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Abstract—The recent upsurge in enrollments in computing 

means that student attrition has a substantial opportunity cost. 
Admitting a student who leaves both reduces graduation yield 
and prevents another equally qualified student from enrolling. 
Professors cannot change the background of students, but they 
can control many aspects of student experience in the computing 
major. This paper presents the results of a study to understand 
strongest predictors of retention in undergraduate computing 
based on a large-scale survey administered in 14 U.S. institutions. 
Although some factors have more influence for certain 
demographic groups, findings from this data set suggest that 
some teaching practices have more power for predicting 
retention in computing including: relevant and meaningful 
assignments, examples, and curriculum; faculty interaction with 
students; student collaboration on programming assignments; 
and for male students, pace and workload expectations relative to 
existing experience. Other interactions such as those that a 
student has with teaching assistants or peers in extracurricular 
activities seem to have less value for predicting retention. Faculty 
would be wise to protect their enrollment investments by 
inspecting course themes, assignments, and examples for student 
interest and ensuring that students have many opportunities to 
interact with faculty both in and outside of class. 

Keywords—student retention; persistence; undergraduate 
computing; assignments; women in computing; diversity in 
computing 

I. INTRODUCTION 
Retention is an important goal for colleges and universities. 

Each student admitted is an investment of time and resources. 
Students who are selected for admission also represent an 
opportunity cost: other students, whose pre-college abilities 
may be only marginally “worse,” cannot be admitted because 
of this choice. And while college success is correlated with 
prior success, studies show that experiences in college are at 
least as important, if not more important [1], [2] suggesting that 
the margin of difference among students may be a poor 
predictor of success in and after college. Students who are 
admitted and then leave reduce graduation yield and waste 
precious space in classes and laboratories as well as the time of 
faculty, advisors, and teaching assistants. Studies of 
undergraduate retention most often focus on the likelihood that 
a student will remain enrolled in classes and ultimately 
graduate with a bachelor’s degree. Such studies consider 
“retained” any student who graduates from the college or 
university, even if the student started out with the intention to 

major in one field, then switched to another. Studies of 
retention at the institution level generally focus on students’ 
background characteristics (e.g., gender, race/ethnicity, and 
high school experiences); institutional factors (e.g., size, 
specialization, classification, and selectivity); and student 
integration into social and academic communities [3], [4].  

Few studies of college retention focus on particular 
disciplines. More often, sets of disciplines are combined, 
especially into “STEM,” or science, technology, engineering, 
and mathematics, such as in Seymour’s and Hewitt’s excellent 
qualitative study on why undergraduates leave the sciences [5] 
and in quasi-experimental studies [6], [7]. Yet the individual 
disciplines represented in these studies are different, as 
evidenced by the greater attrition of women from some fields 
than from others.  

While there is clearly variation from one department to 
another based on institutional differences and individual 
personalities, one can argue that a disciplinary field, such as 
biology or computer science, constitutes a community of 
practice within which there are shared values for knowledge 
and skills, typical ways of accomplishing teaching and learning 
goals, and typical communication styles. Communities of 
practice are informal networks through which practitioners in a 
field come to share meaning and build knowledge [8], [9]. The 
apprenticeship model of doctoral education creates legacies of 
networks among faculty, who learn with and from each other, 
then go off to distant settings to become professors. Local, 
national, and international venues make it possible for 
practitioners to co-construct meaning and share practices that 
are common in their work. Thus it would be unsurprising to 
find certain similarities in terms of the ways knowledge and 
skills are taught and valued among departments that are 
geographically distant, yet distinct from other departments 
locally. 

When studies of retention have focused on particular 
disciplines, they often study individual differences and pre-
college experiences of students as predicting factors. Such 
studies typically assume that there is some deficiency among 
some students that needs to be “fixed” in order to make them 
successful, whether this is a pre-college deficiency (i.e., 
“mathematics readiness”) [10], the need for coaching and 
mentoring in order to fit into or tolerate an existing culture 
[11], [12], or the impact of participation in groups or learning 
communities external to the department [13]. Generally 
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excluded as predictors are the culture, social climate, and 
typical teaching and learning practices that students experience 
within a discipline. College staff and faculty cannot change 
students’ pre-college experiences and characteristics, but they 
can address a student’s experience of being in a major, taking 
classes, studying with other students, and participating in 
extracurricular social and educational events held by a 
department. 

