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ABSTRACT
A key goal of many computer science education e�orts is to in-
crease the number and diversity of students who persist in the �eld
of computer science and into computing careers. Many interven-
tions have been developed in computer science designed to increase
students’ persistence in computing. However, it is often di�cult
to measure the e�cacy of such interventions, as measuring actual
persistence by tracking student enrollments and career placements
after an intervention is di�cult and time-consuming, and some-
times even impossible. In the social sciences, attitudinal research is
often used to solve this problem, as attitudes can be collected in sur-
vey form around the same time that interventions are introduced
and are predictive of behavior. This can allow researchers to assess
the potential e�cacy of an intervention before devoting the time
and energy to conduct a longitudinal analysis. In this paper, we
develop and validate a scale to measure intentions to persist in com-
puting, and demonstrate its use in predicting actual persistence as
de�ned by enrolling in another computer science course within two
semesters. We conduct two analyses to do this: First, we develop a
computing persistence index and test whether our scale has high
alpha reliability and whether our scale predicts actual persistence in
computing using students’ course enrollments. Second, we conduct
analyses to reduce the number of items in the scale, to make the
scale easy for others to include in their own research. This paper
contributes to research on computing education by developing and
validating a novel measure of intentions to persist in computing,
which can be used by computer science educators to evaluate po-
tential interventions. This paper also creates a short version of the
index, to ease implementation.
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1 INTRODUCTION
A key goal of computer science education e�orts is to increase
the number and diversity of students who persist in the �eld of
computer science and in computing careers. This is because there
are more computing jobs available than there are people to �ll them,
and there is a lack of diversity in computer science in academia and
industry [5].

In response, many interventions have been designed to attract
and retain students in the �eld of computing. These interventions
range from separating novice programmers from experienced pro-
grammers in introductory courses [32], to sending lightweight
email interventions [13] [1], to intensive belonging interventions
([16] [35], to longitudinal research studies on improving departmen-
tal support [6]. However, it is often di�cult to assess the e�cacy
of such interventions because measuring actual persistence can be
expensive, time consuming, and even impossible. This also limits
the ability of computer science education research to produce novel
and innovative interventions, as researchers are unlikely to commit
to the long-term evaluation of an intervention that may or may
not be successful. Lastly, the di�culty of longitudinal research on
persistence also limits research interventions on marginalized pop-
ulations in computing, as there are often such a small number of
people in these populations that amassing enough for longitudinal
analysis is exceedingly di�cult.
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Using surveys to assess behavior has been successfully utilized
by social science researchers to address these issues; particularly,
in regards to investigating the potential e�cacy of interventions
before conducting longitudinal analysis. Attitudinal research is
often used to collect leading indicators for later behavior choices,
as attitudes can be collected in survey form around the same time
that interventions are introduced. And indeed, “intentions to persist
are predictive of actual persistence in STEM �elds” [12]. In fact,
“...hundreds of research e�orts occurring [since the late 1960s]
support the contention that intention is the ‘best’ predictor of future
behavior” [27]. However, using attitudinal measures of persistence
is less common in computing education. In this paper, we develop
and validate a scale to measure intentions to persist in computing.
We conduct two analyses to do this: First, we develop a computing
persistence index (modi�ed from existing scales on intentions to
persist) and test a) whether our scale has high Cronbach’s alpha
reliability, and b) whether our scale predicts actual, short term
persistence in computing using students’ course enrollments within
the next two semesters. Second, we conduct analyses to reduce the
number of items in the scale, to make the scale easier for researchers
to include in their own research. We then test whether the reduced
index a) has high alpha reliability and b) predicts actual persistence
in computing using students’ course enrollments.

This paper contributes to research on computing education in a
number of ways. The primary contribution is that it develops and
validates a measure of intentions to persist in computing, which can
be used by computer science educators. Often computer science ed-
ucators use other attitudinal measures (e.g., belonging, self-e�cacy,
etc.) to assess the e�cacy of their interventions; however, these
attitudes are only proxies for intentions to persist, as these mea-
sures do not directly predict persistence. An attitudinal measure of
persistence is preferable because it measures persistence directly.
The second contribution of this paper is that our developed measure
can help computer science education researchers evaluate novel,
promising interventions without the time and resource commit-
ment of longitudinal data analysis. This is especially valuable for
underrepresented populations with small sample sizes. The third
and �nal contribution of this paper is that it creates a short ver-
sion of the index, to ease implementation. Adding 6 questions to a
survey imposes a far smaller burden on study participants while
still providing a reliable indicator. This can allow researchers to
assess the potential e�cacy of interventions, before committing to
a long-term analysis.

