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Abstract

During the last decade, there have been numerous
reports detailing the importance of increasing science,
technology, engineering, and math (STEM) majors in the
United States. Simultaneously, an increasing number of
studies are being developed to predict a student’s success
and completion of a STEM degree, recognizing that reten-
tion is a significant issue for STEM majors. A majority of
the studies focus on traditional college students that at-
tend college directly after high school, which is no longer
the model of the majority of college students. A grow-
ing number of students delay entry into college and do
not enter through traditional routes. One of the growing
entry points for STEM students is the community college
or two-year institution. These institutions have grown in
popularity due to tuition increases and lack of prepared-
ness for traditional selective universities. As the need for
more STEM majors and a diverse workforce increases,
more research should be directed towards this growing
pool of students. Retention models should investigate
unique retention causation factors more thoroughly to ad-
dress these STEM students and this pipeline. This research
provides a systematic review of the literature on retention
models for STEM education and provides a discussion of
future opportunities to align predictive models with com-
munity colleges.

Keywords: Higher Education, STEM Education, Community
(ollege, Retention, Predictive Models

I. Introduction

After the worldwide economic downturn of 2008,
there continues to be considerable apprehension and
scrutiny surrounding the nation’s economy and how to
quard against weaknesses in the new global economy.
There s strong evidence to support the assertion that
Science, Technology, Engineering, and Math (STEM) ca-
reers will drive the economy of the future and help the
United States remain globally competitive (Committee on
Prospering in the Global Economy of the 21st, National
Academy of Engineering Institute of, & National Academy
of, 2007; Olsen, 2014; Vilorio, 2014). Further, students
with substantial math and science training will experi-
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ence more demand in the workforce, even if not working
directly in STEM careers, due to enhanced critical thinking
skills (Counil et al., 2013). Data from the Bureau of Labor
Statistics shows employment in STEM fields is expected
to increase by approximately one million jobs between
2012 and 2022 (Vilorio, 2014). In light of these growing
concerns, former President Obama challenged the country
to increase the number of STEM graduates by one million
in this ten-year period (Olsen, 2014). In response to his
call, the President’s Council of Advisors on Science and
Technology (PCAST) organized a report on the strategies
that could help attain this goal. In Engage to Excel, PCAST
addressed the important points of retention, community
colleges, and the need for more diversity, which this re-
view of the literature will investigate more deeply (Engage
to Excel: Producing One Million Additional College Gradu-
ates with Degrees in Science, Technology, Engineering, and
Mathematics, 2012). Despite intensified efforts, the U.S.
has seen a decrease or stagnation in the number of STEM
majors in recent decades (Snyder, Dillow, & Staff, 2012).

While there is some scrutiny about the heterogene-
ity within the STEM labor market, there is little argument
on the need for more diversity in these fields (Commit-
tee on Underrepresented et al., 2011; Terenzini, Lattuca,
Ro, & Knight, 2014; Xue & Larson, 2015). The engineering
workforce should mirror the diversity of our population if it
is going to keep pace with the global markets (Hagedom
& Purnamasari, 2012; Starobin & Laanan, 2008; Terenzini,
Lattuca, Ro, & Knight, 2014; Xue & Larson, 2015). In 2015,
Solving the Equation: The Variables for Women's Success in
Engineering and Computing illuminated the gender ineg-
uity in STEM degrees, especially engineering and comput-
ing. These two segments of STEM account for 80% of the
workforce, yet women are profoundly underrepresented.
Women account for a minor fraction of the engineering
and computing workforce, representing just 12% and
26%, respectively. The numbers are more drastic when
one considers women of color (Committee on Under-
represented et al., 2011; Costello, 2012; Dika & D'Amico,
2016). Increasing access for women to STEM careers is
proposed to help close the gender wage gap (Costello,
2012).

Recent data from governmental sources makes a

compelling argument for attention to STEM majors and
retention.

« Students are choosing STEM majors in sufficient
numbers as a whole with approximately 28% of
bachelor’s degree students and 20% of associate’s
degree students choosing a STEM major at some
point within six years of entering higher education
(Chen, 2013).

« Rates of U.S. undergraduates that choose STEM ma-
jors trail key competitors and the number has not
increased drastically in decades (Chen, 2013).

« The percent of women enrolled in science and engi-
neering has remained flat from 2000-2013 (National
Science Board, 2016).

