.0

100.0

University

CST

Control

Treatment

None

17.6

19.1

14.7

9.3

1-15 Hours

47.2

44.1

36.0

30.7

16-20 Hours

25.6

27.0

28.0

40.0

21-25 Hours

6.2

6.2

13.3

12.0

Total

Planned Work Hours

More than 25 hours

2.2

2.6

8.0

8.0

Total Reported

98.8

99.1

100.0

100.0

Unreported
Total

1.2

0.9

0.0

0.0

100.0

100.0

100.0

100.0
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TABLE 4.1: Demographic Frequencies Across Population (in %)
University N=4256; CST N=873; Control N=75; Treatment N=75
University

CST

Control

Treatment

University Housing

Housing Plans

78.7

70.0

62.7

60.0

Home of parents/relatives

14.8

23.9

33.3

29.3

Own home or apartment

4.0

3.3

2.7

9.3

With other family members

0.5

1.0

1.3

1.3

Other

1.0

0.8

0.0

0.0

Total Reported

99.1

99.1

100.0

100.0

Unreported

0.9

0.9

0.0

0.0

100.0

100.0

100.0

100.0

University

CST

Control

Treatment

Less than $20,000

7.5

10.1

12.0

5.3

$20,000 to $39,999

13.1

15.1

18.7

14.7

$40,000-$59,999

18.0

18.4

21.3

30.7

$60,000-$79,999

16.7

16.0

9.3

20.0

$80,000 or more

37.5

33.9

36.0

20.0

Total Reported

92.9

93.6

97.3

90.7

Unreported

7.1

6.4

2.7

9.3

100.0

100.0

100.0

100.0

University

CST

Control

Treatment

Total

Parental Family Income

Total

Highest Formal Education
of Father
Did not graduation high school

5.7

8.1

8.0

5.3

Graduated from high school

26.5

28.5

33.3

30.7

Some college education

16.5

16.5

21.3

21.3

Graduated from college (bachelors)

30.1

23.6

16.0

22.7

Postgraduate or professional degree

18.8

21.1

21.3

16.0

Total Reported

97.6

97.8

100.0

96.0

Unreported

2.4

2.2

0.0

4.0

100.0

100.0

100.0

100.0

University

CST

Control

Treatment

Total

Higher Formal Education
of Mother
Did not graduation high school

4.5

8.2

9.3

8.0

Graduated from high school

21.5

21.3

28.0

18.7

Some college education

19.9

19.2

16.0

25.3

Graduated from college (bachelors)

34.4

31.6

34.7

36.0

Postgraduate or professional degree

18.2

18.1

12.0

10.7

Total Reported

98.4

98.5

100.0

98.7

Unreported

1.6

1.5

0.0

1.3

100.0

100.0

100.0

100.0

Control

Treatment

Total

Academic Indicators; Expressed in Means (w/ % reporting)
Academic Indicators
High School GPA

University
3.41 (91.3)

CST
3.39 (91.1)

3.12 (93.3)

3.13 (88)

SAT Quantitative*

563 (100)

560 (100)

570 (100)

573 (100)

SAT Verbal*

551 (95.5)

554 (95.3)

531 (97.3)

540 (97.3)

*Some SAT scores were converted from ACT scores.

85

representing levels of risk based on the outcomes of the prediction model. The project
focused specifically on students in deciles one, two, and three in the College of Science
and Technology. The sample was identified as all students in deciles one through three
after having removed students who participated in other intervention programs. The
resulting 150 students were randomly assigned into the Control and Treatment groups,
with 75 students in each group (Table 4.2 reveals the counts in each decile for these
groups). In addition, within the sample, students enrolled into one of 16 Bachelor of
Science degrees within the College (14 of those majors are represented in the sample; see
Table 4.3). For each of these data sets, while there are
Table 4.2: Sub-group Counts by Decile
Decile

Control

Treatment

Total

1

19

26

45

2

23

24

47

3

33

25

58

Total

75

75

150

Table 4.3: Major Selection for Sample Sub-groups
Major
Biochemistry
Biology
Biophysics
Chemistry
Computer & Info Science
Computer Science
Environmental Science
Geeology
Info Science & Technology
Mathematics & Comp. Science
Neuroscience: Cell & Molecular
Physics
Pre-Pharmacy Track
Undeclared Science & Tech
Total

Control

Treatment

Total

8
24
1
2
0
10
0
0
0
0
1
2
14
13
75

2
26
0
2
1
11
4
1
2
1
1
1
14
9
75

10
50
1
4
1
21
4
1
2
1
2
3
28
22
150
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clearly differences between the control and treatment groups (particularly with regard to
the representation within deciles), these differences did not yield statistical significance in
the analyses.

Research Questions
The institution from which the population and sample are derived has developed
an instrument that uses institution- and student-specific data in order to identify a level
for risk of attrition for each student. The instrument, however, does not predict a rate of
attrition; rather it predicts a first-semester GPA for the incoming student cohort that is
then divided into deciles that represent the student’s level of risk, or risk score. As
described above, first-semester GPA is one of the strongest indicators of student
persistence. Once the risk level has been identified, schools, colleges, and some
specialized programs are notified of the students in their area with a high level of risk.
The units then use this information to coordinate a series of interventions intended to
counteract the influence of the variables that contributed to the high risk score. Because
the risk score is influenced by a wide range of variables with different weights in the risk
equation, units are not typically aware of the specific variables that resulted in each
student’s risk score.
The central research questions addressed by this research were:
1. Does the risk model accurately predict first-year attrition risk for science,
technology, and mathematics students at the institution?
2. Did the intensive, structured advising approach deployed in response to the
risk assessment impact first-year student retention?
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3.
Taken sequentially, it is necessary to first discuss the creation of the risk
instrument used to predict a level of risk for each student. The initial step in this process
was to estimate the first-semester GPA for each student. The prediction of first-semester
GPA is accomplished by conducting an Ordinary Least Squares (OLS) regression of the
previous year’s first-year cohort, considering their first-semester GPA. As the population
and sample were in the Fall 2011 first-semester cohort, the OLS regression was
conducted using the Fall 2010 first-semester cohort. This process resulted in the
identification of the variables and associated weights used to calculate the predicted firstsemester GPAs of the Fall 2011 cohort, using the data associated with their records. The
OLS regression identifies the most significant variables drawn from and/or developed
during the admissions process (e.g. high school GPA, SAT scores, admissions points
(generated by Admissions by combining multiple variables), etc.) and information
collected through the orientation process, including placement scores (mathematics and
English, in particular) and self-reported information collected through the New Student
Questionnaire, which is completed by all students as a part of their orientation/placement
testing. The resulting variables, beta weights and associated t values, and significance are
presented in Table 4.4 below. For the regression in Table 4.4, R = .517 and R2 = .267 and
adjusted R2 = .263 indicating that the model accounts for approximately 27% of the
variance in predicting the first-semester GPA of the Fall 2011 cohort. Following the
identification of the variables and their associated weights in the risk instrument, the
resulting equation is used to calculate the predicted first-semester GPA of the incoming
cohort. The predicted GPAs are then ordered from lowest to highest and divided into
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deciles. The result is ten evenly divided groups with an associated risk score, “ones”
representing students with the highest risk of attrition and “tens” having the least risk.
Next, following the identification of the risk scores, and as described above, the
sample was created by identifying all students in the College of Science and Technology

Table 4.4: Predictor Variables from OLS Regression Analysis
Unstandardized
Coefficients
Variables
Variable Description
Beta

t

Sig.

APTS

Admissions Points/Rating

0.008770

10.206

0.000

I15*

What was your approximate high
school grade average? A to C+ or
lower

8.534

0.000

0.129226

COLG

Temple College, based on prior
students' performance

0.860321

10.095

0.000

I03

Hours planned to work for money
per week during school year

0.070915

6.362

0.000

hsx

High School Attended, based on
prior students' performance

0.611408

7.940

0.000

I74

Most of my teachers considered me
one of the harder workers in class

0.065190

4.833

0.000

I26

During high school, on average,
what was your grade in English?

0.053212

4.083

0.000

I13

What is the highest level of formal
education completed by your
father?

-4.018

0.000

-0.035163

ESUB

SAT Writing – Essay Subscore

0.032401

3.256

0.001

EL3

Math Placement Part 3 – Calculus
readiness

0.025363

6.415

0.000

I59

What is the chance that you will
change your major field of study?

0.050525

4.505

0.000

sex1

Male/Female

0.065945

2.969

0.003

I75

I find it difficult to keept to a plan
of action in my school work

-0.037327

-4.007

0.000

rcc

Regular/Special Admit

-0.200349

-4.231

0.000

SATQ

SAT Quantitative

-0.000479

-2.298

0.022

I78

I am self confident

-3.098
-0.036293
(Constant)
-2.969378
-8.270
* All "I#" variables represent responses to questions on the New Student Questionnaire.