In [14], we described a model for considering systemic 
reform that would “change the system, not the student.” The 
model is based in student experience of the computer science 
major. This model includes six interrelated components that 
shape students’ choices to enter or remain in the major, 
including:  

• Recruitment into early classes, but also treating early 
classes as recruiting opportunities, since students can still 
leave the major with little penalty; 

• Classroom and laboratory pedagogy, which can provide a 
venue for the natural development of peer networks and 
in which students begin to be part of the community of 
practice;  

• Curriculum, concerned with content of classes, including 
the degree to which assignments and examples are 
relevant and meaningful to students’ past experiences and 
life goals;  

• Student support mechanisms, including faculty-student 
interaction and student-student interaction, giving rise to a 
sense of belonging in a community; 

• Institutional policies related to admissions, faculty roles 
and promotion, and class taking requirements; and 

• Evaluation and tracking of student outcomes, providing 
data for assessing whether students are learning and 
whether some students are better served than others.  

For fields with the worst record for gender parity, such as 
computer science, it is important to understand why some 
students stay and some students leave. Women in computing 
fields leave at a higher rate than men [15], despite having 
higher grades than the men who stay [16]–[19]. The study 
presented below focuses on the factors of retention that faculty 
and academic departments can modify to protect their 
enrollment investments (i.e., to retain students). Below, we 
present a large-scale, survey-based study of retention factors to 
explore the biggest predictors of a computer science major’s 
intention to complete the major. Our retention model, based on 
the student’s experience of the computer science major as 
discussed above, includes primarily factors faculty have the 
power to modify. Faculty are committed to retaining students, 
but often have little time or resources for doing so. Therefore, 
it is useful to understand which retention factors will bring the 
greatest return on investment. Therefore, we use our survey 
data to address these questions: 

Among factors that faculty can control, which are the 
strongest predictors of retention? 

How do predictors of retention vary across student 
groups?  

First, we describe our choices for constructing the “Student 
Experience of the Major” survey. Next, we describe the sample 
profile and results for predicting retention in computer science. 
We conclude with a discussion of the findings. 

II. FACTORS RELATED TO RETENTION 
The Student Experience of the Major (SEM) survey is 

based in the reform model summarized above and in [14] and 
can be viewed in [20]. That model is based partly on general 
scholarship related to student engagement and retention 
(summarized in [21]–[23]). This scholarship views retention 
and voluntary attrition as intricately linked to a longitudinal 
process in which individual students assign meaning to formal 
and informal interactions during their educational experience. 
As a consequence, students with higher levels of social and 
academic integration will be more likely to persist in their 
major. Integration is accomplished through experience of the 
factors we list below. In addition, the SEM survey takes into 
account research specific to computer science education. The 
major factors contributing to retention are explained below. All 
but the last, commitment to the major, are independent 
(predictor) variables. Commitment to the Major is the 
dependent variable.  

A. Classroom Climate 
Learning theorists argue that learning occurs as a situated 

accomplishment within the constraints of the everyday 
practices of a social environment [24], [25] and mediated by 
communication typical to those environments [26]–[28]. One 
of the implications of this view is that when one learns, one 
develops a new or “different sense of self as a consequence of 
active participation in a social practice” [29]. Classrooms are 
the predominant venue in which students are exposed to the 
skills and knowledge, knowledge presentation, and 
expectations about the kinds of people who belong (or not) in a 
degree program. How faculty talk about students in class helps 
to cement students’ views of whether they belong (or not). For 
example, instructors who unwittingly align being “smart” with 
having prior programming experience can negatively impact 
the perceptions of students with less experience [30]. Students 
who “posture” or “show off” in class can intimidate other 
students [30]–[32]. Feeling that one doesn’t belong, combined 
with being a minority in the classroom and confronting various 
gendered stereotypes, results in a loss of confidence for 
women, which can then lead to switching major [31], [33]. In 
the SEM survey, we created a composite variable by 
combining ratings of teaching quality with ratings of classroom 
climate. When we conducted reliability tests to determine if 
these individual items should be combined into one composite 
scale, we found that the items were not closely enough 
correlated for us to feel confident to combine them. Thus, the 
variable for classroom climate omits ratings of teaching quality 
and only encapsulates students’ perceptions about comfort and 
frequency with asking questions in class, and how frequently 
faculty call on students by name in class.  