- Of US. ditizen and permanent resident science and
engineering doctorate recipients, 18.4% reported
earning college credit from a community college
with the percent ranging from 12.7% for Asian to
32.3% for American Indian ethnicity (National Sci-
ence Board, 2016).

« Of students receiving a bachelor’s degree in science
and engineering, 18% had previously earned an as-
sociate’s degree (National Science Board, 2016).

- Ofthe associate degree STEM entrants, 69% left the
fields. Of these, 43% of female associate’s degree
students switched out of STEM, while only 29% of
their male peers left (Chen, 2013).

When looking at the national goal of increasing STEM
majors, there must be a thorough analysis of retention
(Drew, 2011; Seymour & Hewitt, 1997). PCAST recom-
mended efforts be quided toward increasing the reten-
tion of students, since a minor increase in retention could
have significant benefits in the total number of graduates.
STEM retention is currently reported to be 48% nation-
ally, which is an average of all reporting institutions (Chen,
2013). The numbers are more telling when looking at in-
stitutions as sectors. Science and Technology institutions
have much higher retention due to various factors and
rigorous admittance requirements. The lowest retention
(30%) of STEM majors is seen within community col-
leges, which struggle with open enrollment and lack of
academic preparedness in many students (Chen, 2013).
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Figure 1. Research methodology for systematic literature review

Retention increases could help achieve the goals set forth
by former President Obama and allow the U.S. to remain
competitive in this increasingly important segment of the
economy.

One population often overlooked in tackling the na-
tion’s goal for increasing and diversifying STEM graduates
is the community college transfer student (Hoffman,
Starobin, Laanan, & Rivera, 2010). In multiple National
Science Foundation (NSF) reports, there is growing evi-
dence that community colleges are critical to increasing
the diversity of STEM, especially in engineering (Commit-
tee on Underrepresented et al., 2011; Hagedom & Purna-
masari, 2012; S. Starobin & Laanan, 2008). In America’s
Overlooked Engineers, data outlines that community col-
leges have a much more diverse student population
pursuing engineering degrees. However, when studying
engineering graduates there is little difference in ability
between graduates that attended a community college
and those that received all credit from a four-year institu-
tion (Terenzini et al., 2014).

Community colleges currently educate almost half
of the country’s undergraduate students, including STEM
majors (Hagedorn & Purnamasari, 2012; Starobin & Laan-
an, 2010). Additionally, the community college student
population is much more diverse than universities due
to flexible schedules, open enrollment, and lower tuition
(Cohen, Kisker, & Brawer, 2014 Jackson & Laanan, 2011).
In light of these factors, the community college system
should be a major partner and contributor to the STEM
degree pathway. As a research community, there should
be more investigation into this overlooked resource for

quality, diverse undergraduate transfer students. Given
that community colleges have the lowest retention rates,
it is important to remember that most students leave
STEM within the first two years (Chang, Eagan, Lin, &
Hurtado, 2011; Seymour & Hewitt, 1997). Increasing
community college retention rates could have a drastic
impact on the average STEM graduation rates while also
potentially diversifying the workforce. Ultimately, there
cannot be substantial changes to retention rates without
working with community colleges, yet little academic re-
search is focused on this sector of higher education.

Higher Education Institutions (HEIs) must develop
clear strategies to recruit and retain STEM majors to as-
sistin the national effort to produce quality students. This
paper will outline the importance of STEM majors, the
significance of retention values in maximizing our coun-
try’s economic competitiveness, survey existing predictive
models, and highlight the growing need to incorporate
community colleges in the national dialogue.

The remainder of this paper will be broken into sec-
tions. Part I will provide the literature review methodol-
0gy. Part Il will review the various retention causation
factors and predictive models currently being used by
colleges and universities and highlight the reliability of
models and development methods employed. Part IV will
relate the retention factors and models to community col-
leges and show how the current models do not address a
majority of community college students. PartV will high-
light opportunities to modify these models to properly
address community college students.

Il. Research Methodology

The purpose of this systematic literature review was
to examine current literature relating to the use of predic-
tive models in STEM retention, specifically in community
colleges. The research results were compiled and analyzed
according to the methodology introduced by Tranfield,
Denyer, and Smart (2003). The research was conducted
per the flow of processes shown in Figure 1.