0.002
0.000
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in Deciles 1, 2, and 3, removing students from the identified groups (athletics,
bridge program, Honors, and seminar enrollees), then generating a random value for
each, then ordering by the random value , and finally dividing the group into two equal
groups - without stratification for any sub-groups - by alternately identifying each case as
Control or Treatment. These students were tracked for their academic performance
(represented by their first and second semester GPAs), retention (represented by
enrollment beyond the add/drop period in the subsequent semester), and advising
intervention for the treatment group (recorded by advisors in a chart used to track each
attempt at intervention). These data were then entered as additional variables for
comparison and statistical analysis.
There were three primary points of interest in answering the first research question: 1)
Were the risk scores significantly correlated with the actual first-semester GPA? 2) Were
the risk scores significantly correlated with the second semester GPA? 3) Were the risk
scores significantly correlated with actual first-year (fall-to-fall) retention? Because the
purpose of the prediction is cast as a risk of attrition, and not constructed to predict
academic success, the correlation between the predicted GPA and the actual GPA was
less valuable in answering the research question, though it is included below. The
correlation between these variables for the Control, Treatment, College and whole
Institution are reported in Table 4.5. Additional correlations between these variables are
included. Spearman’s correlation demonstrated strongly positive coefficients with
significant correlations between the risk scores and the actual fall semester GPA in the
Institutional and College groups, with weak but significant correlations in the Control and
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Table 4.5: Correlations - Risk Decile/Score, Predicted Fall GPA, Actual Fall GPA, Actual Spring GPA, and First Year Retention

Treatment

Group

Variable
Risk Decile

Predicted Fall
GPA

Institution

College of Science &
Technology

Control

Risk Decile

Predicted Fall
GPA

Risk Decile

Predicted Fall
GPA

Risk Decile

Predicted Fall
GPA

Spearman's
rho
Correlation
Coefficient
Sig. (2-tailed)
N
Correlation
Coefficient
Sig. (2-tailed)
N

Correlation
Coefficient
Sig. (2-tailed)
N
Correlation
Coefficient
Sig. (2-tailed)
N

Correlation
Coefficient
Sig. (2-tailed)
N
Correlation
Coefficient
Sig. (2-tailed)
N

Correlation
Coefficient
Sig. (2-tailed)
N
Correlation
Coefficient
Sig. (2-tailed)
N

Risk Decile

Predicted Fall
GPA

Actual Fall
GPA

Actual Spring
GPA

First Year
Retention

1.000

.943**

.309**

.306**

.070

.
75

.000
75

.007
75

.010
71

.549
75

.943**

1.000

.321**

.313**

.134

.000
75

.
75

.005
75

.008
71

.252
75

Risk Decile

Predicted Fall
GPA

Actual Fall
GPA

Actual Spring
GPA

First Year
Retention

1.000

.933**

.231*

.200

.185

.
75

.000
75

.046
75

.090
73

.112
75

.933**

1.000

.215

.155

.142

.000
75

.
75

.063
75

.190
73

.224
75

Risk Decile

Predicted Fall
GPA

Actual Fall
GPA

Actual Spring
GPA

First Year
Retention

1.000

.994**

.525**

.518**

.112 **

.
872

.000
872

.000
872

.000
854

.001
872

.994**

1.000

.528**

.519**

.116 **

.000
872

.
872

.000
872

.000
854

.001
872

Risk Decile

Predicted Fall
GPA

Actual Fall
GPA

Actual Spring
GPA

First Year
Retention

1.000

.995**

.516**

.539**

.102**

.
4256

.000
4256

.000
4256

.000
4138

.000
4256

.995**

1.000

.521**

.544**

.105**

.000
4256

.
4256

.000
4256

.000
4138

.000
4256

**. Correlation is significant at the 0.01 level (2-tailed). *. Correlation is significant at the 0.05 level (2-tailed).

Treatment groups. Likewise, the same pattern of significance exists between the risk
scores and significance exists between the risk scores and the spring semester GPA for
each of the groups. However, positive correlations between the risk score and
the first-year retention, while weak yet statistically significant at the institutional level
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(.000), were somewhat less significant at the college-level (.001). Sample sizes, however,
are influential here and thus significance is less telling than effect size. The effect size,
while actually greater for the college-level, is still very slight. Further, the Control and
Treatment groups, which consisted only of Deciles 1-3, while showing a weak positive
relationship, were not significant. The effect size, again, was quite small though larger for
the Control than for the Treatment. Additional analysis of this phenomenon is examined

accuracy of the risk instrument, the
predicted fall GPA is a better indicator
when correlated with first-year
retention. This outcome is because the
deciles create artificial boundaries in
order to create equal groups. Thus, a
student near the decile cut-off may have
more in common with the students in
the lower part of the next decile, than
with those in the lower part of the
assigned decile. This is also reflected in
Table 4.5 where the reported
correlations are mildly stronger when
viewing relationships with predicted fall
GPA in all but the Control group.
Another representation, simply

Table 4.6: Difference in First Year Persistence by Risk Decile/Score
First Year Retention
Counts
Not
Retained
Retained
Count
91
322
1
% within
22.00%
78.00%
ud
Count
62
358
2
% within
14.80%
85.20%
ud
Count
63
362
3
% within
14.80%
85.20%
ud
Count
53
367
4
% within
12.60%
87.40%
ud
Count
53
361
5
% within
12.80%
87.20%
ud
Count
43
368
6
% within
10.50%
89.50%
ud
Count
46
370
7
% within
11.10%
88.90%
ud
Count
40
392
8
% within
9.30%
90.70%
ud
Count
54
394
9
% within
12.10%
87.90%
ud
Count
29
428
10
% within
6.30%
93.70%
ud
Count
534
3722
Total
All
% within
12.50%
87.50%
ud

Risk Decile

below. Ultimately, with regard to the

92

showing the retention counts and percents for the institution by risk decile, demonstrates
the accuracy of the instrument, particularly on the extremes (see Table 4.6). Risk Decile 1
had an attrition rate that was 50% greater than Decile 2; and Decile 9 had an attrition rate
twice that of Decile 10. The Chi-square demonstrated a statistically significant difference
between retention χ2 (9, N = 4256) = 60.63, p < .001.
The second phase of this study sought to examine the impact of intrusive advising
interventions on the Treatment group in the College of Science and Technology. Having
identified the Control and Treatment groups, advisors (who maintain caseloads divided
by last name) were presented a list of students in their caseloads that were in the
Treatment group. Each advisor was responsible for conducting a series of interventions
that ranged from email communication to scheduled appointments. The goal of these
interventions from the advising perspective was to increase retention through greater
connection to the institution and increased understanding of challenges, goals, and
pathways. From a research perspective, the goal is to determine if these interventions had
any impact on retention.
The first step in this analysis was to compare the retention rates for students in
each of the two groups. A simple Chi-square analysis of this demonstrated that there was
not a significant difference between student retention in the Control and Treatment
groups (Table 4.7 shows the counts for the Chi-square). This comparison was conducted
using a Pearson t-test for comparison of means and revealed the same result. And, while
not significant (χ2 (1, N = 150) = 2.978, p = .084), the difference that was observed raised
additional questions regarding the planned interventions, particularly with regard to the
fidelity of the frequency and type of interventions that occurred. Ultimately, the lack of
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fidelity in the implementation of the treatment did not permit any conclusions about the
efficacy of the treatment.

Table 4.7: First-Year Retention Count - Control & Treatment
Fall 2012 Retention
Group
Not Retained
Treatment
Control
Total

Retained

Total

17

22.7%

58

77.3%

75

9

12.0%

66

88.0%

75

26

17.3%

124

82.7%

150

Additional Analyses
Having demonstrated a lack of effect for the sample, additional analyses were
conducted to further understand and respond to each of the two questions. With regard to
the accuracy of the risk instrument, because the instrument was more strongly correlated
at the University-level, but weakened as the groups narrowed (College, then Control/
Treatment), an additional OLS regression analysis was conducted to build a Collegespecific risk instrument. While this instrument did not have the benefit of being applied
in the experiment, analysis can be done with regard to the accuracy at the College-level,
as well as a comparison of the differences between the outcomes of the two models (e.g.
variables used, degree of overlap between identified students, etc.). To accomplish this,
the same OLS regression was conducted though only on the sub-population of students in
the College of Science and Technology. The outcome yielded a different set of variables
and thus a different equation. Table 4.8 shows the College-specific model for the College
of Science and Technology, including the predictor variables identified through the
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Table 4.8: College-specific Predictor Variables from OLS Regression Analysis
Variables

Unstandardized Coefficients
B

t

Sig.

What was your approximate
high school grade average? A to
C+ or lower

-0.19672

-5.04330

0.00000

Admissions Points

0.01109

5.42278

0.00000

j62

Work full time while attending
college? Good chance to no
chance

0.13042

4.34906

0.00002

j74

Most of my teachers considered
me one of the hardest workers
in their class

-0.14759

-3.98731

0.00007

EL3

Math Placement Score: Part III
(Precalculus)

0.03844

4.21048

0.00003

j55

Advice and experience of
friends? Very important postiive
factor 1 to Not a postive factor

0.11420

2.95179

0.00326

j19

Have you decided on an
academic major?

