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ABSTRACT
Computer science students struggle in early computing courses as
evinced by high failure rates and poor retention. As such, studies
have attempted to characterize the root of student struggles from
many perspectives, including cognitive, meta-cognitive, and social
emotional. Typically, studies have limited their inquiry to a specific
perspective or a single course. This paper reports the results of
a broad student experience survey conducted across several com-
puter science courses. Through a periodic survey, students rated
various cognitive, socio-emotional, external, personal, and struc-
tural barriers in terms of how much each impacted their learning
throughout the term. An exploratory factor analysis of these ques-
tions revealed four factors—personal obligations, lack of sense of
belonging, in-class confusion, and lack of confidence—that capture
a range of possible struggles students may face. We analyzed the
prevalence of these factors across courses, performance quartiles,
and demographic groups broken down by gender, race/ethnicity,
and matriculation status. Students in lower performance quartiles
report higher stress levels on multiple factors, with statistically
significant differences found between all quartiles and courses, for
most factors. Moreover, students from traditionally underrepre-
sented groups report struggling more across all four factors, sug-
gesting that they may be facing more challenges than classmates
from represented populations. Overall, these findings indicate that
student struggles are associated with stresses from many areas
of their lives, suggesting that future interventions should target
multiple areas of stress.
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1 INTRODUCTION
Computing education is well known to suffer from poor retention of
students interested in computing [8, 51] and students not learning
what instructors expect [35]. As such, researchers have sought to
understand why some students struggle in computing courses by
examining a myriad of factors that might be connected to student
success [6, 36, 65, 66]. In the United States (the context for our work),
there also exists substantial divides by gender and race among those
who major in computer science [17] and in those who have access
to computing education before college [37, 38]. In addition, Black,
LatinX, and Native American and women students who pursue
computing in university are retained at lower rates than White and
Asian men [70].

Given these challenges, prior studies in computer science educa-
tion have investigated the impact of a variety of factors on students’
outcomes. Some of these factors include prior experience [66], sense
of belonging [31, 39, 40, 42, 43, 45, 52, 64], interest in the mate-
rial [11], self efficacy [33], study skills [32], and alignment between
student goals and the perceived goals of the field [31].

These previous studies typically study a single factor in isolation,
making it difficult to gain a holistic view of multiple factors that
might interfere with a student’s learning. Some students might
be affected by one factor and other students a different one. Yet
other students may be affected by more than one factor at the same
time, perhaps compounding their negative effects. Single-factor
studies cannot see this larger picture. Similarly, many studies have
focused on a single course [32, 45, 49, 68] (typically CS1), perhaps
masking challenges that evolve over time, or are unique to a specific
topic or timing in the curriculum. Finally, few of these studies have
examined the role of students’ personal lives (e.g., outside work
commitments, family obligations) on their success; existing work
in this area is not specific to CS [34, 57]. These limitations might
partially explain why some interventions directed at mitigating
a particular factor (e.g., meta-cognitive skills or growth mindset)
have not had greater impact [10, 26, 58].

The present study investigates how multiple potential sources of
student struggle relate to outcomes across multiple computer sci-
ence courses at a research-intensive university in the United States.
Specifically, we investigated how non-academic barriers (e.g., ill-
ness, family care) might interact with social emotional and social
cognitive barriers (e.g., lack of belonging, lack of peer networks) or
structural barriers (e.g., lack of peer support, inability to get help).
Drawing on previous studies and our own experience as instructors,
we developed a broad survey instrument that was compact enough
to be administered regularly with high participation rates. Instruc-
tors administered it multiple times throughout the Fall 2019 term
in four programming-intensive courses ranging from CS1 to Com-
puter Organization. We then employed Exploratory Factor Analysis
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to cluster questions into cohesive categories of factors. Four factors
emerged: personal obligations, lack of sense of belonging, in-class
confusion, and lack of confidence. We analyzed how these factors
related to student performance on the final exam in each course.
Finally, we examined differences by gender, race/ethnicity, and ma-
triculation status,1 again relating reported factors to performance
on the final exam. Our results can be summarized as follows:

• When students struggle, they often struggle on multiple
fronts. Over 70% of students in the lowest quartile of final
exam performance report high levels of stress due to at least
one of the four identified factors compared with less than
half (30%) in the highest quartile. Over 50% of students in the
lowest quartile report high levels of stress for two or more
factors. By comparison, half as many students in the next
higher quartile report struggling with multiple factors.

• For a given level of performance, women students; Black, Lat-
inX, Native American, and Pacific Islander (BLN+) students;
and transfer students report slightly more factors overall
interfering with their performance, especially in the lowest
quartile of final exam performance. However, which factor
interferes the most depends on the demographic.

• Survey response rates for students in the lowest quartile
of performance were significantly lower than for higher
performing students. This may be a signal of struggle, rather
than having given up, because these students still persisted
to take the final exam. Because their voices weren’t heard,
our other results regarding students in the lowest quartile of
performance are likely conservative. We believe this result is
not unique to our work and exposes an under-acknowledged
threat to this type of research (participation rates may vary
within subgroups).

• Students in the CS1 course for students with no prior expe-
rience reported considerably more struggle than students in
the CS1 course for students with prior experience, across all
levels of exam performance. This result suggests that com-
puting students with no prior experience need additional
support.

2 PREVIOUS WORK
A variety of factors associated with student success have been
studied by the community. Factors associated with student suc-
cess include prior experience [66], sense of belonging [31, 39, 40,
42, 43, 45, 52, 64], interest in course content [11], achievement
goals [68], self efficacy [33], study skills [32], and alignment be-
tween student goals and the perceived goals of the field [31]. Which
students succeed may be impacted by the structure of CS courses
or curricula, as the way courses are taught [46, 47, 51], the learning
environment [3, 4, 18, 19, 53], and the competitive nature of the
program [43] (among others). In this section we review the theory
and prior work related to the factors most closely related to those
examined in our current work.