Plan the review

The review was limited to Google Scholar, Educa-
tion Resources Information Center (ERIC), Web of Science,
IEEE, and SCOPUS. Additionally, there was a search of the
Journal of Engineering Education, Community College Jour-
nal of Research and Practice, Community College Review,
and ASEE Journal of Engineering Technology. A thorough
search for “student retention” and “STEM” and “community
college(s)” and “predictive models” did not yield any re-
sults in the chosen databases. With the lack of published
research pertaining to community colleges hindering the
results, the review was expanded by excluding the term
“community college(s)"in the search factors. Recognizing
the use of predictive analytics is ever evolving, the search
was limited to the timeframe of the year 2000 to the pres-
ent. The keywords searched were manipulated to attempt
a larger review pool given the synonymous use of the
terms retention and persistence. While the two terms rep-
resent different concepts, they are used interchangeably in
the literature. The search criteria included a combination
of the following keywords: “STEM or science or engineer-
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ing” and “student retention or persistence” and “predictive
model” The search of community college specific journals
did not yield as many results as suspected and few articles
developed a retention predictive model specifically target-
ing STEM students.

Conducting the review

The search for relevant papers did not yield many
results. The most robust search was within the Journal of
Engineering Education for the keywords “persistence”and
“predictive model”, which returned thirty-four articles.
Those articles ranged in predictive models from career
choice to persistence in a specific course. Several studies
provided retention models that were developed to predict
the retention of students based on various causation fac-
tors. There is increasing interest in data analytics being
used to aid retention as presented in Figure 2, which high-
lights the number of articles found by year.

The number of articles returned in the searches was
misleading in many cases due to “student retention” being
a keyword with multiple meanings. For this analysis, the
focus was on STEM retention from freshman year through
graduation.

lll. Retention Causation Factors
and Current Predictive
Models

Retention of college students has been a focus of
research for decades. There is substantial belief that in-
creasing the retention of students will benefit every sec-
tor of our country (DeBerard, Spelmans, & Julka, 2004; Li,
Swaminathan, & Tang, 2009). In order to directly impact
retention rates, it is necessary to understand the causation
factors that impact the persistence and completion rates
of students.

Emerging in the last half of the twentieth century
were two seminal pieces of research on retention and the
factors that contribute to attrition. Tinto (1987) and Astin
(1993) produced significant research on retention and
contributing factors. Both studies investigated student
attributes, but also the institutional effects that influence
a student and their decision to complete college or with-
draw.

In Leaving College, Tinto describes in depth the various
causation factors that lead a student to withdraw. Tinto’s
model examined individual and institutional factors that
led to a student’s decision to voluntarily withdrawal (Tinto,
1987). The individual factors of intention and commit-
ment seem to be critical attributes lending to a student’s
success in college. These are qualities that a student has
before entering college and can be influenced, but these
qualities are individual in nature. Institutional factors are
the variables that can be impactful after a student enters
the higher education system. These factors speak to the
student’s overall integration into the institution. The fac-
tors are adjustment, difficulty, incongruence, and isola-
tion. One of the most significant relationships appears to
be between a student and faculty. It should be recognized
that a negative interaction with faculty or staff can lead a
student to feel less connected to the institution and in-
fluence their decision to withdraw. Tinto highlighted the
importance of understanding institutions as systems and
viewing the model from a longitudinal perspective with
interacting components (Tinto, 1987).

In What Matters in College, Astin also studied reten-
tion and factors that influenced it. The model Astin pro-
duced is referred to as the I-E-O model. It emphasizes
the importance of the input (1) to the system, which is
the background and preparation a student brings to the
institution. The institutional environment (E) has an effect
on those inputs and together will determine the outcome

(0). This study also emphasizes the engagement of stu-
dents with the institution (Astin, 1993).

Using these models as a springboard, Seymour and
Hewitt (1997) focused on STEM majors in the ook, Jalk-
ing About Leaving. The overall aim of this research was to
identify sources of qualitative differences in students’ ex-
periences when pursuing a science, math, or engineering
(SME) degree. The research investigated what institutions
and departments did that encouraged attrition amongst
the SME majors, while also comparing the attrition causes
offemales and minorities to that of the majority. One of the
largest findings is that there was not a significant differ-
ence in cognitive ability between “switchers” and “stayers”.
The four most common factors of switching were loss or
lack of interest in science, non-SME degrees held better
educational opportunities, poor teaching by SME faculty,
and feeling overwhelmed by the pace and load of a SME
curriculum. When questioning students, it was found that
the weed out curriculum of SME degrees is a factor in their
feelings of being overwhelmed. Students felt faculty did
not understand that the weed out system favors students
that are independently funded. This is problematic given
the need to diversify SME and increase success of students
from lower socioeconomic backgrounds. When exploring
the gender differences in SME retention, it was found that
women were more likely to choose their degree due to an
active influence of others. Females also reported feeling
alienated in their programs, which possibly leads to the
higher attrition rate seen for female SME majors. Further,
poor high school preparation was claimed by students of
color and women more than other classes of students.
Overall, the causes of high attrition rates amongst these
majors was as variable as Tinto and Astin found for all ma-
jors; however, it does appear that SME majors suffer more
from a weed out mentality of faculty and poor teaching
(Seymour & Hewitt, 1997).