0.26748

2.72126

0.00666

j05

Where is your permanent
home? Philadelphia to Other
Country

0.08986

3.58737

0.00036

j45

Affordable Tuition? Important
positive factor to Not a positive
factor

-0.13020

-2.82719

0.00482

j79

My plans have frequently
seemed so full of difficulties
that I have had to give them up?
Definite agree to Definitely
disagree

0.06045

2.43322

0.01520

j57

Meeting students with postiive
backgrounds and interests from
yours? Very important positive
factor to Not a positive factor

0.09969

2.60681

0.00932

SAT Quantitative Score 2

-0.00131

-2.66541

0.00786

j13

What is the highest level of
formal educatio ncompleted by
your father?

0.04962

2.33981

0.01956

j59

Chance you will change your
field of study?

-0.07799

-2.52347

0.01183

j21

During the school year, on the
average, how many hours do
you plan to study per week?

0.06674

2.36974

0.01806

1.70584

5.67012

0.00000

j15
APTS

SATQ

(Constant)

Variable Description

1. "Postive factors" refers to the influence on the student's decision to attend this institution
2. Suppressor variable relationship
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regression. For Table 4.8, R = .572 and R2 = .327 with adjusted R2 = .313, indicating that
the model accounts for 33% of the variance in predicting the first-semester GPA of the
Fall 2011 College of Science and Technology cohort. This outcome is an increase of 6%
over the University model.
In order to be applied to the population, the same process of review was
conducted wherein certain students were removed from the pool (i.e. those that did not
have Admissions Points). Once the dataset was “clean,” the equation was applied to
generate a predicted GPA for only the students in CST. These were then ordered and
divided into deciles. As with the initial sample, additional students were then removed
due to not having attended in Fall 2011. While these steps could have been done before
generating the GPAs and deciles, it would not have been consistent with the creation of
the sample when it is created at the start of each fall semester as it is created prior to
when this knowledge would be available. The resulting sample of students categorized by
the College-specific risk instrument was made up of 812 students, ranging from 77 to 84
students in each decile.
Next, correlation analysis similar to that above was conducted in order to
determine the accuracy of the risk prediction using the College-specific instrument.
Ultimately, the University instrument was better at predicting fall and spring GPAs, but
the College one was better at predicting retention. And while the Spearman correlations
were not particularly strong for either, they were stronger and more significant using the
College model. Further, in considering the Control group under the College-specific
instrument, while it failed to demonstrate any significant relationship with GPAs of the
Control group, it demonstrated a much stronger correlation with first-year retention than
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any other model (significant at .05). The correlation coefficient is more than double that
attained using the University instrument, resulting in an effect size more than six times
that of the University, and demonstrating a moderate correlation. The Spearman
correlations can be seen in Table 4.9. This table also includes the College Decile that is
created as a sub-ranking using the University risk instrument. After the initial deciles are
set for the University, each college population is also divided into (sub)deciles. This step
is useful for some schools that may have few or no students in the lowest deciles; it
identifies the most at risk within the college using the University instrument.
Table 4.9: Correlations Using College-Specific Risk Instrument

College of Science & Technology

Group

Control

Group

Variable
College Risk
Decile/Score

University
Risk
Decile/Score
College Risk
Re-centered
using
University
Instrument)

Variable
College Risk
Decile/Score

College Risk
Decile/Score

Predicted
GPA (College
Model)

Actual Fall
GPA

Actual Spring
GPA

First Year
Retention

1.000

.995**

.446**

.452**

.127**

.
812

.000
812

.000
812

.000
797

.000
812

.798**

.804**

.524**

.517**

.111 **

.000
812

.000
812

.000
873

.000
855

.001
873

Correlation
Coefficient
Sig. (2-tailed)
N

.798**

.805**

.523**

.514**

.111 **

.000

.000

.000

.000

.001

812

812

873

855

873

Spearman's
rho
Correlation
Coefficient
Sig. (2-tailed)
N

College Risk
Decile/Score

Predicted
GPA (College
Model)

Actual Fall
GPA

Actual Spring
GPA

First Year
Retention

1.000

.977**

.202

.024

.278*

.

.000

.088

.844

.018

72

72

72

70

72

Spearman's
rho
Correlation
Coefficient
Sig. (2-tailed)
N
Correlation
Coefficient
Sig. (2-tailed)
N

A second comparison was conducted with regard to the predictive quality of the
different instruments. An important aspect of the assessment was to determine whether an
instrument specific to the college could better predict retention than the use of a general
university model. Table 4.10 compares the difference in retention as a function of deciles
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derived and/or applied in different ways. The first looks at retention for all students at the
institution as a function of their decile assigned by the University instrument. The second
applies the same deciles but only for students in the College of Science and Technology.
The third set looks at retention as a function of decile only for students in the College of
Science and Technology using the College-specific instrument. In all cases, the Chisquare of retention as a function of decile is highly significant (.000 for all applications).
The graphs demonstrate the retention as a function of decile and reveal that the college
deciles derived as a sub-ranking from the University instrument is the least accurate.
Across all three applications, however, the largest difference is between Decile 1 and all
others. Decile 10 also performs more strongly than Decile 9, though not to the same
degree. The difference between Decile 1 and the other groups is important and has both
ethical and practical policy implications, which are explored in Chapter 5.
With regard to the finding that there was no statistically significant difference
between the Control and Treatment groups, the groups were compared to determine if
there were any significant differences between them. That is, it was necessary to
determine whether there was evidence that, despite the randomization into the two
groups, the two groups were not sufficiently similar to permit a standard comparison. The
key questions to be answered were: 1) Were there identifiable differences based on the
variables used to construct the deciles (or other known and accessible variables identified
through the admissions and/or orientation processes)? 2) Were there differences based on
the advisor conducting the interventions? 3) Were there differences in the frequency or
types of interventions conducted?
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Table 4.10: Difference in Retention as a Function of Decile - Three Views

Risk Decile

Not
Retained
91
22.00%
62
14.80%
63
14.80%
53
12.60%
53
12.80%
43
10.50%
46
11.10%
40
9.30%
54
12.10%
29
6.30%

Retained
322
78.00%
358
85.20%
362
85.20%
367
87.40%
361
87.20%
368
89.50%
370
88.90%
392
90.70%
394
87.90%
428
93.70%

Total
413
100.00%
420
100.00%
425
100.00%
420
100.00%
414
100.00%
411
100.00%
416
100.00%
432
100.00%
448
100.00%
457
100.00%

534
12.50%

3722
87.50%

4256
100.00%

College
(University Instrument)
Count
% within ud
Count
2
% within ud
Count
3
% within ud
Count
4
% within ud
Count
5
% within ud
Count
6
% within ud
Count
7
% within ud
Count
8
% within ud
Count
9
% within ud
Count
10
% within ud
Count
Total
% within ud
1

Plots of Mean First-Year Retention by Risk Decile/Score
For University (University Instrument)

Not
Retained
25
25.80%
9
10.00%
13
14.30%
15
18.10%
8
9.50%
10
11.50%
5
5.70%
6
7.10%
15
15.50%
4
5.60%

Retained
72
74.20%
81
90.00%
78
85.70%
68
81.90%
76
90.50%
77
88.50%
83
94.30%
79
92.90%
82
84.50%
67
94.40%

Total
97
100.00%
90
100.00%
91
100.00%
83
100.00%
84
100.00%
87
100.00%
88
100.00%
85
100.00%
97
100.00%
71
100.00%

110
12.60%

763
87.40%

873
100.00%

1
2
3
4

9
10
Total

("#""$%
'&#""$%

!&#""$%

!&#""$%

!"#""$%
,%

&%

Risk Decile

-%

!%

'%

(% )"%

97
11.90%

715
88.10%

812
100.00%

'&#""$%

!&#""$%

+%

Count
% within cold

("#""$%

'"#""$%

*%

Total
77
100.00%
81
100.00%
81
100.00%
82
100.00%
81
100.00%
80
100.00%
84
100.00%
82
100.00%
83
100.00%
81
100.00%

(&#""$%

'"#""$%

)%

Retained
58
75.30%
70
86.40%
68
84.00%
74
90.20%
72
88.90%
72
90.00%
73
86.90%
75
91.50%
76
91.60%
77
95.10%

)""#""$%

'"#""$%

!"#""$%

Count
% within cold
Count
% within cold
Count
% within cold
Count
% within cold
Count
% within cold
Count
% within cold
Count
% within cold
Count
% within cold
Count
% within cold
Count
% within cold

Not
Retained
19
24.70%
11
13.60%
13
16.00%
8
9.80%
9
11.10%
8
10.00%
11
13.10%
7
8.50%
7
8.40%
4
4.90%

For College (by College Instrument)

Mean Retention

Mean Retention

'&#""$%

6

8
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5

7

)""#""$%

(&#""$%

First Year Retention

College
(College Instrument)

For College (University Instrument)
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Mean Retention

First Year Retention

Risk Decile

Count
% within ud
Count
2
% within ud
Count
3
% within ud
Count
4
% within ud
Count
5
% within ud
Count
6
% within ud
Count
7
% within ud
Count
8
% within ud
Count
9
% within ud
Count
10
% within ud
Count
Total
% within ud
1

First Year Retention
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University
(University Instrument)
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In order to determine if there were significant differences between the Control and
Treatment groups, two methods were employed. The first looked for significant
correlations between variables such as responses to the New Student Questionnaire that
had opposite effects for each group, or that were significant in one, but not the other.