1In the United States, 2-year community colleges provide high school graduates with
an opportunity to prepare themselves for acceptance to a 4-year university, for the
latter half of their studies, at a lower net cost.

2.1 Social-Emotional Factors
Situated learning theory asserts that there exists an important rela-
tionship between the act of learning and the social context in which
the learning occurs [30]. Legitimate Peripheral Participation says
that learning occurs within a community and that “...mastery of
knowledge and skill requires newcomers to move toward full par-
ticipation in the sociocultural practices of a community” [30]. From
this lens, if a student feels they do not belong in that community,
it may be difficult for them to fully participate in the community,
potentially limiting their ability to make connections with their
peers and potentially impacting their performance in the course.

Studies in computing have shown how sense of belonging has
been associated with various important student factors such as per-
formance, retention, motivation, and persistence in computing, with
race and gender being significant predictors of feelings of belong-
ing [20, 25, 31, 39, 52, 64]. A study focusing on why students leave
CS1 shows that sense of belonging from lack of social groups can
impact the student experience [45]. Understanding how student be-
longing can be an influence might help in retaining more students.
A recent study focused on how providing students networking,
outreach, and mentoring opportunities positively influenced their
sense of belonging in computing [42]. Apart from hurting a stu-
dent’s academic success, this lack of belonging has also been tied
to feelings of depression [21].

Other studies have focused on self-efficacy in computer science
and its association with anxiety, success, and interest in the field [16,
41, 66]. The concept of self-efficacy makes the claim that individuals
with high self-efficacy are likely to face difficult challenges while
those with low self-efficacy will try to avoid them [2]. Studies have
shown that women in computing struggle with self-efficacy, which
can impact their performance [7, 9].

Prior studies that have observed student outside obligations,
such as work and family, have focused on how work-life balance
is associated to well-being, anxiety and depression. Although we
know these issues can have an impact on student performance, to
our knowledge, no prior study has directly associated these outside
obligations to student exam performance.

2.2 Student Goals or Behaviors Associated with
Success

Goal congruity theory argues that student personal goals should be
aligned with opportunities to achieve those goals in a field in order
for students to enter and persist in the field. When these goals are
not aligned, students are more likely to exit the field [13, 14]. In a
recent study, Lewis et.al., demonstrated how high communal goals
led to a lower sense of belonging among computing students [31].
Since communal goals have been shown to be heavily endorsed
among women and BLN+ students, two groups that computing
education struggles to retain [55, 61], a lack of alignment between
goals and perceived opportunities in CS (and STEM) may be a
source for the lack of retention of women and BLN+ students.

Bandura’s Social Cognitive Theory asserts that learning occurs
in a social context within a dynamic interaction between people,
the environment, and behavior [29]. Focused on the behaviors of
students, a recent study observing behaviours of high and low
performers in a CS1 course [32] identified different help-seeking
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behaviors among low and high performing students in terms of
who they approached (friends, instructional staff) and the type of
help they sought. The availability of help for students is a potential
structural (environmental) barrier included in this study.

Achievement goals are students’ goals for success in a particular
setting. The goals that students’ approach (mastery versus perfor-
mance) have been shown to impact student success in computing
courses [68, 69]. Although this area of goal types are relatively new
in its application of CS, studies found that students who are focused
more on mastering the material (mastery goals) are more likely to
perform better in their CS courses and express interest in pursuing
CS as a field than students who want to outperform their peers
(performance goals).

2.3 Challenges due to Students’ Personal Lives
A few studies have examined the role of students’ personal lives on
their success, but this work has generally not been specific to CS.
A study of Scottish further education students found that full-time
students in the study worked in a job between 16-20 hours per week
and had different strategies for coping with the demands of job,
school, family, and friends [34]. In a study of Midwestern college
students, Sprung and Rogers found that students with a better
work-life balance had lower levels of stress and depression [57].
Stratton et al. examined how different obligations impact post-
secondary student enrollment and drop-out rates [59] and found
that outside employment, marriage, work-study aid, and grants
were all connected to the likelihood of staying in the program.

In computer science, previous studies have not examined the
link between outside obligations and success explicitly, though a
few studies have examined the effect of multiple different barriers
to student retention and motivation. One study examined how mul-
tiple factors, such as personal values, teaching quality, satisfaction
with their learning, and student motivations impacted retention in
CS [44]. Another study in CS used a four-factor model to describe
student motivations found that students’ enjoyment of completing
academic tasks and the utility of studying CS were most important
to motivation, whereas factors such as the influence of friends and
family, were less important [50].

3 STUDY DESIGN
3.1 Research Questions
As motivated in the Introduction, our study addresses two research
questions:

• RQ1–What high-level social-emotional/social-cognitive,
structural, or personal factors are related to student out-
comes?

• RQ2–How do any identified factors and associated outcomes
vary by demographic group?