2 RELATEDWORK
2.1 Attitudinal Measures in Computing

Education Research
Increasing retention of college students in STEM has been an impor-
tant objective for researchers for many years [15] and computing
education researchers have taken a variety of approaches to in-
crease students’ persistence. Of particular relevance to our research,
computing education researchers have also studied how attitudes
(e.g., belonging, self-e�cacy, etc.) predict persistence, as well as
interventions to impact such attitudes. “The most widely known
and studied model of student persistence” [17] is from Tinto [42].
Tinto’s model is based on the idea that integration into social and

academic environments predicts student persistence in �nishing
college. This model has been built upon by many researchers ([15]
[28] [11]). Of particular relevance to this work is Hausmann, et
al. (2007), who explicitly explored students’ feelings of belonging
as a predictor of intentions to persist in college, with an actual
persistence measure of “I intend to complete my degree at <in-
stitution>” [17]. Other research echoes this �nding, as a sense of
belonging was found to increase students’ intention to persist in the
CS major, along with satisfaction of the course [33]. Other popular
frameworks that explore how attitudes in�uence persistence in-
clude Graham et al.’s persistence framework to explain persistence
in STEM majors, as de�ned by obtaining a STEM undergraduate
degree [15]. They describe this concept of persistence in STEM as a
manifestation of student motivation and con�dence. Other research
supports this framework; in particular, �ndings that higher self-
e�cacy predict higher persistence, long-term interest, and learning
outcomes [23][24]. Research on the impacts of attitudes on persis-
tence in online courses reproduce many of these �ndings across
many subjects.

However, despite the plethora of research on attitudes in com-
puting education, there have been limited attempts by computing
education researchers to use attitudinal measures of persistence.
Fisk et al. (2021) and Akram et al. (2022) have used attitudinal mea-
sures of computing persistence to evaluate a lightweight email
intervention, but did not have the data to evaluate whether the
changes in attitudes corresponded to changes in behavioral mea-
sures of persistence [13] [1]. Lin et al. (2016) used attitudinal mea-
sures of persistence to evaluate the role of persistence on students’
self-e�cacy beliefs and look for di�erences in gender. They found
that persistence levels had signi�cant e�ects on self-e�cacy beliefs
but that self-e�cacy did not vary by gender. They did not use the
persistence measures to predict actual persistence [23].

Thus, computer science education researchers are typically fo-
cused on attitudinal measures that predict persistence in computing
but that do not directly measure students’ attitudes about comput-
ing persistence.

2.2 Previous Research on Attitudinal Measures
of Persistence

As stated in the introduction, there are many reasons that an at-
titudinal measure of computing persistence would be useful to
computing education researchers. However, such a measure would
only be useful if such attitudes actually predict behavior; i.e., in-
tentions to persist would have to predict actual persistence. In the
social sciences, research has shown that intentions to persist do, in
fact, predict persistence [27]. In Merolla et al. (2012), intentions to
persist were measured by one question on a survey: "How likely
are you to pursue a science related research career?” Persistence
was measured by enrollment in one of four science training pro-
grams o�ered at the university. They found that the more a student
identi�ed as a scientist, the more likely they were to stay enrolled
in their training program and to indicate that they would pursue a
science career. Stets et al. (2017) also �nd that intentions are pre-
dictive of actual science behavior [38]. There has also been some
research done in computer science that uses surveys to identify
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intentions to persist and then predict persistence with those in-
tentions. Barker et al. investigated which factors most related to
intentions to persist in the computer science major [2]. This study
found that student-student interaction was the highest predictor of
students’ intentions to persist in the major. Another study by Katz
et al. (2006) found that many factors that predicted achievement,
like con�dence and interest in computer science, also predicted
persistence in the computer science major, measured by enrollment
in upper-level computer science courses [20].

3 METHODOLOGICAL APPROACH -
ASSESSING SCALES

In the present research, we use adapted survey questions from Cor-
rell [7] and [redacted] as the basis of our scale. These questions are
intended to measure students’ persistence intentions and include
items like, "How likely are you to take another course in computer
science?" and "How likely are you to apply for jobs requiring high
levels of computer science ability?" See table 3 for the full set of
items. Since these items have high face validity and have been used
in previous research, but their predictive validity has not been as-
sessed, they are ideal candidates to use as the basis of our scale
investigation.