(% )"%
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Through this analysis, only two connected variables demonstrated a significant difference
between the Control and Treatment groups: items 65 and 78 on the New Student
Questionnaire. Item 65 asked students how likely they felt it would be for them to take
longer than four years to complete their degree. Item 78 asked for a response to the
statement, “I am confident.” Both of these variables represented “confidence variables”
and students in the Treatment group demonstrated confidence at a significantly higher
level for both variables. However, when controlled for in a covariate analysis, the effect
remained insignificant, while increasing the difference in retention means between the
groups (see Table 4.11). While other differences did exist, they were not statistically
Table 4.11: Analysis of Confidence Variables with Effects on Persistence Means

Between-Subjects Factors

Treatment

.00

Value Label
Control

N
72

1.00

Treatment

71

Tests of Between-Subjects Effects
Dependent Variable: retainf12
Type III Sum
of Squares
.606 a

df
3

Mean Square
.202

F
1.358

Sig.
.258

Intercept

9.087

1

9.087

61.114

.000

j78

.124

1

.124

.833

.363

j65

.017

1

.017

.116

.734

treatment

.488

1

.488

3.281

.072

Error

20.667

139

.149

Total

117.000

143

Corrected Total

21.273

142

Source
Corrected Model

a. R Squared = .028 (Adjusted R Squared = .007)!
Estimated Marginal Means
Dependent Variable: retainf12
95% Confidence Interval
Lower
Bound
Upper Bound
Treatment
Mean
Std. Error
Control
.879 a
.047
.787
.972
Treatment
.756 a
.047
.663
.849
a. Covariates appearing in the model are evaluated at the following values: j78 = 1.6643, j65 = 2.5664.!
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significant. For instance, because the randomization of the control and treatment groups
was not stratified, there were more students in Decile 1 in the Treatment group.
Analysis was also conducted to determine if there were significant differences
dependent upon the student’s caseload advisor. The results of multiple comparisons using
Tukey HSD analysis, wherein each advisor is compared with each other advisor, revealed
that there were no significant differences when comparing retention across advisors.
Additional analysis was done via Spearman’s correlation to determine if there was a
relationship between advisor and retention and GPA, though again no significance or
relationships could be demonstrated.
Finally, because the model relies on interventions, it was necessary to consider
whether, or to what degree, the interventions occurred, as well as the types of
interventions that took place. To do this, information recorded by advisors who were
tracking each contact with the Treatment group were collected and analyzed. The first
analysis looked solely at frequency: How many times did advisors conduct some form of
advising outreach with the Treatment group students?
The intent of the program was that each advisor would conduct outreach/intervene
with each student in the Treatment group five-times per semester. The tracking of
interventions included the sequence of interventions, the date on which each occurred,
and the type of intervention that was planned and/or completed. Ultimately, the data
indicated that only 42 of 75 (56.0%) received five interventions; and of those, only eleven
students (14.7% of the Treatment group) received five interventions prior to the start of
the second semester. With the indicated intent to reach ten interventions by the end of the
second semester – or before the start of the second fall – only four students of 75 (5.3%)
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had ten or more instances of recorded outreach. In conducting both Pearson’s and
Spearman’s correlation analyses, frequency was not significantly correlated with
retention. In addition, it was nearly significant with the Spring GPA, but in a negative
direction. This could reflect that students with poor first semester GPAs (which are
strongly correlated with Spring GPA) and/or poor mid-term ratings have requirements to
meet with academic advisors; thus they are mandated to have more interventions. It is
also important to note that advisors generally record all interactions with students,
whether specific to the risk interventions or not, so standard registration appointments
prompted by an academic status rather than a scheduled risk intervention may raise the
number of interventions for some students. In addition, during the recording process
advisors indicated the type of advising intervention that occurred or was intended to
occur. It is possible, however, that not all interventions were captured during the
recording process due to human error, or neglect of the process. Finally, a Chi-square test
of the relationship between frequency, risk level, and first-year retention did not produce
a significant result. That is, the amount of intervention did not appear to have an impact
on retention, either as a whole or with regard to specific risk levels. Similarly, a test of
the relationship between frequency and retention was conducted. Spearman’s rho
revealed no significant relationship. However, while not significant it did demonstrate a
slightly negative relationship with the Spring GPA. This finding is not surprising as
students with low GPAs are often mandated to visit advising before being able to process
registration actions. This would also account for any increase in relationship with more
intrusive interventions, which are discussed below.
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The second issue with regard to interventions is the type of intervention that was
being conducted. There were 15 types of interventions that were regularly recorded in the
tracking form (see Table 4.12). In order to get a more general idea of the amount of
intrusiveness being conducted, the interventions were recoded to represent a level of
connection with the student. Items where there was outreach, but no response was
necessary or occurred were coded as “1” (e.g., an informative email, possibly inviting the
student to meet). Items that the student initiated, but for which there was no student
follow-through were coded as “2” (e.g., the student scheduled an appointment but did not
attend). These are coded higher than the first set as there is a recorded connection
between the student and the
Table 4.12: Coding of Advisor Interventions Types
Intitial
Intrusiveness
Contact Type
Coding
Level

advising office, even if just to

Email, no response required
Email, response required, student
responded
Email, response required, student did
not respond

1

schedule the appointment. Items

3

where there was contact between

Email, initiated by student
In-person contact, student initiated,
student did not attend
In-person contact, advisor initiated,
student attended
In-person contact, advisor initiated,
student did not attend
In-person contact, student initiated,
student attended
Phone call, advisor initiated, contact
established
Phone call, advisor initiated, left
message

3

11

Phone call, student initiated

3

12

Parent contact
Student Walked in and met with
another advisor
Student walked in and met with
caseload advisor

2

Student changed major

3

1
2
3
4
5
6
7
8
9
10

13
14
15

1

the advisor and the student were

2

coded as “3” (e.g. an in-person

3

appointment, a phone call where

1

discussion happened, etc.). These

3

are the most intrusive in that they

3

represent actual connections
1

between the student and the
advisor, not simply outreach. A

3

total of 414 interventions were
3

recorded over the course of the

103

academic year. Of those, 218 were Type 1, two were Type 2, and 194 were Type 3.
Thus, in evaluating the degree of intrusiveness, more than half (52.7%) of the
interventions conducted did not require any acknowledgement or response from the
student. Less than half (46.9%) involved a back-and-forth exchange between students and
advisors. Further, 11 (14.7%) students received only Type 1 outreach. As with other
evaluations, there was no significant difference measured in retention when comparing
those with only Type 1 to those with higher than Type 1. While the mean rate of attrition
is nearly twice as high for those with only Type 1 interventions (36.4% to 20.3%), the
small numbers make statistical significance difficult to attain. There was, however, a
moderately strong relationship between intervention type and frequency. As frequency
increased, so too did the likelihood that more intrusive advising took place (Spearman’s
rho correlation coefficient of .498, p < .000).
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CHAPTER 5

IMPLICATIONS AND OPPORTUNITIES

Summary of Findings
The purposes of this study were twofold. First, the study sought to assess the
accuracy of a statistical risk instrument in predicting risk of attrition for incoming firstyear students in science, technology, and mathematics majors. Secondly, the study sought
to determine if any statistically significant retention effect resulted for science,
technology, and mathematics students due to the coordinated, intensive advising
conducted for the students identified as most at risk using the predictive model. With
regard to the accuracy of the risk instrument, the data reveal that it was accurate in
predicting both the first-semester GPA and a scaled level of attrition risk, particularly at
the extremes (most and least at risk). With regard to the influence of the intrusive
advising, the data revealed that there was no significant impact, though this result is
complicated by additional data that reveal a lack of fidelity with the application of
intrusive interventions. These data have important policy implications as institutions
grapple with the challenges of attrition and wrestle with the costs and benefits of resource
allocation to achieve positive educational and societal results through higher education.
The data and results of this research will help institutional leaders better
understand their ability to identify students at risk of not being retained. Further, it will
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help higher education leaders think critically about how they may respond to the data in
ways that are meaningful to their distinct communities. Such analyses are essential for
those managing limited resources to fully assess the costs and benefits of the
interventions selected for investment.