Figure 2. Publications by year and database/journal searched
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Table 1. Research contributions in STEM student retention

There are still several variables not understood in
student decision making about withdrawing from an in-
stitution, but what is clear from the research is the causes
do not lie squarely on the individual student. There seems
to be a relationship between a student’s individual char-
acteristics and their experiences with the institution. Fol-
lowing these seminal research studies on retention, there
have been multiple recent studies into the student and
institutional factors that can predict student success in
STEM. There are several causation factors that appear rel-
evant in these retention studies. Most studies concentrate
on the quantitative factors a student possesses before
entering higher education such as high school GPA, high

school rank, and standardized exam scores. Recognizing
the complexity of the causation factors, studies usually
include a multifaceted approach to the investigation in-
cluding both quantitative and qualitative variables.
Several studies examined the combination of qualita-
tive and quantitative factors and found student motiva-
tion and confidence significantly impacted their success
and retention (Burtner, 2005; Eris et al., 2010; French,
Immekus, & Oakes, 2005; Nicholls, Wolfe, Besterfield-
Sacre, Shuman, & Larpkiattaworn, 2007). Morganson et
al. (2015) investigated a different view of retention by
studying the factors that influence a student to stay and
complete a degree using the Embeddedness Theory. The

Embeddedness Theory looks at fit,
link, and sacrifice to determine fac-
tors that anchor a student to their
degree and institution (Morganson,
Major, Streets, Litano, & Myers, 2015).
Bernold et al. (2007) studied learning
styles and the influence they had on
retention and success (Bernold, Spur-
lin, & Anson, 2007). The study shows
that leamning styles most conducive
to the traditional lecture pedagogy
of engineering curriculum have a
higher retention rate. From a gender
perspective, females were more likely
to have a leaming style that did not
perform well in the traditional engi-
neering lecture style (Bernold et al,,
2007). Table T summarizes the vari-
ous important contributions to the
study of retention regarding STEM
students.

Itis clear from studies there i im-
portance in a student’s cognitive and
non-cognitive abilities relating to the
prediction of success and persistence.
These studies reinforce Seymour and
Hewitt’s (1997) findings on several
of the causation factors relating to
retention, but many researchers did
not investigate the institutional fac-
tors that could provide a more reliable
model to investigate both student
factors and institutional contribu-
tions.

With a national goal of increas-
ing retention in STEM majors, there
have been several predictive models
developed to help institutions target
factors that could lead to increased
retention. These models help institu-
tions allocate budgets properly and
plan for programs that enhance stu-
dent completion. The studies in Table
1 used a variety of analyses to develop predictive models.
Analytical methods were chosen based on the purpose of
the research and the types of variables available. The com-
mon methods are highlighted next.

Regression analysis. Many of the studies high-
lighted in Table 1 used regression analysis in some form,
as it allows for a complete analysis of factors and develop-
ment of a model. Regression analysis is often used with
historical data and can be useful in expressing relation-
ships between predictive variables and a response variable
(Montgomery, Vining, & Peck, 2012). Many of the studies
in Table T used regression analysis to develop predictive
models. In Marra et al. (2012), the study determined
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three factors were important to student retention: poor
teaching and advising, curriculum difficulties, and lack of
belonging. The analysis used simple linear regression and
found the number of months students stayed in engineer-
ing was related to the predictive factors of poor teaching
and advising and curriculum difficulties. The research also
employed regression analysis to determine the predictive
power of original confidence. A negative relationship was
found between original confidence and the lack of be-
longing as a factor in retention. Multiple regression analy-
sis was used to examine the impact of poor teaching and
advising, curriculum difficulty, and lack of belonging on
students’ cumulative GPA. It was determined those three
variables account for 20.7% of the GPA variation (Marra,
Rodgers, Shen, & Bogue, 2012).