B. Prior Experience and Workload 
Students want to be challenged in class, but not beyond 

their ability or time to absorb content and complete work. 
Retention within a major is predicated on students believing 
that their academic efforts are a good use of their time [23]. 



However, prior experience with programming is positively 
related to success in introductory computing courses [16], 
suggesting that instruction is not appropriate for a beginner. 
The composite variable for Prior Experience and Workload 
captures students’ responses to questions about the number of 
hours spent on homework, pace of classes, and how well their 
previous exposure and experiences within computing have 
helped them manage the required workload.  

C. Relevant, Meaningful Assignments 
Studies in computer science show that the types and topics 

of assignments, examples, and classes included in introductory 
courses appeal differently to different groups of students [31], 
[34], [35]. Computer science is an abstract discipline; as a 
result, lectures can focus on abstract principles, separated from 
the world of real-life application [34], [36]. The degree to 
which faculty are able to relate to students’ past experience and 
knowledge, values, and future goals is related to retention [23]. 
In our survey, we created a composite variable called Relevant 
and Meaningful Assignments, in which students indicated how 
many assignments were interesting to them and rated their 
interest in and understanding of personal relevance of 
assignments.  

D. Student-Faculty Interaction 
Student-faculty interaction is often considered the largest 

contributor to retention in engineering and computing [3]. 
Student-faculty interaction occurs both in and outside of class, 
but informal interaction that extends beyond formal contact is 
shown to have several strong benefits [37], [38]. Students are 
more likely to attend classes in which faculty show enthusiasm 
for the material, who are available for questions after class or 
during office hours, and who develop a reputation for being 
personal and approachable [39]. These findings are especially 
strong for women students [5], [39], [40]. In the SEM survey, 
questions representing this factor reflect student perception of 
professors’ advice regarding the major and career options, 
feedback on homework and in-class questions, faculty 
encouragement, and comfort talking to the professor. 

E. Student-Teaching Assistant Interaction 
A few studies have examined the quality of interactions 

with teaching assistants (TAs) (e.g.,[41], [42]), though few 
have specifically related student-TA interaction to retention. 
One large-scale study found that student interaction with 
teaching assistants can influence retention by affecting lab 
climate, awareness of course grades, and students’ knowledge 
of careers [43]. A challenge in studying the impact of TAs is 
the wide variation in how faculty utilize teaching assistants. 
The SEM survey operationalizes Student-Teaching Assistant 
Interaction with questions about TAs’ availability, 
encouragement, and the quantity and quality of help received 
from the TA by the student. 

F. Within-Major Social Life 
Extracurricular student interaction with peers with similar 

interests is thought to increase retention, but the type of 
interactions that retain students is understudied [44]. For 
example, “learning communities” of students who have similar 
or the same major have been established in dormitories so that 
these students are frequently in contact. The theory is that one 
can develop social networks that help ease the burdens and 
responsibilities associated with the major. Students exchange 
information that can enhance learning experiences and beliefs 
about belonging [45]. The SEM factor for Within-Major Social 
Life asked about frequency and quality of student interactions 
during non-school time and in student groups (e.g., ACM 
student groups). 