3.2 Course Context
Our study was conducted in the Fall of 2019 at a large US research-
intensive university operating on a quarter system with an 11
week term (10 weeks of instruction and one week for final exams).
We studied four undergraduate lower-division computer science
courses: A CS1 course requiring no prior programming experience

(CS1-NPE); a fast-paced CS1 for students with prior programming
experience (CS1-PE); a CS2 course that includes Basic Data Struc-
tures and Object-Oriented Programming; and a Computer Orga-
nization course (CompOrg) focused on C, assembly, and basics of
hardware design. CS1-NPE and CS1-PE have the same formal pre-
requisites, but students are advised to take one course or the other
based on their prior experience. CS1-NPE is the first course in a pair
of courses taken across two terms that together are equivalent to
one term of CS1-PE. The second course in the pair was not included
in our study because few students take this course in the fall quarter.
CS1-PE, CS1-NPE, and CompOrg were taught using active learning
techniques (Peer Instruction [12], worksheets, etc.) and CS1-NPE
included an interactive textbook with auto-graded programming
exercises. CS2 was taught using a more traditional lecture format.
A breakdown of our study population can be found in Table 1.2

3.3 Survey Design
Our survey was designed not only for research, but also as a tool
for instructors at our institution to gain insight into their students
concerns, respond to student issues, and make course corrections
throughout the term. This motivated designing a survey that col-
lected actionable data throughout the term and maximized student
response rate. As such, we collected data regarding a wide range
of possible struggles drawn from previous literature, our own ex-
perience as educators and instructors, and student feedback. As
researchers, we hoped a broad survey would allow new perspectives
on these potential struggles to emerge during the analysis. Question
(6) is the one question taken directly from an existing instrument,
the sense of belonging instrument used in Smith et al. [56].

We trialed our survey in CS1-PE and CS2 in the summer of 2019,
both to assess whether it could be completed within about 5 minutes
and to solicit other barriers to learning that we might have missed.
The final survey is shown below (questions used in this study have
been bolded).

(1) In the last week, approximately how many hours did
you spend outside of class time working on work for
this course? (Open text box, numeric answer required)

(2) How challenging was the work for this class this week?
(Likert scale: 1–5 where 1 was labeled as "Not at all challenging"
and 5 was labeled as "Extremely challenging")

(3) In the past week, which of the following, if any, did you seek
help from/work with for this course? (Checkboxes, select one
or more)

(a) My peer(s) in this class (as pair programming/joint assign-
ment submission)

(b) My peer(s) in this class (for help completing my own ver-
sion of the assignment)

(c) My friends who are not in this class
(d) Piazza (I posted one or more questions)
(e) Piazza (I got help from reading responses to others’ ques-

tions)
(f) A tutor
(g) A TA

2We acknowledge that gender extends beyond simply male and female. However, our
data was collected as male/female so to remain consistent we decided to maintain this
binary classification in our analysis.
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Table 1: Summary of courses, with the number of participating students, breakdownby group, number of surveys administered,
and quartile size (see Section 4.2). Numbers in parentheses give proportions between genders (Male vs. Female), race categories
(Non-BLN+ vs. BLN+) and matriculation status categories (First-Year vs. Transfer).

Course Total
Students

Male Female Non-
BLN+

BLN+ First-
Year

Transfer Surveys
Given

Quartile
Size

CS1-NPE 544 349
(0.64)

187
(0.34)

455
(0.84)

89
(0.16)

477
(0.88)

58
(0.11) 7 136

CS1-PE 436 340
(0.78)

94
(0.22)

410
(0.94)

26
(0.06)

390
(0.89)

44
(0.10) 8 109

CS2 268 187
(0.70)

79
(0.29)

241
(0.90)

27
(0.10)

198
(0.74)

67
(0.25) 10 67

CompOrg 428 318
(0.74)

109
(0.25)

380
(0.89)

48
(0.11)

365
(0.85)

61
(0.14) 4 107

(h) The instructor
(i) I did not seek help from anyone this week
(j) Other (Please specify):

(4) In the past week, on a scale of 1 to 5, to what degree
did each of the following interfere with your ability to
learn and complete the work for this course? (Likert
scale for each item: 1–5 where 1 was labeled as "Not at
all" and 5 was labeled as "Significantly")

(a) Requirements for other classes
(b) Illness
(c) Family obligations
(d) Work obligations
(e) Social/personal life issues
(f) Confusion specifically about the assignment
(g) Confusion generally about the material
(h) Getting stuck on a bug
(i) Inability to get help
(j) Embarrassment/discomfort asking others
(k) Self-doubt/lack of confidence
(l) Lack of interest in the assignment or material

(m) Goofing off/procrastination
(n) Other (Please specify: )

(5) What is your current overall satisfaction with your
performance in this class? (Likert scale: 1–5 where 1
was labeled as "Extremely dissatisfied" and 5 was la-
beled as "Extremely Satisfied")

(6) Reflecting on your experiences over the past week, to
what extent do you agreewith the following statements.
(Likert scale for each item: 1–5 where 1 was labeled as
"Not at all" and 5 was labeled as "Completely")

(a) I feel accepted in this class
(b) I feel comfortable in this class
(c) I feel supported in this class
(d) I feel like I don’t belong in this class

(7) At this time, approximately howmany other students
in this course would you be comfortable reaching out
to studywith? (Open text box, numeric answer required)

(8) Reflecting on the last week, how stressed have you been
overall? (Likert scale for each item: 1–5 where 1 was labeled as
"Not stressed at all" and 5 was labeled as "Extremely stressed")

(9) Optional: If you want, please enter any information to ex-
pand on or explain your answers to any of the questions on
this survey. (Open text box.)

For the study we present here, we focused on questions (1), (4),
(5), (6), and (7), 18 questions in all, as question (4) is comprised of
14 questions. We chose to omit the remaining questions as they did
not provide specific detail on why the student would be likely to
struggle. Sentiments generated from question (2) and (8) may repeat
in other questions such as questions on the assignments, material,
or other personal issues. Question (9) is open-ended. Question (3)
was not included because we were unclear on how to meaningfully
combine this with the rest of our data.

3.4 Survey Administration and Data Cleaning
Students were given the survey by their instructor as part of the
course’s weekly or bi-weekly homework assignments, and they
received a small amount of credit for completing it. Instructors
maintained administrative control over the surveys in order to
ease their use for responding to student issues and making course
corrections on the fly. Survey responses were not anonymous to
facilitate individual student support from the instructor, though all
identifying information was removed before analysis according to
our approved human subjects protocol, as described below.