Veenstra et al. (2008) investigated the differences in
modeling engineering versus non-engineering student
success. Stepwise regression was used to determine the
set of predictors for first year success for both engineering
and non-engineering students. The results indicated that
37-38% of the variation of engineering students’ first-
year GPA was explained by pre-college characteristics,
which were largely associated with academic preparation
(Veenstra, Dey, & Herrin, 2008). French et al. (2005) in-
vestigated the cognitive and non-cognitive variables that
were predictive factors for student success and persistence
within engineering. Three regression analyses were per-
formed using historical data collected from two cohorts
of engineering undergraduate students. A hierarchical
linear regression was used for predicting GPA and it was
determined that several cognitive factors account for
18% of the variance. When predicting persistence in the
university, only GPA was a significant predictive variable,
which resulted in correct classification 89% of the time.
The hierarchical logistic regression model for engineering
students found more significant variables including GPA,
high school rank, SAT-math, and motivation. This pre-
dictive model had correct classification 65% of the time
(French et al., 2005).

Hall et al. (2015) found only one significant param-
eter for comparing persisting students with those that left
in good standing. The odds of persisting increased by 1.63
for every one standard deviation on the SAT-math score.
When comparing persisting students with those that
leave in poor standing, there were three significant pre-
dictors including high school GPA, conscientiousness, and
Assessment and Learning in Knowledge Spaces (ALEKS)
score. The success of prediction depended on the group
of students being analyzed, with persisting students
(69.9%), left in poor standing (64.7%), and left in good
standing (40.0%) varying in accuracy of prediction (Hall
et al, 2015). DeBerard et al. (2004) successfully used
regression analysis to predict GPA, but did not find sta-
tistically significant variables for predicting retention. This
reinforces the multifaceted causation factors that likely ex-
ist for retention prediction.

Exploratory factor analysis. It is common to have
a large set of data and use exploratory factor analysis
to estimate the strength and direction of the influence
of factors on a response. Exploratory factor analysis is a
methodology to analyze data and explore significant fac-
tors, which allows for a predictive function of the explor-
atory factor analysis (Fabrigar & Wegener, 2012; Osborne,
2016). This technique is useful when there is not a suit-
able hypothesis and investigation of the data is warranted;
such as when Marra et al. (2012) used exploratory factor
analysis to determine which factors influence a students’
decision to transfer out of engineering. The analysis iden-
tified five factors, with the first three factors explaining
65.92% of the total variance. The three factors were poor
teaching and advising, difficult curriculum, and lack of
belonging. Once those factors were identified, Marra et
al. used regression as described previously (Marra et al.,
2012). Liet al. (2008) used exploratory factor analysis to
determine different perspectives students hold about en-
gineering and generated four factors from the data with
the interest factor being significant between engineering
and non-engineering students (Li, McCoach, Swamina-
than, & Tang, 2008). Many studies use exploratory factor
analysis to isolate the factors required for further investi-
gation with predictive modeling.

Machine learning. Machine leaming has gained
popularity as a method that might have the ability to in-
crease the accuracy of predictive models in retention since
it encompasses several techniques such as artificial neural
networks (ANN) and decision trees. Decision trees use
splits to generate a model and produce rule sets (Luan,
2002). Decision trees and neural networks offer advan-
tages in predicting key outcomes over traditional statistics
and have been shown to accurately predict students that
would graduate within three years or less (Herzog, 2006).

Alkhasawneh and Hargraves (2014) used machine
learning techniques and surveys to develop a hybrid
model to predict first year retention in STEM. The study
investigated underrepresented minority (URM) students
compared to majority students. The model is a hybrid
due to the inclusion of a qualitative survey given to a
focus group attending a summer program. The neural
network technique used FeedForward back propagation.
The resulting hybrid model had an accuracy of predic-
tion of 66% for URM, which was the lowest accuracy for
the groups. The highest accuracy was found with major-
ity students (Alkhasawneh & Hargraves, 2014). Djulovic
and Li (2013) compared four techniques including Bayes
model, (4.5 decision trees, neural networks, and rule in-
duction with regards to their accuracy of prediction. All
four techniques performed very well for predicting reten-
tion. The accuracy improved as more variables were added
with a final accuracy of 98.81% for retained students us-
ing the rule inductive model (Djulovic & Li, 2013). Delen
(2010) also found decision trees to be promising for accu-
rately predicting students that will be retained. Regardless

of the technique, there was a lack of sufficient accuracy in
predicting attrition.