G. Collaborative Assignments 
Students working together have more opportunities to 

determine who is knowledgeable and who is not, also, possibly 
overcoming stereotypes about certain types of people. 
Collaborative learning can facilitate student-student 
interactions and peer support, providing opportunities for 
students to articulate what they are learning and hear their 
peers do the same; these practices are shown to improve 
learning and sense of belonging [46]–[48]. Studies have also 
shown that collaborative assignments can increase motivation, 
help students recognize how to apply unique skills to group 
efforts, increase awareness of project goals, and share 

Table 1: SEM Factors and Corresponding Survey Topics
Dimension Survey Measures 

Commitment to 
the Major  

Likelihood of declaring or completing a 
computing major or minor; sense of belonging 
in the computing major 

Classroom 
Climate 

Perceived quality of classroom instruction; 
speed of feedback to students on assignments; 
professors’ use of student names; level of 
comfort in class 

Prior Experience 
& Workload 

Hours spent on homework and labs; pace of 
classes; perception of experience required for 
assignments compared to students’ experience 
levels 

Meaningful 
Assignments  

Interest in course assignments; relevance of 
assignments to personal interests, society, and 
career; understanding the relevance of content 
to career 

Student-Faculty 
Interaction  

Career and academic advice from professors; 
professor praise and encouragement; professor 
mentoring; comfort in talking to the professor 
one on one 

Student-TA 
Interaction 

Frequency of and comfort with asking TAs for 
help; rating of TAs’ abilities to support learning 
and provide encouragement 

Within-Major 
Social Life  

Spending non-school time with other students 
from class; encouragement from other students 
to persist; membership in student organizations 

Collaboration on 
Programming 
Assignments 

Encouraged by faculty to collaborate on 
programming assignments  

Egalitarian 
Environment  

Belief that some students are treated differently 
by race/ethnicity or gender; prevalence of 
racist/sexist jokes in class or lab 



knowledge beyond that required to fulfill the immediate 
assignment [49]. In computer science, pair programming has 
been associated with taking additional classes [50]. The SEM 
survey includes several questions that attempt to capture 
faculty attitudes toward allowing students to work together in 
contrast to beliefs that working together could be perceived as 
cheating. It also included the degree to which students join 
study groups. This composite variable failed reliability tests. 
Therefore, in the regression model, we used an instrumental 
variable describing the frequency with which students are 
encouraged to Collaborate on Programming Assignments. 

H. Egalitarianism 
Given the male-dominated nature of computing disciplines, 

we included items on sexism and racism to understand how 
they might affect retention in computer science. Students are 
less likely to stay in a major when they feel they are being 
treated differently as a result of belonging to an 
underrepresented group. Repeated, subtle messages that one is 
not like the other students—not as smart, not interested in the 
same activities, not a “real” computing person—make it 
difficult to imagine oneself developing that identity. In 
addition, students may internalize or seek confirmation in their 
own behavior when exposed to stereotypes about their gender 
or racial group (i.e., stereotype threat). Experimental studies 
show that stereotype threat can reduce performance and 
interest and change career choices [51], [52]. Asking questions 
about sexism and racism is tricky, because most people do not 
want to perceive themselves either as a perpetrator or a victim. 
Also, more concerning today are the implicit biases that shape 
perceptions and choices and mark people as different in very 
subtle ways. Asking people if they think they were 
discriminated against does not necessarily mean they were or 
were not, since what happened to leave that impression can be 
subtle or difficult to prove. The SEM factor representing 
Egalitarian Environment combines responses to questions 
about observations of differential treatment of others (not of 
oneself) based on race/ethnicity or gender, as well as 
observations of other students telling sexist or racist jokes. 

I. Commitment to the Major 
Though there are competing definitions of attrition and 

retention, for the purposes of this study we are concerned with 
the self-reported likelihood of declaring or completing a 
computing major or minor [53]. We use Commitment to the 
Major as a proxy for retention; it is the main dependent 
variable used in this study. Commitment to the Major 
combined three categories of questions, including likelihood to 
complete the major, likelihood to pursue a career in the field, 
feelings of belonging in the major.  

III. PROCEDURES, SAMPLE, AND ANALYTICAL METHODS 

A. Survey Development and Procedures 

The SEM survey was developed and piloted in 2006 and 
revised for administration between 2008 and 2011. The 
original pilot data are not included in this analysis. Surveys 
were administered online using SurveyMonkey. In an effort to 
reduce selection bias, each participating department determined 
the incentives that were offered in exchange for students’ 
participation. Relevant authorities, including the Institutional 

Review Board for each school, oversaw that research 
conformed to ethical standards. Students responded 
anonymously to a set of questions standardized across the 
institutions concerning their experiences in and perceptions of 
the major. Students were also asked to report on their majors 
and reasons for declaring (or not declaring) a computing major, 
as well as the measures concerning their intention to persist.  