Prior to analysis, all survey responses, as well as course perfor-
mance data including overall course grade and final exam score,
were sent to an external team that deidentified the data and re-
moved any students who were under 18 years old or had opted
out of the study. Using registrar data, this team also added demo-
graphic data about the students, notably race/ethnicity, gender, and
matriculation status. Our university uses a binary gender classifi-
cation scheme (Male/Female), which we acknowledge limits our
analysis. For race/ethnicity, it uses several categories. However, for
the privacy of students from groups that are represented in small
numbers, the race/ethnicity data we received was aggregated into
two groups: (1) White/Asian students and (2) Black, LatinX, Native
American, and Pacific Islander (BLN+) students.

We performed a small amount of pre-processing on the data in
order to maximize consistency. First, the answers for the sense of
belonging questions (6a), (6b), and (6c) were reverse-coded, as the
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1-5 range runs from negative to positive sentiments, whereas for
all the other questions the 1-5 range runs from positive to negative
responses. As a result, a higher number is negative for all these
questions.

Second, in order to account for a different number of surveys
offered per course, for each question we calculated each student’s
average response across all surveys they completed. Although using
averages with Likert-scale data is controversial, we chose to average
each student’s responses instead of taking the student’s median
response for two reasons. First, students responded on a 5-point
scale with labels on only the extremal values, making the difference
between the levels appear linear. Second, median values would
potentially drop important variations between a single student’s
responses across the quarter. For example, a student who responded
with 1, 1, 1, 5, 5 on five surveys would be recorded with a response
of 1 if we had used medians, completely losing the struggle the
student experienced in the last part of the quarter. There were cases
in which a student did not respond to any surveys during the term.
These students were removed from any analysis, but were included
when providing descriptive statistics of our courses, quartiles, and
indirectly, response rates to surveys.

Finally, to associate survey responses with outcomes, we needed
a metric to compare student performance across the four courses.
We settled on using final exam score, as it is individual work, proc-
tored, and designed to measure knowledge with no weight given
to participation or effort. To address variations in difficulty and
grading, we normalized the scores across the courses using z-scores.

3.5 Exploratory Factor Analysis
The breadth of our survey meant that it was not immediately clear
which individual challenges might comprise higher-level themes.
Thus, after cleaning the data, we applied Exploratory Factor Anal-
ysis (EFA) to discover underlying structure in the data [15]. EFA
finds shared variance among the variables and combines them into
factors, which may be non-observable. To ensure that EFA could
be applied, we conducted both the Bartlett’s Sphericity and Kaiser-
Meyer-Olkin tests to our data. These tests determine if factor anal-
ysis can be applied to the data by testing the overall significance of
the correlations within the correlation matrix and testing if relation-
ships between variables was high respectively. Both tests passed,
with Bartlett’s Sphericity being significant (χ2 = 27706, p « 0.01)
and KMO indicating appropriately strong relationships between
variables (KMO = 0.94) [5]. In the EFA analysis itself, we assigned a
question to a factor if it had a loading of 0.4 or greater [54]. We also
applied an oblique rotation in our EFA process, as we assume that
our questions are not independent of each other[5]. To determine
the number of factors to which it would be appropriate to fit our
data—balancing model parsimony and the captured variance—we
included those factors that had an eigenvalue greater than 1. To
validate the appropriateness of this cutoff, we examined both the
last factor included and the first factor left out, including their
eigenvalues and the amount of variance they explained. We also
used a scree plot visualization as an additional check of sensibility.
We describe the results of our factor analysis in the next section.

4 RESULTS
4.1 Factors Derived from Exploratory Factor

Analysis
Using EFA as described in the previous section, we found that four
factors were the right number to best describe our data set. Running
EFA with one more factor explained only slightly more variance
(2%), and generated a factor composed of one survey question. The
survey questions that comprise our factors are shown in Table 2,
along with their loadings onto their factors.Wewere able to identify
a common theme among the questions that make up each factor
and hence named them: Lack of Sense of Belonging (LSoB), In-Class
Confusion (ICC), Personal Obligations (PO), and Lack of Confidence
(LoC). We then ran Cronbach’s alpha for each of our factors, all of
which demonstrated good internal consistency [60] and are above
the 0.7 threshold which is considered sufficient evidence for internal
reliability [22].

Some questions did not load well onto any factors. Three ques-
tions are worth discussing. First, the EFA did not capture question
(6d) in LSoB. Question 6d had a factor loading of 0.37, below our
threshold of 0.4. It’s possible that students were inconsistent in
their responses to (6d) because the preceding questions (6a)-(6c)
were worded for 1 being the worst and 5 being the best, while (6d)
was coded the opposite way. Second, questions (1) and (7) were not
captured by our model. We are not sure why these questions did
not enter into our model, as we had expected them to be important.

The rest of our analysis will be driven by observing the frequency
and associations of these factors to student performance in courses
and among different demographics in our study population. When
using the term “factor” in the remainder of this section, we are re-
ferring to one of the factors determined using EFA. When referring
to students’ reporting on a factor, we mean reporting on one or
more questions that our EFA linked to that factor.

4.2 RQ1: Association between Factors and
Outcomes

We explored the relationships of the factors to student performance
using three sources of information: the distribution of reported
factors among students at different performance levels and to high-
light responses among struggling students, the combinations of
reported factors at different performance levels, and the survey
response rate at different performance levels.

To explore how responses differed among students across dif-
ferent performance levels, we partitioned students into four equal-
sized quartiles based on their final exam scores, with Q1 being the
top 25% and Q4 being the bottom 25%. (Quartile sizes are listed in
Table 1).