Discussion of Findings
For nearly the last four decades, institutions of higher education have continued to
refine the services that are provided to students in order to build strong(er) relationships
and to connect students with their academic communities in order to reduce attrition.
Following Tinto (1975, 1987), student attrition is influenced by a variety of pre-existing
conditions (e.g. personal attributes, academic preparation, socioeconomic conditions,
cultural orientations, etc.), as well as the interactions that the student has with others
within the institution’s community. This study explored the institution’s ability to predict
retention based on processes that collected and measured data that reflected those preexisting conditions, both academic and non-academic. It also explored the ability to link
students who were predicted to have low likelihood of being retained with professionals
within the institution positioned to create positive, supportive interactions. The study at
hand focused specifically on advisors as the group designated to influence student
experiences, to respond, and to potentially reduce the risk of attrition.
In response to Tinto’s theory, many institutions have developed a variety of
resources designed to connect students with their educational institutions. However, two
conditions appear to limit the full extent of their ability to positively impact retention: 1)
many of these resources are “passive” by design, and 2) the students most at risk are less
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likely to take advantage of them for a variety of reasons (e.g. unaware, other life/time
conflicts, apathy, etc.). Thus, this study sought to examine the impact of “intrusive”
advising, that employs a more active approach to advising in order to connect students to
the institution and the resources developed to support student persistence. The greatest
challenge in a model of intrusive advising, however, is the balance of resources. Because
the model requires institutional personnel to actively reach out and intervene with
students, it is substantially more time and labor intensive than a passive model that relies
on self-referrals and student initiative. Thus, the predictive model not only identifies risk
variables, but it assists the institution in identifying those who are at the greatest risk and
would most likely benefit from the resources developed to support them, thus permitting
targeted use of limited resources with the most potential for benefit.

The Risk Instrument
To this end, the risk instrument was demonstrated to be quite effective. It was
accurate in its prediction of first-term GPA. This finding is important because college
GPA has been shown to be the best predictor of student retention (Astin, 1975; Levin &
Wyckoff, 1990; McGrath & Braunstein, 1997; Robertson & Taylor, 2009; Shaw &
Barbuti, 2010; Tinto, 1975). As the focus is on first-year retention and early
interventions, the accuracy of the risk instrument in predicting first-term GPA provides a
window into the future, and an opportunity to begin intervention before the first college
GPA is reported.
In addition, the risk instrument was also accurate in predicting the first year GPA
and correlated with actual first-year retention. Specifically, the lowest decile, the 10%
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with the lowest predicted first-term GPAs, demonstrated the highest level of attrition in
both the Control and Treatment groups, as well as in the college and across the university
population. While not as precise – the difference of means was not evenly split across the
deciles (e.g. there was nearly a five percent difference between Deciles 1 and 2, but less
than one percent difference between Deciles 2 and 3) and some deciles were flipped (e.g.
Decile 4 had a higher mean than Decile 5 and Decile 8 was higher than Decile 9) - this
again helps identify students who may benefit from early, targeted intervention. That is,
in the lower deciles (and in particular, Decile 1) the model identified a set of students for
which the institution was more likely to face challenges in retaining, thus providing both
an opportunity and a mandate for the institution to intervene.

Interventions
The interventions that were conducted are a second area of interest. While the risk
instrument was successful in predicting the first-term GPA and an associated level of
risk, the interventions that were conducted in response to these predictions did not yield a
statistically significant impact. Further, the data revealed substantial infidelity in the
application of the interventions as planned.
These findings raise a variety of questions and begs for further analysis. Primary
among these questions is whether there were significant differences between the Control
and Treatment groups? Despite a variety of analyses, no statistically significant data
emerged to suggest that there were differences between the two groups that would have
affected retention. While there were significant differences in multiple variables, further
analysis did not demonstrate an increase in retention for the treatment group. The most
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significance was demonstrated by two questions on the questionnaire that related to
student confidence. One asked them specifically whether they considered themselves
confident and a second asked how likely they felt it was that they would need more than
four years to complete their degree. For both of these variables, the treatment group
demonstrated a significantly higher level of confidence. However, when a covariate
analysis was performed, essentially “leveling” the Control and Treatment groups on these
variables, the difference in means of retention actually widened, though still not to a
statistically significant level. A second example revealed differences in the make-up,
such as a higher number of Decile 1 students in the Treatment group. While this did
ultimately reduce the significance of the relationship between the Control and Treatment
groups, ultimately the outcome was the same. Thus, while there were some differences
between the two groups, none of these differences appear to have had an impact on the
rates of retention between them.
Secondly, were the advisors consistent, or “faithful”, in administering their
interventions? The data suggest that this was a challenge to the efficacy of the study. The
goal was to have a minimum of five coordinated interventions per semester. However,
before the start of the second semester, only 14.7% of the Treatment group had five
contacts. And by the end of the second semester only 1.3% had ten recorded contacts,
with 5.3% reaching ten before the start of the next academic year. This has three possible
explanations. The first two are advisor-centered: either advisors were not sufficiently
faithful in applying the interventions as scheduled, or they were inconsistent in the
recording of these interventions. The third is student-centered: as several of the planned
interventions were intended to be in-person, these may not have occurred, thus reducing
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the number of interventions that occurred. These missed interventions may actually be a
combination of advisor and student actions. Some items are easily recorded, for instance
sending an email. However, if a student does not respond, it is unclear how consistent
advisors were in following up on the missed opportunities. And while there was an
intended/planned intervention, because the student did not attend, and assuming there
was no follow-up, this was not recorded (in part as there was no interaction to record).
The intervention guidelines and schedule, along with the recording mechanism, may need
to be more robust and direct so as to mandate additional (recordable) interventions when
planned interventions were not achieved. In addition, further training may be necessary to
assure that regular recording of interventions takes place. Ultimately, in evaluating the
relationship between frequency of advising and the advisor, there were no significant
correlations identified. There was, however, a highly significant relationship between
frequency and the type of intervention. Thus, it is also important to consider the types of
intervention that were conducted.
With regard to the type of interventions, were they of a suitable type and
sufficient intensity to influence the students’ decisions and ability to be retained? The
interventions themselves were conducted based on an approach known as intrusive
advising. An issue that prompted this model and study indicated that most interventions
at the institution have employed a passive approach to engaging students and that this
approach needed to be more active, even intrusive. The outcome of passive strategies is
that only some students are aware of these resources, and of those that are aware, only
some of them take advantage of these resources. With an intrusive approach, the
institution takes on the role of connecting with the students rather than waiting for them
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to present themselves. In reviewing the approaches employed by the College in
conducting the intrusive advising, the outreach that occurred could be evaluated as only
minimally intrusive. The most basic continuum of intrusiveness might look like the
representation in Figure 5.1. For this study, the interventions deemed “intrusive” fell
somewhere in the middle of this continuum. These interventions did not rely on the

Less Intrusive

Moderately Intrusive

More Intrusive

May include:
open advising
housing communities
skills course/seminar (optional)
passive programming

May include:
advising through email notifications
+/- outreach via mail (e.g. postcards)
automatic listserv subscriptions
classroom visits/announcements

May include:
mandated advising (perhaps w/ use of holds)
required skills course/seminar
required registration appointments
"tracking down" students to intervene

Figure 5.1: Continuum of Advising Intrusiveness

student to seek the advising, though they also did not mandate that the student take
advantage or actively participate in the advising that was offered. While there were times
when a response was requested, such connections were only mandated in the second
semester and if the student had earned a negative academic standing (e.g. Academic
Warning). As an example, while the second communication organized by the advisors in
this study is typically an email that “required” the student to respond, of 55 tracked cases,
27 students responded while 28 did not. Thus, while there may have been some impact of
the outreach (e.g. students are aware that someone has reached out to them), they neither
took full advantage of the resources available, nor were they compelled to be oriented or
to use such resources. Again, while the outcome was not statistically significantly, with
regard to retention, the students who did respond (resulting in an in-person advising
appointment with an academic advisor) had a rate of retention 17% higher than those that
did not. This outcome could mean that those who actually connected with advisors were
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retained at a higher rate, or that the types of students who are retained are more likely to
respond to advisor outreach.

Implications
Above all, this study has been conducted to better understand the application of
theory in practice and to inform the relationship between research findings and policy
development. This section considers the outcomes of this research in order to make
policy recommendations supported by empirical evidence, the outcome of which should
lead to a more efficacious application of limited resources for maximum effect. In this
case, the goal is increased retention of students, and there are several implications derived
from this research. These are addressed through five policy recommendations, each with
a focus on a particular aspect of this research: the program model, at-risk students,
advisor impacts, and continuation of research. In addition, these recommendations are
considered in light of practical cost/benefit concerns, ethical considerations of “who” is
served, professional implications of advising practice, and suggestions for future,
continued research in this area.