All of these methods have promise as tools to develop
predictive models, but clearly more powerful methods
should be investigated for use in community colleges. This
is an area that is often overlooked in the development of
retention models by researchers (Cohen, 2005).

IV.Retention Factors and Models
in Community Colleges

As college tuition increases and completion time
expands, community colleges have emerged as a viable
option for students. Community colleges have been dis-
cussed heavily in politics lately as an important sector of
higher education and their importance in keeping costs
low while impacting the economy with workforce devel-
opment (Swanger, 2013). Community colleges grew out
of a democratic mission to offer post-secondary education
to everyone (Cohen et al,, 2014; Young, 1997) by offering
many smaller communities both general education and
technical job training. Community colleges remain close
to their original mission of serving the local community
with over 50% of community colleges being located in
rural settings (Swanger, 2013). Since 1901, the estab-
lishment of the first community college, the mission has
expanded and is seen as a comprehensive concept. One
important aspect of community colleges is the concept of
“open access” with an emphasis on developmental edu-
cation and preparing students for transfer to universities
(Cohen et al., 2014; Deegan, 1985; Hoffman et al., 2010;
Swanger, 2013).

Community colleges serve a very diverse student
population (Hoffman et al., 2010; Horn & Nevill, 2006).
This diversity extends to the institutions themselves. Com-
munity colleges can be private or public, focus on transfer
preparation or workforce development, and offer only as-
sociate degrees or select bachelor degrees. The academic
and institutional diversity could contribute to difficulties in
studying them (Hoffman et al., 2010).

When investigating women in community college,
itis noted that a majority of community college students
are female reaching approximately 58% of the student
population (Hoffman etal., 2010). Costello (2012) reports
that 20% of community college students are women with
children and one in ten female students is a single mom.
Even with this large population of females, the number
of females pursing STEM degrees remains small (Hoffman
et al, 2010; Packard, Gagnon, LaBelle, Jeffers, & Lynn,
2011).

Community colleges are much more racially congru-
ent with the area in which they are located than most
universities (Cohen etal., 2014; Hoffman et al., 2010). Ad-
ditionally, 38.5% of community college students are racial
minorities with Hispanic students representing the fast-
est growing sector (Hoffman et al., 2010). Unfortunately,
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data indicates that participation in STEM degrees is low
for these demographics (Hoffman et al., 2010). Tsapogas
(2004) noted that Hispanic Science and Engineering (S&E)
graduates were more likely to have attended a community
college, with approximately 51% attending before trans-
ferring to receive a bachelor’s degree. Community colleges

are a strong resource for diversifying STEM while providing
the increasingly necessary preparation.

There are other factors that contribute to a more di-
verse demographic profile of community college students.
Studies show 79% of community college students have
jobs and work an average of 32 hours a week, which lends

to more part time enrollment (Costello, 2012; Hom &
Nevill, 2006). Data indicates that delayed entrants to col-
lege are more likely to favor a two year institution and this
trend was especially noticeable when looking at minori-
ties and women (Cohen et al., 2014). First generational
college students (FGCS) are also more likely to begin their

Table 2. Community college retention factors and models (continued on next page)
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post-secondary education at a community college. Un-
fortunately, FGCS often struggle with the same barriers
as women and URM, including factors such as underpre-
pared, work demands, lack of support, and high attrition
rates (Dika & D'Amico, 2016). When investigating S&E
graduates, it was found that older graduates were more
likely to attend community college than younger stu-
dents (Tsapogas, 2004). Overall, the community college
student has a very different demographic than traditional
college students and cannot be viewed through the same
research lens (Costello, 2012; Horn & Nevill, 2006).

Given the increasing number of students attend-
ing community colleges, including racial minorities, it is
important to investigate retention at these institutions
(Starobin & Laanan, 2010). Tinto (1987) recognized that
withdrawal rates were lowest among two year institu-
tions and connected this low withdrawal rate to some
of the various factors. The primary reasons for commu-
nity college withdrawal rates being higher seems to be
related to the lack of preparedness of students as well
as students coming from a lower socioeconomic back-
ground (Cohen et al., 2014; Tinto, 1987). Hagedorn and
DuBray (2010) studied a large cohort of community col-
lege students in California and found only 12.6% of the
STEM-focused transfer-hopeful students were enrolled in
a transfer level math, with the rest of the hopefuls being
in lower remedial courses. The research also found success
in math classes was significantly related to demographic
data such as gender and race. The factors that impact
student success for traditional university students might
not be the same factors that community college students
face, especially when considering women and minori-
ties (Hagedorn & DuBray, 2010). Therefore, it is certainly
worthy of investigation. Higher education students are no
longer one-size-fits all, and the predictive analytical tools
cannot be universal either.