To compute each student’s score for each factor, we averaged
the student’s responses for the questions comprising the factor (cf.
Table 2) [15]. For example, a student’s score for the Personal Obliga-
tions factor is the sum of their (average) responses to questions 4a,
4b, 4c, 4d and 4e. As each question was a Likert score from 1–5, this
score has a range from 4–20. For cross-factor comparison and visu-
alization of factor scores, we normalized individual factor scores by
dividing by the number of questions composing that factor, creating
a shared range of 1–5.
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Table 2: Survey question makeup of each EFA factor, along with factor loadings, variance explained, and Cronbach’s Alpha.

Factors Component Survey Questions Question
Loading

Variance
Explained

Cronbach’s
Alpha

Lack of Sense of Belonging
(LSoB)

5 (Performance Satisfaction)
6a (Feel accepted)
6b (Feel comfortable)
6c (Feel supported)

0.54
1.00
0.95
0.96

16% 0.93

In-Class Confusion
(ICC)

4f (Confusion on assignment)
4g (Confusion on material)
4h (Getting stuck on a bug)

0.87
0.83
0.77

13% 0.89

Personal Obligations
(PO)

4a (Other Course Requirements)
4b (Illness)
4c (Family obligations)
4d (Work obligations)
4e (Social/Personal life issues)

0.51
0.64
0.73
0.67
0.65

11% 0.78

Lack of Confidence
(LoC)

4j (Embarrassment)
4k (Lack of Confidence)
4l (Lack of Interest)

0.80
0.81
0.59

10% 0.86

4.2.1 Distributions of Reported Factors. We first explore how re-
sponses for each factor vary for students at different performance
levels. Figure 1 shows the distributions (as violin plots) of scores
for each of the four factors, across all courses, separated by quartile.
The small white dot in the center of each violin indicates the me-
dian of each (normalized) factor score, while the rest of the violin
illustrates the distribution. Two trends are clear from Figure 1.

First, the distributions of responses across factors are different.
Students report the highest scores on ICC and LSoB, slightly lower
scores for PO, and lower scores for LoC. Only students in Q4 seem to
really struggle with lack of confidence. Using Kruskal-Wallis tests,
we determined that overall the differences between factors are sta-
tistically significant (see Table 3, top row). Post-hoc tests confirmed
that all pairwise comparisons are also statistically significant. The
large effect size for this difference between factors appears in the
top row of Table 3 and was calculated with the eta-squared measure
using the H-statistic generated by the Kruskal-Wallis test [62].

Second, for all factors, there is a statistically significant differ-
ence in distributions across quartiles (see Table 3, second row). In
Figure 1, both the median factor score and the number of students
at the high end of the distribution increases from Q1 to Q4, indi-
cating that students report more struggle with all factors as the
quartiles go from high performing to lower performing. Concern-
ingly, some students in Q3 and Q4 still report low scores for ICC,
perhaps evidence supporting the Dunning-Kruger effect [28] and
showing that students may not be able to accurately self-evaluate
their struggles. The effect sizes for “Quartiles” demonstrates the
degree by which student struggle varies by performance quartile.
For example, ICC has the largest effect size of the factors which is
reasonable considering students who are lower performing should
be more likely to report higher levels of confusion.

Figures 2, 3, 4, and 5 provide violin plots for each of the four
factors, broken down by both course and quartile. Generally, we
see the same trends that factor median scores increase and the
distribution becomes more weighted toward the top as we move
from Q1 to Q4, although the severity of the increase varies by

factor and by course. For LSoB (Figure 2), CS1-PE and CS2 do not
completely fit the overall trend. For CS1-PE, Q1–3 are fairly similar
with only Q4 showing a marked decrease in sense of belonging.
CS2 reports the lowest sense of belonging with even students in
Q1 reporting a sense of belonging comparable to Q3 or Q4 for the
other courses. Its unclear why the CS2 course is different; potential
sources may be the courses notoriously high difficulty and the more
traditional lecture format used in that course (relative to the active
learning methods used in the other courses).

Figure 1: Distribution of factor scores across quartiles and
factors. The distribution for each factor and quartile span
across all courses.

CS2 and CompOrg also seem to differ from CS1-NPE and CS1-PE
in a couple of ways. First, students report higher rates of confusion
in these courses overall, which may be an artifact of higher diffi-
culty of these courses (Figure 3). Second, for LoC (Figure 5) CS2
and CompOrg have higher factor scores even among Q1–3, again
perhaps due to the difficulty of these later courses in the curricu-
lum. Finally, for PO (Figure 4), we see that CompOrg has higher
numbers in general, even for students in Q1–Q2. This may be an
artifact of students taking more courses, the addition of transfer
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Table 3: Kruskal-Wallis score and effect size across factors,
courses and quartiles. A * indicates statistical significance of
α < 0.05. Interpreting the eta-squared effect size for Kruskal
Wallis, 0.01 through < 0.06 is small, 0.06 through < 0.14 is
moderate, and anything greater than or equal to 0.14 is large
[24].

Group EFA
Factor

Kruskal-Wallis
Value p-val Effect Size

Factors - 1163.04 p « 0.01* 0.18

Quartile

LSB
ICC
PO
LoC

129.28
196.63
99.26
165.51

p « 0.01*
p « 0.01*
p « 0.01*
p « 0.01*

0.08
0.12
0.06
0.10

Figure 2: Lack of Sense of Belonging (LSoB) factor score dis-
tribution by course and quartile.

Figure 3: In-Class Confusion (ICC) factor score distribution
by course and quartile.

students (who often start in CS2 or CompOrg) who tend to have
more personal obligations as shown later this section, or that high
performing students in CompOrg are often hired as instructional
staff for the earlier courses.

4.2.2 Reporting of Simultaneous Factors. The previous section sho-
wed that higher factor scores are associatedwith lower performance.
In this section, we examine how many students in each quartile
are reporting high levels of of struggle with more than one factor.

Figure 4: Personal Obligations (PO) factor score distribution
by course and quartile.