Recommendation 1: Continuation of Approach
Ultimately, this study was unable to provide a definitive answer with regard to the
impact of intrusive advising on retention. Instead, it identified substantial infidelity in the
application of an advising program. Thus, a continuation of the approach is recommended
with an increase in the frequency, level of intrusiveness of the advising interventions, and
precision with which such interventions are tracked. The risk instrument that was
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developed was accurate and could continue to be a useful tool. It actively makes use of
both academic and non-academic variables to predict a level of risk for each student. This
aspect of the model is particularly useful – and accurate – in narrowing the list of students
to whom resources could be directed. The challenge, of course, is whether those
resources are effective and/or finding others that can be. In this study, the intrusive
advising deployed did not yield a significant impact. Various reasons exist for why this
result may have occurred, particularly considering the reduced frequency with which
these intrusive methods were conducted. However, because of the accuracy of the risk
instrument and because a benefit was demonstrated in small numbers where the
intervention was more intrusive, continuation of this approach with an increase in the
intrusiveness is the best opportunity to continue to understand the relationship between
intrusive advising and retention of students. In addition, ethical and research implications
(discussed below) provide additional necessity for further exploration of this model.
Table 5.1 presents an analysis of costs and benefits to various constituencies in the
academic institution if the approach is continued. At-risk students with the highest risk of
attrition have the lowest costs and may see the greatest benefits. The college/institution
assumes the greatest risk as it attempts to balance limited resources. Benefits, however,
are not completely elusive for the institution, even if the interventions are not successful,
though they may come with steep financial, political, and reputation costs. Other at-risk
students and a more general population that may not be labeled “at-risk” may see modest
costs, though these are not likely to be apparent reductions in services already available
and received, rather missed opportunities or other potential investments. For instance,
could resources be directed to increased tutoring services or expanded honors programs?
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Table 5.1: Multi-Perspective Cost/Benefit Analysis
Multi-Perspective Cost/Benefit Analysis for Continuation of Model Interventions
Constituency
Cost
Benefit

Most At-Risk (Decile 1)

Minimal:
Services offered are intended as
direct support/benefit for this group;
Decile 1 has the most to gain;
Possible cost if further research
demonstrates that increased advising
has adverse affect

Increased academic and other
support;
Greater connection with
institution;
Potential for increased
persistence with greater
interaction

Other At-Risk Students

Minimal to Moderate:
Cost to this group depends on the
adjustments made in order to focus
on Decile 1 or other areas. If support
increases for Decile 1, it is possible
that fewer students in other at-risk
categories will receive support;
Current model includes both Decile
1 and students in other at-risk
categories, so benefit is more likely.

Increased academic and other
support;
Alternative approaches to model
may also beneift other at-risk
students;
Continued identification using
risk instrument is accurate and
supports additional intervention;
Greater impact seen for deciles
other than Decile 1.

General Population

Minimal to Moderate:
Resources are likely directed away
from the general population not
identified as "at risk." As with "Other
at-risk," questions remain about how
much benefit increase could be
gained if resources were directed to
other programs.

Advising Staff

Moderate:
There is an even split of cost/benefit
for the advising staff. There is a
labor and professional cost in
attempting interventions that may not
have a significant impact. These may
affect morale and professional
satisfaction if unsuccessful.
Concerns about value of time and
contribution to field if results are not
positive. Damange to image of
advising if unsuccessful.

Regardless of success,
participation in pilot/test
interventions inform the field and
grow the profession;
Opportunities to discuss what
works and what does not in
professional settings;
Satisfaction of providing
resources to help at-risk students,
even if not successful (and
especially if so);
Oppotunities for contributions to
retention literature.

College/Institution

Moderate to High:
Costs could be signficant if no
positive outcome is achieved.
College/Institution operates on
limited resources and risk investing
in approaches with little or no
results. This can be mitigated by
implementing a strategic approach
and identifying alternatives.
Political costs if investing in
programs with little or no return.

If successful, increased retention
of students has academic,
financial, and political rewards;
If unsuccessful, lack of impact
serves field by developing a
deeper understanding of
approaches that may/may not
work in specific environments;
Contributions to retention
literature.

Increased diversity of experience
in student body (variables that
impact risk score include
academic ability, gender,
geography, SES, and
perspectives)
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These are services more often taken advantage of by students who are not most at risk.
And, given the challenges of retaining the most at risk, it is somewhat likely that such
investments would result in greater net retention. However, they do not necessarily result
in greater value-added outcomes, where a small benefit for someone starting with “less”
has greater implications than a similar benefit for someone who started with “more.” And
where successful, such value-added outcomes, particularly with regard to student
retention, benefit the entire community of the institution.

Recommendation 2: Consideration of the Most At-Risk
Next, despite the challenges of retaining the most at-risk, it is recommended that
focus be maintained on those in Decile 1. This research demonstrated that they are
accurately identified as the most likely not to be retained and, regardless of intervention,
were still retained at significantly lower rates than all other students. With this in mind,
there may be some consideration to abandon them, as the amount of resources
contributed by the institution, advisors, faculty, and others appears to have little result.
That is, despite our ability to identify the most at-risk students, interventions to retain
them have been repeatedly unsuccessful. In addition, their attrition is heavily correlated
with their academic performance and, in a similar study, DiNovi (2010) demonstrated
that intrusive advising had little impact on academic success for these students.
Abandonment is not an uncommon policy recommendation in such situations. For
instance, a policy developed to phase out remedial coursework at the City University of
New York (CUNY) is an example of abandonment. Following CUNY, Long (2012)
reported, “at least eight states, including Florida and Illinois, restrict remediation to two-
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year institutions” (p. 175). Such policies do not, as Long suggests, resolve the issue of
remediation, but instead merely shift it out of one arena and into another, with the
potential for decreased degree attainment as a result of moving remedial students out of
the four-year institution. Like a shift in remediation policies, some – including the present
institution – have sought to resolve the attrition of at-risk students, particularly those with
academic deficiencies, by “cutting off the bottom” in admissions decisions. While this
may result in raised GPAs and SATs for admitted students (the “quality” of the student
body), it potentially neglects democratic and social justice commitments at the core of the
institution’s mission.
Thus, the Decile 1 students represent an ethical dilemma: should resources be
targeted toward Decile 1 in an effort to save as many as possible (which may not be a
high number); or should resources be re-centered on higher deciles where there is a
greater likelihood of a measurable impact? In considering ethical paradigms of justice,
care, and critique (Shapiro & Stefkovich, 2005), an ethic of justice, more focused on
equality, would favor an approach that minimized an approach favoring continued or
increased focus on the Decile 1 students, rather than more equally distributing any
available resources. In contrast, an ethic of care, more focused on equity, would favor an
approach that maintained or increased focus on this group. Such an approach prompts the
practitioner to consider who benefits, who is harmed, are there long-term implications,
and/or whether other societal issues exist (p. 18). Ultimately, the students in Decile 1
have the most to gain from the continuation, and the most to lose should it cease or be recentered. The questions posed in the ethic of care, however, do not fully respond to the
question and prompt consideration of the ethic of critique. It is clear that important social
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implications are tied to the ultimate action of how to respond to the Decile 1 students.
Thus, these concerns raise additional questions about power and oppression. Who has
power? Who doesn’t? Who decides how to move forward and to what end(s)? These
questions are central to the ethic of critique (p. 16). Power exists with the University in its
ability to decide how to direct resources, though also to some degree with the advising
units/colleges who currently define their own parameters of the program. The students
have the least power, particularly those in Decile 1 who are surrounded by challenges
(e.g. lack of preparation, lack of social/educational capital, and greatest disadvantage
when leaving higher education without a degree). Decile 1 students are not only the least
likely to be retained, but they are also disproportionately more minority and have a lower
socioeconomic status. While education is often viewed as a path out of poverty and
oppression, unsuccessful attempts at higher education threaten to worsen the situation by
adding student debt as well as lost wages and experience that might have been gained had
the student forgone higher education. Applying the ethic of critique reveals that reducing
focus on the Decile 1 students would, ultimately, fulfill the outcomes of social
reproduction: those least likely to succeed fulfill this destiny at higher rates and fail to
find a pathway out of their social conditions. And at times, when these students leave
college prematurely, that carry forward no benefits related to their socioeconomic
condition and may also leave with debt that may worsen that condition.
The institution at hand was founded on and continues with a social justice
mission. With this in mind, the institution, as well as others like it, must contemplate
these impacts when considering how to move forward. Bound by its own mission and
social justice commitments, the institution is likely to find that maintaining a focus on the
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most at risk is essential both for educational efficacy and morality.

Recommendation 3: Increased Connection of Advising and Academics
Institutions should closely examine and determine ways to expand connections
between academic advisors, advising interventions, and faculty. This research has
demonstrated that there is a significant correlation between risk of attrition and academic
performance. While advisors have a toolbox of resources to intervene, and can increase
the degree to which interventions occur, these interventions must be expanded to involve
and/or require academic support mechanisms that have been demonstrated to have an
impact on academic performance. It is important to note that not all academic
performance issues are related to preparation and many of the same variables that predict
student risk levels also influence their ability to succeed in academics. Indeed, the risk
instrument determines risk by predicting a first-semester GPA. To a substantial degree,
the institution maintains a shared responsibility with these students once that risk has
been determined. It is capable of determining their likelihood of success before the first
day of classes and thus linking advising, academic resources, and faculty more closely
together may connect the necessary elements to support academic success by being better
able to identify and “treat” the combination of variables that result in poor academic
performance. Again, from an ethic of critique perspective, while the institution/advisors
cannot change SES, they can address deficiencies in academic and social capital. Indeed,
because of the structure and exercise of power within society, they may be best
positioned, within higher education, to influence outcomes that reverse
continued/institutionalized oppression resulting from such deficiencies. And where these
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deficiencies are too great, they can provide resources to level the playing field or to
identify other pathways that do not rely so heavily on specific academic skills (e.g. early
identification and intervention to re-focus a severely math-deficient student away from
highly quantitative degrees such as chemistry or physics). The institution can aid both
advisors and faculty by developing policies that assist with this identification and that do
not permit students to linger in fields where they are not able to be successful.
As a part of this recommendation, it is also important to consider whether certain
majors should be “off-limits” to students depending on their known preparation or risk of
attrition. While the data certainly suggest that Decile 1 students are retained at a
significantly lower rate than others, there are still many success stories in this group.
Further, as advising continues to develop and if policies support more intrusive advising
interventions (such that certain students are mandated to communicate with advisors),
there may be greater chances of students being retained at the institution by drawing
connections between fields. That is, advisors in certain colleges, particularly those
including the fields of science, technology, and mathematics, can develop a greater
understanding of the challenges students face, their reasons for pursuing certain fields,
and alternative/parallel paths they can pursue to achieve at least some elements of their
academic and professional goals.