Another area of concem is the lack of attention
predictive models give to institutional factors. Given the
importance of institutional factors identified by Tinto
(1987), Astin (1993), and Seymour and Hewitt (1997), it
is surprising that more recent STEM studies have contin-
ued to largely focus on student attributes. Some student
retention studies investigate the importance of institu-
tional factors, but are not usually concentrated on STEM
education. For instance, Webster et al. (2011) investigat-
ed institutional factors in predicting student retention and
found that tuition, student-teacher ratio, and the amount
of aid received all influence a student in their decision to
persist. This study also found a positive relationship be-
tween faculty salaries and retention, which reinforces the
idea that more selective institutions have higher retention
rates. Seymour and Hewitt (1997) repeatedly heard from
students that the STEM educational system was designed
to weed out minorities and lower socioeconomic stu-
dents. The institutional diversity among community col-
leges needs to be investigated further to ascertain which

institutional model is most successful for increasing STEM
majors and diversity.

In the review of literature, there were some models
aimed at identifying attrition causes and developing pre-
dictive models based on the data. There was a dearth of
studies specifically investigating STEM students though,
asTable 2 highlights.

When looking at predictive models there are some
alarming limitations, one of which is the lack of a large
breadth of research on the retention causation factors at
the community college level. Community colleges are
educating more students than ever and a majority of
those are transfer students (Hagedor & DuBray, 2010). It
is reported that approximately half of all students receiv-
ing a STEM bachelor degree attended a community col-
lege for courses as undergraduates, but little research is
being done to determine the factors contributing to the
extremely low retention rates at two year colleges for
STEM majors. There are many predictive models for stu-
dent success and retention that provide strong evidence of
causation factors, but few effectively transfer to the com-
munity college model.

V. Future Opportunities to
Align Predictive Models with
Community Colleges

There is a large effort to increase STEM retention.
Many colleges and universities have invested in
programs to support STEM students more effectively.
The National Science Foundation (NSF) has developed
grant opportunities to fill many of these deficiencies.
Learning communities and faculty engagement have
been shown to increase persistence by allowing students
to make those important connections (Tinto, 1998,
2015). Louisiana State University developed a framework
to show that student retention is clearly impacted by
mentoring and undergraduate research. Their program
specifically targeted academic underperformers and
minorities (Wilson et al., 2011). NSF's S-STEM grant has
provided institutions the ability to award scholarships and
impact recruitment and retention. One institution had
remarkable results by focusing on two factors: finandial
assistance and giving students a sense of belonging to
STEM using various engagement strategies (Jen-Mei,
Chuhee, Stevens, & Buonora, 2016). In addition, there
are several collaborative efforts between community
colleges and their transfer institutions that have promise.
The Committee on Enhancing the Community College
Pathways to Engineering found that the community
college transfer function is critical to increasing and
diversifying the workforce by enhancing the pathways
through stronger articulation agreements and 2 + 2 plans
(2005). NSF's Science Talent Expansion program works
across the educational landscape to increase participation
using pathways and transitional frameworks. It seems

there are efforts to increase retention; however,
community college students still do not align with many
of the predictive tools being produced currently.

The development of predictive models and data ana-
lytics is gaining favor with educational researchers. There
are multiple attempts to discern the best model for STEM
students, but the models do not align with the commu-
nity college student population. Most of the models in-
clude high school performance data, which might not be
the best indicator for non-traditional students. The models
that have been developed could be used with community
college data to determine the efficacy. Additionally, there
could be new models developed using a variety of tech-
niques beyond the traditional regression analysis. When
reviewing the research, engineering educational research-
ers have been the most creative in generating predictive
models. The limitations of their models are related to
the use of data from traditional universities. Future work
should include validation tests using community college
student data, as well as attempts to develop models
based on the data from community colleges. Through a
more holistic approach to predictive models, the problem
surrounding STEM attrition could have clarity.
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