We next review the literature on how to assess the reliability
and predictive validity of a scale and explain how this literature
informs our approach to assessing our persistence scale.

3.1 Assessing the Reliability of a Scale
When creating a scale, the �rst thing you want to do is to make sure
all of your items (in this case, attitudinal survey items) are all mea-
suring the same construct. We use standard statistical procedures
described by Cronbach [8] [30], to determine if all of the items load
on the same factor. Cronbach’s alpha measures the internal consis-
tency and reliability of how closely related a set of items are as a
group. We calculated Cronbach’s alpha for each item in the scale
and it is presented in table 2. Our internal reliability coe�cient is
a = 0.95 which is high and over the threshold of acceptable relia-
bility, 0.70. In fact, with an alpha higher than 0.90, experts suggest
considering shortening the scale [9].

3.2 Assessing the Predictive Validity of a Scale
A scale has predictive validity if “the test accurately predicts what it
is supposed to predict” [39]. Our review of the literature found that
there are numerous approaches to assessing the predictive validity
of a scale: for instance, correlation of factors on the scale with the
outcome measure/predicted value (Cronbach’s alpha and Pearson
PMC) [31] [4] [14] [34] [22] [10] [43], regression to show the scale
was predictive of the target variable [31] [44] [4] [18] [21], ROCAUC
[22], SEM [10], chi-square [10] [43], RMSEA [10], CFI [10]. More
speci�cally, Morisky et. al. determined predictive validity “through
association with [the measured variables] and the [target variable]
including con�rmatory factor analysis”, then used a logistic regres-
sion analysis to see how well the measured factors predicted the
target outcome [31]. In another study, predictive validity was mea-
sured by correlations of �nal course grade with the subscales, using
factor analysis, coe�cient alphas and zero-order correlations [34].
Willoughby et. al. used con�rmatory factor analysis to evaluate

the criterion validity of the scale and then estimated a logistic re-
gression model to see if the scale predicted certain outcomes [44].
But what all of these approaches have in common is establishing
predictive validity by showing an association between the scale
and the outcome variable and showing that the scale accurately
predicts what it is supposed to predict. Thus, we follow others from
the literature [31] [44] [4], we conduct a logistic regression analysis
to determine if our scale predicts students’ actual persistence in
computing (measured as enrollment in another semester of CS).
We use a logistic regression because our dependent variable - en-
rollment - is binary. To determine what constitutes an adequate
value for predictive validity, we again reviewed the literature. In
general, we found that a p-value of less than .001 was the generally
accepted level to meet “good” prediction values. Boateng et. al. used
regression analysis to evaluate the predictive validity of their scales,
with acceptable p-values of <0.001 and <0.01, with 95% con�dence
interval [4]. Based on these p-values, they concluded that predictive
validity of the scale was supported. Willoughby et. al. established
predictive validity with a logistic regression model to see if their
scale predicted their target variable and with a p-value < 0.0001, it
did. They concluded that their scale was predictive of their target
variable [44]. In another study, Herche et al measured predictive
validity using multiple regression models and reported a p-value of
<0.001. With this, the authors concluded that their scale predicted
their target behavior with convincing accuracy [18].

3.3 Reducing the Number of Items in a Scale
Our method for scale reduction was informed by the reduction of
the PANAS scale by Thompson[40]. The PANAS scale is a measure
of a�ect used in psychology research. In order to adapt this scale
for use with international-English speakers, a short form PANAS
scale was created by using exploratory factor analysis and prin-
cipal component analysis techniques. The survey was e�ectively
cut in half but still was able to adequately inform researchers of
participants’ a�ects. Here, we replicate their methods to produce a
reduced scale for 1-year persistence into future computer science
courses. Using R for analysis, we implemented feature selection
by exploratory factor analysis and principal component analysis
with varimax rotation, grouping our scale into a single factor and
looking at the loadings for each question. We then used Cronbach’s
alpha to verify our scale and ensure the questions still held together.
We tested our reduced scale by using it to predict persistence of
students in computer science, measured by whether the students
enrolled in subsequent courses of computer science in the two
semesters following the survey. For this we implemented a logistic
regression because we are predicting a binary outcome and mea-
sured the McFadden’s pseudo-R2 value to identify the amount of
variance that our scale accounted for.