Recommendation 4: Expanded Research – Bigger and Smaller
This institution and others should continue to expand this research in order to
better understand the links between advising and student retention. This approach is best
accomplished by pursuing a larger study with a cautious recommendation for more
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tailored risk instruments. As discussed further below, the limitations of this study have
impacted the ability to truly understand the impacts of the interventions that were
presented. A lack of recorded interventions and a small sample size, while sufficient to
demonstrate some statistical effects, limited the ability to examine subsets within the
sample for significance (i.e. more robust comparisons between levels both within and
between the Control and Treatment groups). This could have potential importance in
better understanding retention in science and technology majors, particularly with regard
to variables such as preparation and gender. In the end, the difference between the
Control and Treatment groups with regard to attrition was eight students. By expanding
the sample size, the data analysis could be conducted both at an institutional level and in
various subsets (schools, colleges, special programs, etc.).
At the same time, a benefit may exist in developing even more nuanced risk
instruments. To some degree, this has been accomplished by developing an institutionally
specific risk instrument. Rather than basing the assessment and risk identification on a
nationally-normed dataset, the instrument developed here considered the variables
specific to the institution’s student population. In much the same way, and with an
understanding that different variables have varying influences depending on the
major/field (e.g. math placement scores may have a greater risk value for mathematics
majors than they do for history majors), risk prediction may be even more effective if
such instruments are built around certain colleges or majors. While the institutionspecific risk instrument has been demonstrated to be accurate, additional precision could
yield a greater understanding of students, the hurdles they face, and the resources
necessary to face those challenges. This recommendation is proposed for further
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exploration. In a similar study, DiNovi (2010) found “that risk equations should be
customized to the subpopulation of interest, rather than built on a full cohort of students,
in order to provide the most effective prediction at each level” (p. 80). The findings in the
present study showed some increased ability to predict retention when crafting an
equation specifically for the College subpopulation. While it was significant, and
substantially greater than the equation of the University instrument, this was only
demonstrated on the Control group, which had other concerns. It did not show significant
benefit applied to the College cohort. Thus, in coordination with a larger study, such
specialization may yield greater accuracy and benefit.

Recommendation 5: Increased Advisor Training and Capacity
The findings of this study revealed that the outcomes of the interventions might
have been severely impacted by the ability and consistency with which those
interventions were conducted. This outcome raises questions pertaining to the training of
advisors to conduct such interventions, as well as the capacity for them to do so.
With regard to training, if the goal of the intervention is to be intrusive, then it is
recommended that the advising teams be more fully trained in the application of intrusive
advising techniques. Over half of the interventions recorded were on the weaker side of
intrusiveness; they were more promotional of available services and resources than they
were intrusive into the students’ lives at the institution. This study revealed a lack of
implementation of advising interventions, and thus a lack of intrusiveness with the
Treatment group. And while the “more” intrusive interventions met the initial guidelines
as a ratio (that two of the five (40%) interventions be “in-person”), the overall lack of
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recorded interventions – across the full-spectrum of intrusiveness – leaves questions
about the relationship between intrusive advising and retention unanswered.
Secondly, because of the intensive, coordinated characteristics of intrusive
advising, and because it requires increased one-to-one intervention, capacity issues are
likely to be a concern. In order to conduct intrusive interventions in a meaningful way, it
is recommended that institutions consider the expectations of an intrusive advising model
and assure that the staffing of advising units is appropriate to meet these expectations.
Expanded capacity can have at least three linked benefits. First, it supports the advising
unit’s ability to conduct intrusive advising. Second, it permits this activity while allowing
the unit to maintain its regularly scheduled activities. This is particularly important if the
unit is already acting at capacity. In this scenario, adding intrusive advising expectations
not only increases capacity for the type of advising, but for compounding aspects of the
need to see more students who may not have otherwise been identified or connected with
advising. Third, failure to meet capacity can lead to advisor burnout and attrition. Such
attrition not only impacts morale within the unit, but can also be detrimental to student
retention and time to graduation as students lose connections with the institution and the
new hires take significant time to train for accuracy and experience. In addition, advisor
attrition also places an additional burden on the capacity of the retained advisors.

Limitations of the Study
There were two phases to this study and limitations existed for each. With regard
to the first phase, which included the creation and application of the risk instrument, the
first limitation identified is that of the “moving target.” The moving target limitation
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impacts the ability of the instrument to be predictive, and also for the instrument to
remain accurate. Because the instrument is built on the previous year’s incoming cohort,
it assumes a substantial amount of similarity between the previous and incoming cohorts.
To some degree, this is the very reason for the use of the previous year’s cohort rather
than utilizing longitudinal data. Data and norms developed over multiple years may overemphasize certain variables while burying more nuanced ones. The reverse concern exists
when using the previous year’s cohort. That is, a particular year’s cohort may have
emphasized a specific variable (e.g. a variable linked to a major societal/economic event)
that otherwise would not have been (as) significant and does not have the same
value/weight for the subsequent cohort. This limitation is mitigated to some degree by the
findings, which show the instrument to be accurate in its immediate task of predicting
first-semester GPA and, to a lesser degree, first-year retention. However, it is conceivable
that if the limitation could be more fully addressed, the instrument may be able to
demonstrate increased accuracy.
The moving target limitation also considers the lifetime of the prediction provided
by the instrument. While the instrument is most accurate in predicting first-semester
GPA, it is less accurate in predicting second-semester GPA and, ultimately, retention. To
some degree, this is because of real-time, constant changes to the population. Students
react differently to grades, to family events, to the economy, to the classes for which they
register, etc. Thus, while the instrument is useful for granting a window into the risk of
each student as s/he walks onto campus at the start of the academic year, it can become
stale quickly. That is, it lacks the dynamics to continue to deliver accurate predictions as
students move through their first year. It is, ultimately, a single snapshot of time and, just
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as basing the instrument on the previous year’s cohort is a limitation, continuing to
respond to the prediction generated at the start of the academic year through the end of
that academic year presents a similar limitation.
A second limitation involves the size of the sample. While the sample was
sufficient to permit some significant statistical analyses, some effects were outside the
ability to be measured statistically. These limits existed largely in subsets of the sample.
As an example, the findings did not reveal a statistically significant difference between
the Control and the Treatment groups. However, it was observed that there were more
Decile 1 students in the Treatment group. Across the analysis of retention as a function of
decile, the findings consistently revealed that Decile 1 students were retained at a much
lower rate than the Decile 2 (and of all other deciles); and it was consistently the greatest
difference in these comparisons. However, statistical significance of this difference could
not be demonstrated. While the sample was large enough to compare differences between
the Control and Treatment groups as a whole, it did not appear to be sufficient to measure
the difference between the subgroups of the sample (e.g. Deciles 1-3 or other variable
sub-divisions).
A larger study may be able to address this limitation by permitting samples large
enough to statistically evaluate sub-groups within the samples. For instance, closer
examinations of major selection, or major selection by gender, or major selection by
gender and SES might provide a much more robust analysis of the data. This research,
however, was not purely a retention study and instead also included the additional
element of the advising interventions where additional limitations exist. Again, by adding
additional variables such as individual advisors, frequency of advising, and type of
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advising, increased size could provide for more nuanced and revealing findings.
Ultimately, the difference in attrition between the Control and Treatment groups was
eight students and the total number of students that were not retained was 26. The
challenge for finding meaningful and statistically significant differences between these
groups poses a considerable research limitation to the present study.
Within the second phase of the study, which sought to measure the impacts of
intrusive advising prompted by the predictions of the risk instrument, the primary
limitation was control of the advising interventions. This limitation had three
components: maintaining frequency, the type of advising interventions, and
competing/duplicated practices.
The findings reveal that controlling advisor “faithfulness” in and/or ability to
administer interventions was a limitation of the study. An expectation was created that
the advisors would conduct interventions with a specific frequency and with a level of
intrusiveness. Ultimately, the recording instruments may not have provided an accurate
record of interventions, both with regard to frequency and type. The type of interventions
may have also influenced how many occurred – for instance, if the intervention did not
require follow-up or if the intervention was not mandated such that student apathy,
resistance, or inability to follow-up for any of a myriad of reasons. And, of course, it is
possible that the advisors were simply not faithful in conducting the interventions (again
for a myriad of reasons), thus limiting both frequency and type. The outcome of all of
these possible reasons was a reduction in both the recorded frequency and type of
intervention. Thus, this phase of the study is limited as it relied on intrusive advising that
may not have been applied, or at least recorded, as fully and consistently as was expected,
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leaving the analysis of its influence incomplete. This does, however, create new
considerations with regard to intrusive advising and capacity.
Further, this study was limited due to length. Questions remain with regard to the
fuller picture of student persistence that can only be answered with additional time. Did
students persist at another institution? National Clearinghouse data regarding student
enrollment at other institutions for the Fall 2011 cohort were not available at the time this
study was written. These data may reveal an increase in student persistence in higher
education, which could alter the findings with regard to the interventions. In addition, is
there an “early effect” for those in the Treatment group? For instance, because of the
interventions that they received, did some students change their path more quickly than
others who might continue to linger in the wrong major and/or institution? Data on
enrollments from other institutions may help answer this question, as could longer-term
evaluations of attrition.
Finally, the research was limited in its ability to provide a true control. Within the
institution, there have been multiple programs and initiative implemented in recent years
for the purpose of improving student retention. While some of these were accounted for
in the creation of the Control and Treatment groups (e.g., Athletics, Honors, student
enrolled in a bridge/transition program, and students enrolled in a first-year seminar
course), these were not controlled for in the institutional population and, further, the
influence of other programs and initiatives are still likely to have impacted the result. As
an example, the College of Science and Technology regularly intervenes with students
who have poor mid-term grades, whether they appear on the list of at-risk students or not.
Likewise, students who earn an unsatisfactory academic standing (e.g., Academic
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Warning or Probation) are also subject to additional outreach. Such measures are
employed throughout the institution, but not with the same level of intensity or
consistency. Thus, this affects both the broader population from which the sample was
drawn, as well as the sample itself, though to a lesser degree. However, when the sample
is compared with the population, the findings are likely to be impacted in unaccounted
for ways.