Figure 5: Lack of Confidence (LoC) factor score distribution
by course and quartile

We defined a high level of struggle as having a factor score above
the 75th percentile in comparison to the level reported by other
students. (We note that we experimented with different thresholds
and similar trends were present.)

Figure 6 shows the proportions of students from each quartile
who report high levels of struggle for each factor. We find that
students in the bottom quartile make up a far greater proportion
(approaching half in some cases) of the students who report high
levels of struggle on each factor compared to students in the other
three quartiles. What is missing from this figure (and the previous
section) is precisely how these factors might be combining for
an individual student. As such, we sought to determine whether
students are reporting interference with their performance from
multiple factors. If students tend to struggle with just one factor,
then perhaps targeted interventions aimed at the indicated factor
would help. But if there is a group of students struggling with two
or more factors, then more comprehensive interventions may be
necessary.

Figure 7 shows the proportion of students who were above the
75th percentile in reporting high amounts of four, three, two, one,
or zero of the factors. Recall that because we defined a student as
experiencing a particular factor as a relative percentage to other
students, each factor will be equally represented. We can clearly
see that the proportion of students who report a high amount of
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Figure 6: Proportion of students who report above the 75th
percentile for each factor. The stacked bars represent quar-
tiles 1 through 4.

struggle on zero factors decreases by quartile. Likewise, the number
of students reporting high amounts of struggle on all four factors
increases notably between Q1 and Q4. There are also consistent in-
creases in the proportion of students reporting two or three factors
across the quartiles. We conducted a Pearson’s correlation between
the number of factors and normalized final exam score across all
students and classes and found that number of factors reported as
high struggle was negatively correlated with final exam score (r =
-0.35, p « 0.01).

Figure 7: Proportion of factors students self-report above the
75th percentile per quartile. The data per quartile covers all
courses.

Differences between CS1-NPE and CS1-PE.Wenext examinedwhether
and how combinations of high degree of struggle with factors var-
ied between courses. We found that for most courses the patterns
were similar, except there is a notable difference in the results be-
tween CS1-NPE and CS1-PE. Figure 8 shows the factor breakdown
by quartiles in CS1-NPE and CS1-PE, respectively. When examining
the proportions of students reporting high degrees of struggle for
a single course, recall that the 75th percentile threshold was set
for all courses so one course may have more students above that
threshold than another.

Figure 8: Proportion of factors students self-report above the
75th percentile, per quartile, in CS1-NPE and CS1-PE.

For all quartiles, CS1-NPE has a higher proportion of students
with a high level of at least one factor. Surprisingly, students in
CS1-NPE in Q1 and Q2 are reporting far more struggles than CS1-
PE students in those same quartiles. These findings highlight the
value of a CS1-NPE that offers a more “gentle” introduction to
computing, as the CS1-NPE population faces more challenges in
their computing course relative to those in CS1-PE. One reason for
these differences might be due to CS1-NPE attracting more students
who are not majoring in, nor intending to major in, computer
science. The population of CS1-NPE can also skew toward students
later in their studies so they may have more personal commitments
relative to students earlier in their studies. It is also possible that
these differences are due to (as we will see in the next section) the
more diverse population of students who take CS1-NPE. In any
event, the goal of the CS1-NPE course is to be sensitive to these
issues and is perhaps not fully realizing that goal.

Figure 9: Survey response rates across all courses by quartile.
Non-responders: Q1 = 3, Q2 = 2, Q3 = 8, Q4 = 27.

4.2.3 Response Rates. After examining some of student responses,
we became concerned that survey response rates might not be
uniform over quartiles, thus skewing the above results. Figure 9
presents the response rates, per quartile, across all courses. Consis-
tently, lower performers completed fewer surveys, with students
comprising the first quartile completing 86% of surveys and those
in the fourth quartile completing 69%. Students who responded
to zero surveys followed a similar, but somewhat stronger pattern
across all courses: 3 in Q1, 2 in Q2, 8 in Q3, and 27 in Q4. The
trends are the same at the course level. We note this both because:
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(1) this pattern of response rates could itself be a signal of distress
(e.g., lack of time) and (2) underreporting for students in the lower-
performing quartiles suggests that the results presented above may
be conservative, as students who do not feel they have enough
time to complete a survey might report high levels of these factors
interfering with their performance.

4.2.4 Take-Aways for RQ1: Association between Stress Factors and
Outcomes. Overall, we see that students are struggling on many
factors, at times even simultaneously, and these show a consistent
pattern with respect to lower outcomes. Students in our CS1-NPE
experience higher levels of outside stress than those in CS1-PE,
supporting the need for such a course that can be tailored to this
population. Interventions on a specific factor may help some stu-
dents, but many of the students who need the most support, those
in Q3 and Q4, may require interventions in multiple areas that span
both inside and outside the classroom.

4.3 RQ2: Association between Stress Factors
and Outcomes, by Demographic

As cited in Section 2, there is reason to believe that there are dispar-
ities in the challenges encountered by minority demographics. This
section performs the same analysis as for RQ1, but factored by ma-
jority/minority group demographics. For demographic breakdowns
across courses and quartiles, please refer to Figures 10, 14, and 18
in each group’s respective section. Unfortunately, these figures
show that for most courses women, BLN+, and transfer students
are underrepresented in the higher quartiles and over-represented
in the lower quartiles compared to men, non-BLN+ students and
first-year students, respectively. The analysis in this section may
explain some of these differences.

4.3.1 Gender. As shown in Figure 11, compared to men, women
report a slightly higher incidence of most factors. Figure 12 reveals
that women also consistently report experiencing interference from
multiple factors, especially in Q2 and Q4. The differences are statis-
tically significant as seen from our results in Table 4. Response rates
for men and women, as shown in Figure 13, follow a similar pattern
as seen for the whole cohort, with women overall responding at a
slightly higher rate.