4 METHODS
4.1 Data collection
Over the fall 2020 and spring 2021 semesters we surveyed 892 stu-
dents in 5 di�erent introductory computer science courses: CSC
110, 111, 113 and 116 (two sections) at a southern, R1 university.
Our computer science department is housed within the school of
engineering and is well-established. The computer science courses
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Table 1: The courses in our dataset, with their descriptions
and type of students typically enrolled

Course Content Student Type
CSC 110 Block-based programming General or CS beginners
CSC 111 Introduction to Python Civil, Construction, and Environmental Engineering majors
CSC 113 Introduction to MATLAB Aerospace, Mechanical, and Biomedical Engineering majors
CSC 116 Introduction to Java Computer Science majors
CSC 216 Software Development Computer Science majors

are described in Table 1. The �rst survey was at the beginning of
the semester (T1) and collected demographic information as well
as information about assessment of ability, belonging, intention to
persist and feelings about the class and the class professor. The sec-
ond two surveys were taken after each major grade in the course (a
test or project grade, T2 and T3) and collected the same information
as the �rst survey except the demographic information. Enrollment
data was also collected on each student showing whether or not
they enrolled in the next two courses, CSC 116 or 216, in the spring
2021 or fall 2021 semesters. There were no data duplicates; if a
student took more than one introductory CS course, it was noted
under ”enrolled courses”, but only data from the �rst survey was
used.

4.2 Sample of students
Our student sample was 23% women (N = 208), 73% men (N =
647), with 4% identifying as neither or no answer (N = 37). Our
participants identi�ed as 74% White (N = 664), 12% Asian (N = 105),
4% Black or African American (N = 40), 6% Hispanic or Latinx (N
= 52), 1% Native American (N = 11), 0.1% Paci�c Islander (N = 1),
4% South Asian (N = 38) and 1% identi�ed as Other (N = 12). For
context, the enrolled student population at our university, both
undergraduate and graduate, is 63.7% White, 7.2% Asian, 6.53%
Black or African American, 5.88% Hispanic or Latino, 3.74% Two or
More Races, 0.375% American Indian or Alaska Native, and 0.0777%
Native Hawaiian or Other Paci�c Islanders, as of 2021.

4.3 Computing persistence intentions index
As previously stated, we modeled our index o� of Correll [7], and
[13]. The index was created using 10 survey questions about in-
tentions to persist in computer science, see table 2. Students were
asked to indicate how likely they were to engage in future com-
puter science activities using a 1 to 7 Likert scale. The answers were
then averaged together to create a persistence index. The data is
self-reported, but, as cited before, previous research has shown that
“intention is the ‘best’ predictor of future behavior” [27].

For our persistence index measure, we ran a Cronbach’s alpha
test to measure the internal reliability of the di�erent items con-
tained therein. We received an alpha score of 0.95 which tells us that
our factors are highly consistent with each other. The reliability
if an item is dropped remains constant except for the factor that
measures if a student decided to minor in computer science. This
tells us that we may be able to remove this item from our scale and
not have much change in the prediction. These scores are shown
in Table 2.

Table 2: Questions in our survey measuring intentions to per-
sist, with their alpha score if item is dropped from the index
and correlation coe�cient as associated with enrollment in
another course

Item Raw Alpha Correlation with Enrollment
Take another course in computer science 0.95 0.41
Get involved with undergraduate CS research 0.95 0.44
Get involved with CS clubs 0.94 0.49
Compete in a hackathon 0.95 0.42
Apply for a CS internship 0.94 0.55
Minor in computer science 0.96 0.22
Major in computer science 0.95 0.65
Apply to graduate school in CS 0.95 0.47
Apply to graduate programs requiring high levels of CS ability 0.95 0.29
Apply for jobs requiring high levels of CS ability 0.95 0.41

4.4 Actual computing persistence
Actual computing persistence was measured by whether the stu-
dents enrolled in one of two following computer science courses
in the two semesters following the data collection. This measure
became the enrollment measure. Out of 892 student data points,
244 students enrolled in either of the two later computer science
courses. For the fall 2020 semester, 105 out of 409 students enrolled
in a later course and for the spring 2021 semester 139 out of 483
students enrolled in a later course.