B. Student Sample Profile 
In total, 2,077 students from 14 institutions responded in 

part to the survey, with 1,312 students replying to all questions 
used in the regression analysis. (The high level of missing data 
is primarily due to some participating institutions’ decisions to 
exclude certain questions.) Twenty percent of respondents 
were female (n=1,945), and 8.1 percent of students belonged to 
a group that is a racial minority underrepresented in computing 
(n=1,910). Whites and Asians are not considered 
underrepresented. In total, 25.8 percent of students reported 
being a minority in computing by either gender or race 
(n=1,892); slightly fewer than 2 percent reported being a 
minority by both gender and race (n=1,892). Students were on 
average 23 years old (S = 4.172, n = 1566) and were evenly 
distributed by academic level, with between 19.8 and 27.1 
percent falling into each of the four years of college. Roughly 
eight percent of students reported being “fifth year seniors.” 

C. Institutional Differences in Sample 
On average, each of the 14 institutions had roughly 148 

respondents, with a range between 44 and 451 students (S = 
115.968, median = 104.5). Significant differences between 
institutions existed in gender representation (  = 0.245, 
p<.001) and racial minority representation (  = 0.195, p<.001), 
with student compositions ranging from 6.4 to 59.3 percent 
female and from 0.0 to 20.6 percent racial minority. 
Differences were also found in composition of academic year. 
The distribution of academic year by institution was 
statistically significant, ( 2(df=52) = –0.106, p<.001) due to 
seven schools with a concentration of students at least one 
standard deviation above or below the average in a specific 
year for all schools. We found no difference in academic year 
between genders (t = 1.390, p=0.165). However, there was a 
difference in academic year between racial groups ( 2(df=12) 
= 33.894, p<.001): White students were less likely to be 
freshmen and more likely to be upper classmen, while Asian 
students were less likely to be juniors and more likely to be 
freshmen or sophomores. Underrepresented and mixed racial 
groups were far more likely to be freshmen, and least likely to 
be any other year. We do not know how to explain this: it may 
suggest greater attrition among underrepresented students early 
in the major or recent, successful recruitment efforts. 

D. Analytical Methods 
As described in Section II, we developed ten composite 

variables from a total of 70 survey items. For each composite 
variable, individual item scores were summed to create a 
composite score; when necessary, questions were weighted 
and/or reverse coded to make equal comparisons among 
responses. The internal consistency of composite variables was 
tested using Cronbach’s Alpha. As discussed in Section II, all 
but two of our factors (“classroom climate and pedagogy” and 
“collaborative learning”) met a minimum standard of   



0.6. We also employed factor analysis to confirm the 
composite variables’ reliability using principal components 
extraction with varimax rotation. The results confirmed the 
reliability tests using Cronbach’s Alpha. We concluded that 1) 
classroom climate and teaching were not related enough to 
justify combining them; 2) our operationalizations of 
classroom climate and collaborative learning questions were 
faulty. For the classroom climate/teaching variable, we parsed 
down the constituent items to become more reliable. In the case 
of collaborative learning, we selected one instrumental variable 
from the survey that best operationalized the concept, which 
although it came out as a predictor in most of the models, may 
have reduced its predictive power. 

E. Explanation of the Regression Models 
We used the independent composite variables to develop 

and test seven models to understand the strongest predictors of 
“Commitment to the Major” taking into account different 
groups of students, as explained below. Each model affords a 
different way of looking at the data. All variables in the 
regression models passed minimum standards for variance 
inflation factors and tolerance measures, indicating that no 
variables were risks for multicollinearity. Six models used 
ordinary least squares regression. The final model used mixed 
linear effects in order to determine whether there were 
systematic biases based on institutional differences. The 
outcomes of the analyses are shown in Tables 2 and 3. Because 
these models use factored variables, the interpretation of 
coefficients is not straightforward. However, these models 
allow us to compare the relative effects of each because they 
used standardized scales. Independent variables that were the 
strongest predictors of the outcome variable, Commitment to 
the Major, are shown in bold within cells. The level of 
significance (the chance of the findings occurring randomly) is 
indicated with stars below the tables. A cross indicates 
borderline cases (p<.075). 