Figure 10: Proportion of male and female students in each
quartile across courses.

Figure 11: Distribution of factor scores across gender. The
distributions for each factor and quartile span across all
courses.

Figure 12: Proportion of number of factors students self-
report above the 75th percentile, by gender across all
courses.

Figure 13: Survey response rates across all courses by gender.
Male non-responders: Q1 = 3, Q2 = 2, Q3 = 5, Q4 = 20. Female
non-responders: Q1 = 0, Q2 = 0, Q3 = 3, Q4 = 7.

4.3.2 Race/Ethnicity. Differences between BLN+ vs. non-BLN+ stu-
dents for the four factors overall (Figure 15) are small and only
significant for PO and ICC (Table 4). The stacked bar charts seen in
Figure 16 reveal that BLN+ students report high degrees of strug-
gle with the different factors in similar proportions to non-BLN+
students, with a few notable exceptions. First, over the first three
quartiles BLN+ students report a lower incidence of multiple factors
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Figure 14: Proportion of non-BLN+ and BLN+ students in
each quartile across courses.

Figure 15: Distribution of factor scores across race. The
distributions for each factor and quartile span across all
courses.

than non-BLN+ students, but in Q4 double the proportion of BLN+
students report a high degree of interference from all four factors.
This suggests that the educational structures at our institution may
be doing a better job of helping non-BLN+ students cope when
everything is going wrong, compared to BLN+ students, which
could partially explain the high representation of BLN+ students in
Q4 in most courses (Figure 14). Based on response rates in Figure 17,
we see the same trend of lower quartiles responding at lower rates
for both BLN+ and non-BLN+ students. Apart from Q4, however,
the response rates between BLN+ and non-BLN+ students are very
similar.

4.3.3 Transfer Status. A significant minority of students arrive at
our university through the transfer pathway, with the majority of
students matriculating directly out of high school. We wished to
study transfer students as they are generally older and perhaps
have a family to support, and so may struggle from different fac-
tors than an average student who enters our university directly
from high-school. Figure 19 shows that transfer students experi-
ence higher levels of all factors than first-years. Higher levels of
interference from personal obligations is not surprising given the
aforementioned difference between transfer students and first-year
students. In terms of ICC, more experienced students may be more
capable of recognizing areas of confusion or they may not be as

Figure 16: Proportion of number of factors students self-
report above the 75th percentile, by race across all courses.

Figure 17: Survey response rates across all courses by stu-
dents’ race/ethnicity. Non-BLN+ non-responders: Q1 = 3, Q2
= 2, Q3 = 7, Q4 = 21. BLN+ non-responders: Q1 = 0, Q2 = 0, Q3
= 1, Q4 = 6.

well prepared for the class as their prior classes may not align per-
fectly with what is taught at our institution. For sense of belonging,
they may feel the stigma of the age difference (e.g., being “behind”)
compared to their majority first-year peers. From Figure 20 we can
see that a larger proportion of transfer students report a high de-
gree of interference for multiple factors than their first-year peers.
In Q4, transfers report over 50% more multiple factors than their
first-year counterparts, suggesting that the educational structures
at our institution may be better serving their majority counterparts.
In terms of response rates (Figure 21), we see a similar trend as
with other groups.

4.3.4 Kruskal Wallis Tests. We ran Kruskal-Wallis tests and effect
size across gender, race/ethnicity, and matriculation status. Results
can be found in Table 4. For the majority of tests we found statisti-
cal significance between the groups based on their factor average.
We see that comparing groups based on race/ethnicity was not
significant for sense of belonging, which is interesting since prior
work focuses heavily on how these groups suffer from lack of be-
longing in computing [52]. For those factors where the findings
are significant, there are small effect sizes for gender, BLN+, and
transfer students. These small effect sizes seem to indicate that
the differences between the subgroups within each group is small
for each individual factor. These results show us that struggles our
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students experience may not be substantially increased or mitigated
based on their gender, race/ethnicity, or matriculation status.

Figure 18: Proportion of first-year and transfer students in
each quartile across courses.

Figure 19: Distribution of factor scores across matriculation
status. The distributions for each factor and quartile span
across all courses.

Figure 20: Proportion of number of factors students self-
report above the 75th percentile, by matriculation status
across all courses.

Figure 21: Survey response rates across all courses by
whether a student is a first-year or transfer. First-year non-
responders: Q1 = 3, Q2 = 2, Q3 = 3, Q4 = 16. Transfer non-
responders: Q1 = 0, Q2 = 0, Q3 = 3, Q4 = 10.

Table 4: KruskalWallis test results for each factor across dif-
ferent groups. A * indicates statistical significance ofα < 0.05.
Interpreting the eta-squared effect size for Kruskal Wallis,
0.01 through < 0.06 is small, 0.06 through < 0.14 is moderate,
and anything greater than or equal to 0.14 is large [24].

Group EFA
Factor

Kruskal-
Wallis
Value

p-val Effect Size

Gender

LSoB
ICC
PO
LoC

26.84
36.16
15.78
32.85

p « 0.01*
p « 0.01*
p « 0.01*
p « 0.01*

0.02
0.02
0.01
0.02

Race/Ethn-
icity

LSB
ICC
PO
LoC

0.29
4.51
10.09
0.93

0.59
0.03*

p « 0.01*
0.34

0.00
0.00
0.01
0.00

Matricula-
tion
Status

LSB
ICC
PO
LoC

13.86
13.94
27.36
20.25

p « 0.01*
p « 0.01*
p « 0.01*
p « 0.01*

0.01
0.01
0.02
0.01

5 LIMITATIONS TO GENERALIZABILITY
AND THREATS TO VALIDITY

5.1 Limits due to Studying Four Courses, in a
Single Term, at a Single Institution

The surveys analyzed for this study were given in four courses
during one term at one research-intensive university. The reported
results may not generalize to all institutions or other courses in
the major. Still, the courses surveyed are critical in recruitment
and retention, and for those who persist, play an important role in
future student success as shown by recent work evaluating the role
of prerequisites for courses similar to those in this study [27, 63].
Likewise, research-intensive universities graduate the majority of
computing students in North America. Finally, the Fall term can
be expected to present unique challenges for the many students
matriculating in that term. However, that first experience is crucial
for recruitment and persistence of students in computing [51].
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5.2 Threats due to Student Self-Evaluation
Since students are required to self-evaluate to fill out the surveys,
there is the potential that students may not be accurately reporting
their level of stress on certain factors. For example, many students
performing near the bottom of the course did not report serious
issues for ICC. In terms of validity, the concern here is that students
in different quartiles may exhibit different levels of accuracy.