5 RESULTS
5.1 Do intentions to persist predict actual

persistence in computing?
R2 measures the proportion of the variation in the dependent vari-
able that is predictable from the independent variable. For our
purposes, we ran a logistic regression using our persistence in-
dex measure to predict student enrollment within 1 year (actual
persistence). The p-value<0.0001 which indicates that our persis-
tence index is statistically signi�cant with the response variable
of enrollments in CS courses within one year in the model. We
can interpret that our persistence index is doing a good job of pre-
dicting enrollment in CS courses within one year. The McFadden’s
pseudo-R2 is 0.34 which tells us that the index is accounting for
34% of the variation in students’ actual persistence in computing.
We used McFadden’s pseudo-R2 because we want to �t our logistic
regression model using the method of maximum likelihood [26]
[29]. When predicting human behavior, the R2 value is usually be-
low 50% as there are other mitigating factors that contribute to said
behavior. When using McFadden’s pseudo-R2, the values tend to be
lower, with values between 0.2 and 0.4 representing an excellent �t
[25]. In a 2013 study on Native American undergraduate students’
persistence intentions, a linear regression was used to test the ex-
tent to which each variable predicted academic persistence [41].
The adjusted R2 for that test was 0.25 and the authors concluded
that this indicated that the variables contributed signi�cantly to
the prediction of persistence intentions. In a study on identity as
a predictor for undergraduate persistence intentions, the authors
did block hierarchical multiple regression analyses to test their hy-
potheses to see how identity �t into other measures like academic
and social integration in the prediction of persistence, de�ned here
as graduating the undergraduate program [36]. They showed that
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Table 3: Questions in our survey measuring intentions to
persist, with the exploratory factor analysis loadings based
on one factor and the principal component analysis loadings
based on one factor. The two lowest loadings for each analysis
are bolded.

Item EFA Loadings PCA Loadings
Take another course in computer science 0.79 0.81
Get involved with undergraduate CS research 0.89 0.91
Get involved with CS clubs 0.92 0.93
Compete in a hackathon 0.82 0.85
Apply for a CS internship 0.93 0.94
Minor in computer science 0.60 -
Major in computer science 0.83 0.87
Apply to graduate school in CS 0.84 0.86
Apply to graduate programs requiring high levels of CS ability 0.76 -
Apply for jobs requiring high levels of CS ability 0.81 0.81

identity had an R2 value of 0.10 and found that identity was a signif-
icant predictor of persistence. Another study on community college
student persistence found multiple factors a�ecting persistence,
such as academic and social integration and educational objective
[3]. Here, persistence was de�ned as enrolling in the college in the
subsequent semester (from fall to spring). The cumulative R2 for
educational objective was 0.11 and the authors explain that while
this is a modest value it indicates that there are other factors not
captured in the model that have an e�ect on persistence.

5.2 Can we reduce the number of items in our
persistence index and/ or improve the
persistence index?

We have shown that our initial persistence index is fairly predictive;
however, the large number of items contained therein might be
an impediment to adopting this scale in research. Therefore, we
next attempt to reduce the number of items in the scale while still
maintaining a valid index. We show the correlation between each
item in the scale and enrollment in Table 2. As in Thompson, et
al.’s research [40], we follow the procedure to reduce our index
by �rst conducting an exploratory factor analysis on all the items
in our scale. We proceeded by attempting to combine the items
into a one-factor solution. This analysis suggests that we remove
the variables ’Minor in computer science’ and ’Apply to graduate
programs requiring computer science ability’, shown in Table 3.
After removing these variables, we ran a principal component anal-
ysis with varimax rotation, separating the factors into a one-factor
solution, shown in Table 3. We removed the two variables least
related to the single factor factors: ’Another course in computer
science’ and ’Apply to jobs requiring computer science ability’. The
Cronbach’s alpha score of our reduced scale is 0.95, showing that
our scale is still reliable [19].

There is some research showing that PCA is not the best choice
for doing feature selection in data analytics, suggesting that the
best choice is using random forest permutation feature importance
[37]. Due to this, we cross-validated our index reduction technique
using permutation feature importance as well, and received the
same result, with the same questions being selected to be removed.
This provides more evidence that the reduced index will be similarly
e�ective for predicting persistence as measured by enrollment in
another computer science course in the next two semesters.

When we re-ran the logistic regression model using our reduced
scale, we got a pseudo-R2 of 0.36 (p<0.0001), showing that the re-
duced scale is even more predictive than the full index model [41].
Our explanation of the improvement in variance from 0.34 to 0.36 is
that our new model better encapsulates the variance in our survey
responses. This new reduced scale is useful because it allows us to
measure the persistence of students with fewer questions, elimi-
nating those that were not as predictive of persistence as the core
questions that remain. To show that this result is generalizable, we
performed our index reduction technique on one semester’s worth
of data, the fall semester, and applied the model to the spring se-
mester. In the fall semester, through feature selection and PCA, we
found that the same four questions were selected for removal from
the index. Our logistic regression prediction improved from pseudo-
R2=0.38 using the full index model, to pseudo-R2=0.40 (higher is
better) using the reduced index model. When applied to the spring
semester’s data, the prediction improved from pseudo-R2=0.31 with
the full index model to pseudo-R2=0.33 with the reduced index
model. This shows that our index reduction technique is general-
izable from one set of data to another. This is important because
it means that others may use this technique on their own datasets
and have con�dence in the results.