Future Research
Continued research in this area is essential to building a more functional
understanding of the development and application of risk models, and the methodologies
employed to respond to the predications of those models. The research recommendations
in this section are informed both by the limitations identified above, as well as the
inclusion of continued research as a policy recommendation.
Perhaps the most important research recommendation is to expand this research to
include a qualitative component. Including a qualitative methodology would provide the
opportunity to more deeply understand the conditions surrounding student attrition, and
potentially retention. While there was a total of 26 students who were not retained, it
remains somewhat unclear, outside of academic performance, what variables contributed
to their decisions not to return to the institution. Interviews with all or some of these
students would provide a window of understanding that cannot be measured, particularly
given the small sample size.
In addition, interviews with the advisors conducting the intrusive interventions
could provide a more comprehensive understanding of how the interventions were
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conducted and subsequently recorded. Their understandings of intrusive advising, of their
role in the process of retaining students, and of the ability/capacity to meet the
expectations of the project could greatly inform the literature pertaining to student
persistence and intrusive advising.
Second, future research should strongly consider expansion of the sample size for
the study. As indicated above, an increased sample size carries the potential for
considerably more robust and nuanced statistical evaluations that posed a limitation to the
present study. With this in mind, however, these benefits are balanced by a new set of
limitations. For instance, an expanded sample may face limitations of homogeneity of the
sample to the population. That is, some sub-populations may not have numbers large
enough to stand on their own for analysis and, if applied at the full institutional-level,
student characteristics may vary greatly, particularly with regard to major/field of
interest. This was somewhat more controlled by examining a specific college subpopulation. In addition, an increased sample size would also mean an increased number
of advisors and recorded information, which is likely to create greater challenges in
controlling both the frequency and types of interventions, as well as consistency of
recording. Future researchers must consider this limitations and work to identify
methodologies that minimize their effect on the data and data collection.
The third recommendation is to carefully consider additional tailored risk
instruments. While some caution exists when recommending this as a policy imperative
for moving forward, the research forum is the ideal context in which to pursue risk
instruments that are more specifically designed for identified sub-populations. It may be
particularly challenging to identify sub-populations for which risk instruments can be

128

crafted and tested while simultaneously applying an Institution-specific instrument. In
this study, the tailored instrument was crafted long after the initial instrument, though
attempted to maintain the same circumstances under which the initial instrument was
developed and applied. This model of creating both and running one may be preferable to
attempting to run controls for multiple instruments, with the caveat that accuracy will be
increased if both models are created simultaneously and a control group can be identified
that is common to both models.
Fourth, the field would benefit from research that examines the “moving target”
phenomenon. The risk instrument model uses a stagnant tool followed by interventions
that span nine to twelve months. However, once students begin progressing through their
coursework, their performance, academic behaviors, and personal choices become more
predictive than the initial assessment. That is, if a student is categorized in Decile 6, but
receives mid-term ratings that suggest she has not been attending her courses, the midterm ratings carry substantial weight with regard to her likelihood of attrition. Future
research should examine what variables carry significance in predicting likelihood of
attrition and determine how these can be used in conjunction with the early prediction
model examined in this study. These methods could range from mid-term grades and
attendance to complex metadata analyses of student behavior. Such approaches could
create an opportunity to develop increasingly dynamic models for identification and
intervention, which ideally would improve the efficacy of the overall model.
Fifth, future research should be structured such that closer analysis pertaining to
specific academic issues can be measured. This is tied to the previous recommendations
in that there may be unique academic issues that can provide additional understanding
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regarding student progress and persistence within specific academic areas. These
examples include specific challenges that may be specific to a particular major or
programmatic area. For instance, the role of mathematics in STEM fields or the GPA of
courses in a specific area rather than a cumulative GPA may provide additional areas for
exploration of retention. Because of the moving target phenomenon, such analysis may
be useful as an early identification of attrition risk that occurs after the initial assessment,
though likely still within the first year. Such examinations of quantitative sequences
could be replicated anywhere such sequences exist that provide a pathway along which
students progress toward their degree, with an intensive examination of early degree
milestones. Such markers, in collaboration with risk instruments, may help in the
development of more dynamic models that factor students’ actual behaviors into the
continued analysis and predication.
Sixth, as there were substantial concerns regarding the degree to which intrusive
advising was exercised, future research intended to measure the effects of intrusive
advising must consider what qualifies as “intrusive”, in addition to tracking and reporting
the type and frequency of these interventions. Such considerations should shape the
methods for recording interventions and play a substantial role in the analysis of
outcomes. As was demonstrated here, a continuum of intrusive advising exists that may
influence the (intended) effectiveness of intrusive advising. Such studies may also wish
to include a training component to clarify the meaning and difference of intrusive
advising techniques from other standard advising interventions.
Lastly, future research should consider longer timeframes in order to measure
impacts that may not fully be identifiable within the first year. While the focus remains
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on first-year retention, further exploration of long-term effects of prediction and
intervention strategies may yield important findings that can inform short-term
application of these models. Further, longer-term studies may provide a “bigger picture”
understanding of the links between key variables, first-year retention, subsequent
persistence, and degree attainment. While this research is centered on the concept that
first-year persistence serves as a bridge between access to the institution and access to the
opportunities afforded by degree attainment, completing one’s degree (and doing so in a
reasonable time-frame) will require a comprehensive understanding of the pathway to
graduation that only longer-term research can demystify. Just as access to an institution
of higher education does not, unto itself, break the cycle of social reproduction, nor is the
cycle broken with the realization of persistence into the second year. With each step the
cycle is weakened, and the more an institution can do to aid the student in advancing
toward degree completion, the more it fulfills its educational, social, and moral
commitments to democratic society.

Conclusion
As we increase the degree to which data are both collected and accessible in
higher education, opportunities to utilize these data to better understand students and how
they interact with their respective institutions continues to advance. In this study, data
were used in an attempt to identify and respond to students at risk of attrition, one of the
greatest challenges facing institutions of higher education, students, and the communities
from which they come (and to which they return). The outcome was an ordered level of
risk to which resources could be targeted in order to minimize or halt the risk that had
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been predicted. The ability to predict such risk, however, only provides half of the
equation. And while accurate, the institution still continued to face challenges in retaining
students who are most at-risk. The educational and social implications of this are grand:
despite access to higher education, the most at risk – who are disproportionately
underrepresented minority and low-SES – continue to face the challenge of redefining
their circumstances to break the cycle of social reproduction. Such outcomes risk
sustaining, if not reinforcing the power constructs of hegemony and institutionalized
oppression within society. Thus, it behooves educational institutions and researchers to
continue to seek answers to these questions and to identify effective strategies to support
the most at-risk students, as they have the most to gain and the most to lose. Such
commitments are daunting yet absolutely necessary in order to achieve the democratic
purposes of education. It is, ultimately, the instance wherein institutions of higher
education define themselves as instruments of mobility and opportunity rather than tools
of reproduction and oppression.
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