All Students: All-1 and All-2. The two models shown in 
Table 2 both use ordinary least squares regression and include 
the entire data set, hence their names All-1 and All-2. All-1 
controls for academic year and age. In other words, academic 
year and age are held constant to better understand the 
influence of the other variables. Although academic year and 
age were positively correlated (r = 0.641, p<.001), each passed 
variance inflation factor and tolerance tests in the regression 
models, meaning that multicollinearity is not a risk. All-2 is 
similar to All-1, but adds an interaction variable for being both 
female and a racial minority member. 

Gender and Race/Ethnicity. To identify the degree to which 
different variables predicted intention to major in 
homogeneous groups, the next four models isolated subsets of 
the population based on gender and race. This is shown 
through shading in Table 3: under the columns Female, Male, 
Under-rep, and Majority are the results of ordinary least 
squares regression for these groups independent of the other 
groups. Isolating demographic groups and running separate 
ordinary least squares models better illustrate the relative 
importance of the independent variables to each group. 

Controlling for Institutional Influences. The final model 
was a linear mixed effects model that controlled for 
“Institution,” which helps to identify unmeasured effects that 
may stem from local departmental differences. This model 
helps to address the question of whether departmental, 
institutional, and peer cultures locally affect students’ 
intentions to complete a major [54]. For example, in an 
institution where students are more likely to work to earn 
income or take out more student loans, retention may be lower 
because computer science majors are attracted to the income 
possibilities, with or without the degree. A variable for 
institution was used as a fixed effect and the other composite 
variables included as random effects. This approach allowed us 
to control for possible unmeasured variables that are common 
to all students in an institution that might otherwise bias the 
results. This model is represented in Table 3 under the right-
most column and titled “Inst Diffs.” 

IV. RESULTS OF THE SEVEN MODELS 

A. All Students Models, Controlling for Age and Level 
These two models each include the entire data set, meaning 

that all students are treated as one group, but controlling for 
academic year and age. When the students are treated as one 
group, statistically significant and positive predictors for the 
dependent variable Commitment to the Major include: 
Meaningful Assignments, Student-Faculty Interaction, Male 
Gender, Collaboration on Programming Assignments, and 
Prior Experience and Workload in order of strength of 
prediction. Classroom Climate was a negative predictor in both 
models.  

Several variables had no significant influence on 
Commitment to the Major, including Race (Underrepresented 
Minority and Majority), the interaction of race and gender, 
academic year, and age. This finding challenges other studies 
that suggest that the first two years of a students’ college 
experience are when students are most at risk for dropping out 
of the major [55]. In addition, student-teaching assistant 
interaction, within-major social life, and egalitarian 
environment were not significant predictors of retention. 

Table 2: Ordinary Least Squares Models 1 and 2 
Predictor Variables All-1 All-2
Female -0.275*** (.057)  
Racial Minority  -0.182 (.094)  
Gender and Racial 
Minority  -0.028 (.197)   

Academic Year  -0.013 (.021)  .000 (.020) 
Age  -0.005 (.006)  -0.007 (.006) 
Classroom Climate  -0.123* (.051)  -0.116* (.050)
Prior Experience/Wrkload  0.081* (.032)  0.096** (.032)
Meaningful Assignments  0.378*** (.043)  0.393*** (.044)
Student-Faculty 
Interaction  0.266*** (.053)  0.279*** (.053) 

Student-TA Interaction  -0.004 (.034)  -0.032 (.033) 
Within-Major Social Life  0.001 (.031)  -0.007 (.031) 
Collaboration  0.108*** (.023)  0.110*** (.023)
Egalitarian Environment  -0.002 (.049)  0.028 (.048) 
Intercept  1.461*** (.270)  1.236*** (.266) 
Adjusted R-Squared  0.163  0.136 
Standard error in parentheses. ***p<.001; **p<.01; *p<.05 