To �nd the best timing of these questions, we repeated our re-
duction technique on the survey items at times T1, T2, and T3.
We received identical results regarding which items could be re-
moved, with improved pseudo-R2 calculations as follows: for T1,
our pseudo-R2 improved from 0.27 to 0.30, for T2, our pseudo-R2
improved from 0.43 to 0.44, and for T3, our pseudo-R2 improved
from 0.35 to 0.36. This also indicates that the best individual time
for measuring persistence is T2. Our pseudo-R2 for the reduced
scale was greatest (0.44) at T2, so we suggest for the best predictive
result future research should do a survey at the end of the �rst
milestone project or test grade.

We next conducted a missing values analysis. As the survey
times progressed, we received less and less responses. At T1, we
had 764 responses to the survey. At T2, we had 660 responses and
at 3 we had only 609 responses. To account for this missing data,
we replaced the value for each question with the average value we
calculated for each student. This means that at T2 we replaced the
missing value for each question with its value at T1, and at T3 we
replaced missing values with the average of any values from T1
and T2. This led to us having 764 responses at each time. We ran
our index reduction technique again for T2 and T3, to get a sense of
when our pseudo-R2 value is strongest. All analysis led to the same
questions being dropped from the index as before. At T2, we had a
lower pseudo-R2 value of 0.34 (from 0.44) and at T3 we had a slightly
lower pseudo-R2 value of 0.34 (from 0.36). The pseudo-R2 value at
T1 was 0.30 which shows us that the best predictor at speci�c times
was at T2, which is when the survey was taken after the �rst major
grade milestone in each class (large project or test grade). This
also shows us that we can get a good idea about whether students
would persist in taking another computer science course at that
time, which allows instructors to use this information to better
intervene with their students. They might choose to encourage
those students who have high grades, especially those who are not
predicted to persist after this second survey.
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One issue with our index reduction is that all indicators pointed
to removing the question “How likely are you to take another
course in computer science” from our index, when our indepen-
dent variable that we are using to measure persistence is, in fact,
whether the student enrolls in another course of computer science.
This is counterintuitive. To investigate this issue, we removed the
computer science majors and any students who would most likely
be seniors in class standing from our data set. We then looked at
the number of students who answered this question with a 5 or
higher on the Likert scale, who were indicating that they would
likely take another course. There were 426 such students. How-
ever, the number of students who actually enrolled in a subsequent
course of computer science was only 146. This means that there
were many students who answered that they would take another
course of computer science but did not enroll in one in the next two
semesters. Currently, we only have data to measure persistence in
the following two semesters. It could be that those students do ac-
tually enroll in another course of computer science later. Therefore,
we recommend that if instructors want to include this question in
their surveys, they may wish to make it more precise by asking
“How likely are you to take another course in computer science in
the next year?”

6 CONCLUSION
This work shows that survey questions regarding intentions to
persist do, in fact, predict persistence of students in CS0 and CS1
courses into another computer science course within the next 2
semesters. We were also able to use feature selection techniques to
reduce our number of survey questions and improve its prediction.
This was cross-validated in a number of ways including random
forest feature selection and repeating the methods on separate
semesters of data to make sure the technique was generalizable. We
recommend that instructors and researchers can implement this
new scale to predict whether students in introductory courses will
enroll in subsequent computer science courses. This is important
because a shorter survey for intentions to persist allows instructors
and/or researchers to more easily predict persistence and allow
for intervention if needed. This is especially critical for students
from underrepresented groups in computer science, as encouraging
persistence may help boost those participation numbers.

6.1 Limitations
The primary limitation of this work is that we only have data for
enrollment for the subsequent two semesters after the survey was
taken, meaning that the scale can only be used to predict short-
term enrollments. Thus, we do not have su�cient data to determine
whether our scale can predict long term retention or persistence in
computer science.

Another limitation is that this work was done in a very speci�c
university context that might not hold in other universities or
community colleges, or other contexts where we might want to
measure persistence in computing such as K-12.

6.2 Future directions
Future work will include gathering data on enrollment in computer
science courses for our participants for more semesters and re-
evaluating the predictive ability of the persistence index for longer
term enrollments.
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