 
Table 3: Female, Male, Under-represented minority, 

Majority, and Linear Mixed Effects Models 
Predictor 
Variables Female Male Under-

rep Majority Inst Diffs

Classroom 
Climate 

-0.268† -0.082 -0.153 -0.106* -0.019
(.138) (.047) (.154) (.049) (.045)

Prior Experience 
& Workload 

0.059 0.121*** 0.255* 0.099** 0.132***
(.076) (.030) (.113) (.030) (.028)

Meaningful 
Assignments 

0.579*** 0.372*** 0.469** 0.408*** 0.434***
(.123) (.039) (.138) (.041) (.037)

Student-Faculty 
Interaction 

0.295* 0.258*** 0.199 0.253*** 0.379***
(.130) (.049) (.164) (.051) (.048)

Student-TA 
Interaction 

0.117 -0.062† -0.245 -0.029 -0.118***
(.079) (.031) (.133) (.031) (.030)

Within-Major 
Social Life 

0.003 0.015 0.004 -0.005 (.041)
(.075) (.030) (.120) (.030) (.028)

Collaboration 0.157** 0.091*** 0.136 0.106*** 0.058**
(.058) (.021) (.078) (.022) (.022)

Egalitarian 
Environment 

-0.108 0.063 0.105 0.021 0.076
(.107) (.046) (.151) (.046) (.041)

Intercept 0.562 1.031*** 0.785 1.079*** 0.320
(.553) (.222) (.815) (.226) (.231)

Adjusted R-
Squared 0.124 0.15 0.136 0.134   

Standard error in parentheses. †p<.075; Inst Diffs uses Linear Mixed Effects 
to controls for institutional differences across the fourteen institutions. 

B. Gender and Race/Ethnicity Models 
Female Students Only. When looking at females as an 

independent group, the significant factors predicting 
Commitment to the Major were Meaningful Assignments, 
Student-Faculty Interaction, and Collaboration on 
Programming Assignments, listed in order of strength. 
Interestingly, Meaningful Assignments was the strongest 
predictor of any variable in any of the models. This is a strong 
recommendation for retaining women: assignments, examples, 
course themes should be meaningful to women’s interests. This 
is consistent with previous qualitative studies as discussed in 
Section II. It is not surprising that Prior Experience and 
Workload was not a predictor for women, since they tend to 
enter computing majors with less prior experience than their 
male counterparts. Although sexism and racism linger in both 
the professional and academic fields of computing, we found 
no evidence in our study that sexism or racism are affecting 
student retention. Sadly, it is not implausible to imagine that 
the women and minorities who are retained (and therefore 
responded to the survey) are more resilient toward sexism and 
racism. 

Male Students Only. Male students were not much different 
from female students. The only difference was that Prior 
Experience and Workload was an additional predictor. The 
other significant predictors of Commitment to the Major were 
Meaningful Assignments, Student-Faculty Interaction, and 
Collaboration on Programming Assignments. Meaningful 
Assignments is the most important predictor for both men and 
women, though somewhat less important for men. However, 
the strength of Student-Faculty Interaction is only slightly 
different. Collaborating on Programming Assignments was 

also less important for men than for women, but was still a 
significant predictor.  

Underrepresented Minority Students Only. Meaningful 
Assignments came in as the strongest predictor of Commitment 
to the Major for minority students also, followed by Prior 
Experience and Workload. Given the increase in effect size in 
the underrepresented minority-only model as compared to 
other groups, we conclude that ‘time spent studying’, and 
‘matching levels of experience in the class to previous 
experience in computing before entering college’ may be 
particularly important for students of color in positively 
influencing retention. Similar to the women-only group, it 
appears that increasing the relevance of curriculum, 
assignments, and examples could be an effective way to retain 
under-represented students. 

Majority Students Only. For the group of students who 
were in the racial majority, again the strongest predictor of 
Commitment to the Major was Meaningful Assignments. 
Runners up included Student-Faculty Interaction, 
Collaboration on Programming Assignments, and Prior 
Experience and Workload in order of strength (though 
Collaboration was only slightly stronger than Prior 
Experience). Interestingly, Classroom Climate had a slight 
negative effect on Commitment to the Major. Although we 
include this result here, we have limited confidence in it due to 
the construction of the variable. This variable centered on how 
comfortable students felt asking questions, the frequency of 
asking questions, and how frequently professors call on 
students using their names. Given these results, we could 
tentatively conclude that majority students who feel the 
classroom is a comfortable climate are more likely to leave the 
major. Future research should investigate this in greater depth, 
considering its counter-theoretical nature. 

Institutional Influences. Results for this model were similar 
to the six other models, in that Meaningful Assignments, 
Student-Faculty Interaction, Prior Experience and Workload, 
and Collaboration on Programming Assignments were 
statistically significant predictors of Commitment to the Major. 
Some differences were observed, including relatively large 
increases in explanatory power for Prior Experience and 
Workload, and for Student-Faculty Interaction, and a decrease 
in power by almost half for Collaboration on Programming 
Assignments. The Institutional Influences model had one quite 
different (and unexplainable) finding: Student-Teaching 
Assistants Interaction showed up as a slight negative predictor 
of retention. One possible explanation is that because students 
often see teaching assistants as stand-ins for faculty [39], [42], 
this negative effect could be due to disaffected students 
accessing teaching assistants in lieu of disinterested or 
unapproachable faculty in one or more of the campuses. 

V. DISCUSSION AND CONCLUSIONS 
No matter how we sliced the data, Meaningful Assignments 

maintained the strongest effect size across all groups and was 
highly significant as a predictor of Commitment to the Major 
in each model. Of note, the effect size substantially increased 
for females and underrepresented minority students as 
compared to males. From this evidence, we conclude that 
female students’ commitment to computer science is more 



strongly predicated on completing assignments they find 
interesting and that place a high level of emphasis on 
demonstrating how useful computing can be in relation to their 
career goals and to society. This finding, that Meaningful 
Assignments is a strong predictor of women’s retention, should 
guide educators interested in attracting and retaining more 
females to their computing departments while ensuring the 
continued commitment from majority groups. However, it is 
important to repeat that this factor was the strongest predictor 
of retention for all student groups.  

Student-Faculty Interaction was also a significant predictor 
of retention. Partially confirming previous studies [3], [23], 
[56]–[58], Student-Faculty Interaction maintained a 
statistically significant and relatively strong, positive effect size 
across groups except for racial minorities. We are not sure how 
to interpret this finding. It is possible that minority students are 
less comfortable talking to professors or that professors give 
them less advice and encouragement. More in-depth probing of 
this finding in future studies may solve this riddle. 

Similarly, Collaboration on Programming Assignments was 
moderately important and statistically significant to all groups 
except underrepresented minorities. For minorities, there was 
still a positive effect, but the large standard error prevented it 
from being statistically significant. A t-test revealed significant 
differences between racial minority and majority groups (t = –
2.626, p<.01) with majority groups giving a higher overall 
perception that professors encourage students to collaborate on 
assignments for the class. Though there is not enough 
information here to explain this difference, we speculate that 
because majority groups perceive more encouragement to 
collaborate, it becomes an important factor majority students 
consider when staying in computer science. On the other hand, 
because minority students in this data set experienced less 
encouragement to collaborate, other factors are larger 
contributors for retention.  

With respect to differences across departments surveyed, 
we found that interaction with teaching assistants was 
negatively associated with retention. We speculate that the 
reason for this may lie in differences among institutions in 
terms of the effectiveness of how teaching assistants are trained 
or used. Few departments offer training programs for teaching 
assistants [43], so even though students access them, they may 
not be able to effectively help the students, contributing to 
overall lower views of the major. Future research may probe 
deeper into this finding. 

While all the factors identified in the literature review and 
in this study are important to improving students’ experience in 
college, we found that the most important factor in retaining 
students–consistent across all groups and models–was the use 
of relevant, meaningful assignments. The second biggest 
predictor was faculty-student interaction. Departments hoping 
to retain the students they admit would be well advised to 
inspect course themes, assignments, and examples used in 
lectures for the degree to which they are of personal interest to 
students, and relevant to students’ career goals and interests in 
society. They can also improve retention by ensuring that 
students have ample opportunities to interact with faculty both 
in and out of the classroom. 
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