6 DISCUSSION
Our central research question was to examine the social-emotional
/social-cognitive, structural and/or personal factors that are related
to student struggle, with the goal of gaining a more holistic view of
pressures that are interfering with students’ learning.We found that
these pressures, and students’ lives, are indeed complex. Not only
do different students face different struggles, but that particularly
lower-performing students are struggling across multiple factors.
We find that gender, race, and matriculation status are related to
these factors with students from underrepresented groups generally
experiencing more sources of stress. Our study confirms results
from previous studies as well as offers a new perspective on student
struggle from a broad scale across several lower-division and mid-
level courses. These results have implications both for researchers
and for instructors and departments to build educational structures
that allow all students to thrive.

6.1 Relationship to Previous Work
We found four factors that were centrally related to students’ strug-
gle across lower-division computer science courses; two of these
factors (Lack of Confidence, and Lack of Sense of Belonging) were
related to students’ social-emotional experience. Consistent with
previous work, a lack of sense of belonging was an important fac-
tor related to struggle. However, unlike Veilleux et al., who found
that sense of belonging was related to students’ perception of their
grades but not their actual grades [64], we found that sense of
belonging was indeed related to students’ actual grades. Similar
to Sax et al., we found that women report slightly lower sense of
belonging than men. On the other hand, while Sax et al. found
that BLN+ students reported a slightly higher sense of belonging
than non-BLN+ students, we found that sense of belonging levels
in BLN+ and non-BLN+ students were similar. We also found that
transfer students—a population not often specifically studied in
CS courses—have a lower sense of belonging than non-transfer
students. Based on situated cognition, these students may have dif-
ficulty feeling like full members of the community which may limit
their ability to master the knowledge and skill of that community.

The differences in confidence among low and high performing
students and by gender are consistent with prior findings in com-
puting that self-efficacy is associated with student success [33] and
that women tend to have lower self-efficacy [7, 9]. Those students
with lower self-efficacy may be struggling with higher levels of
anxiety and have lower interest in the field. Our study adds to this
previous literature by showing that lack of confidence persists be-
yond CS1, into mid-level CS courses. Perhaps most concerning are
those students in the top quartiles of the class (particularly in CS2
and CompOrg) who express these low levels of confidence as this

may be an indication of poor metacognition or that these students
are experiencing imposter phenomenon [48].

A third important factor that emerged in our study was Personal
Obligations. As discussed in Section 2, we are not aware of any
studies that relate outside commitments to success in CS courses,
yet it is known that in general commitments outside schoolwork
may impact dropout rates [59] and may require students to develop
different strategies to succeed [34]. Their ability to manage these
outside commitments may impact their mental health [57]. Our
results show not only that CS students who struggle in class re-
port higher instances of interference from outside sources such
as work and other classes, but also that these struggles are often
compounded or impacted by other struggles they face. Indeed, most
lower-performing students who report struggling with personal
obligations also report strugglingwith confusion, lack of confidence,
lack of belonging, or more than one of these additional factors. As
we find that BLN+ students disproportionately encounter more per-
sonal obligations (albeit with a small effect size) and one can expect
these challenges to be more common for students with lower so-
cioeconomic status [67], helping students address these challenges
may be essential for improving the diversity of the field.

6.2 Future Research Directions
Understanding Interactions Between Factors: Our work has
begun to reveal a complex web of struggle that students face in early
CS courses. Our EFA found four separate factors, but the factors are
all significantly correlated with one another: Spearman’s rho varies
between 0.36 and 0.67 for all of the pairwise factor comparisons
with LSoB and PO having the lowest correlation and ICC and LoC
having the highest. Better understanding the relationship between
these factors, as well as considering additional sources of struggle,
is critical to building structures where all students can succeed. For
example, when a student reports confusion with the material, and
also report a low sense of belonging and high personal obligations
does this mean that the student’s confusion causing them to have a
lower sense of belonging? Or are the student’s personal obligations
keeping them from feeling that they belong, which in turn is making
it harder for them to learn? These different scenarios could imply
very different intervention techniques.
Closing Demographic Gaps: Although it was not the central fo-
cus of our study, our analysis revealed significant (and sometimes
large) exam performance differences between men and women,
non-BLN+ and BLN+ students, and transfer and first-year students.
It is possible (even likely) that these differences are partially due
to differences in prior experience; a recent study found that prior
experience is correlated with higher grades even into the upper
division [1]. Still, the magnitude and consistency of these differ-
ences is troubling. The results presented here on student struggle
give us new insight into the broader barriers that women, BLN+
students, and transfer students are facing which might allow us
to better address the uneven playing field for these students. Yet,
more research is needed specifically to understand effective ways
of closing these performance gaps.
Ensuring We Hear All Students: Our results on disproportion-
ate response rates from students in different performance quartiles
indicate that we are not hearing from precisely the the students
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that we most want to understand. We believe that this pattern is
not unique to our study, but is likely to be consistent for most
survey-based research. Developing mechanisms that focus on re-
sponse rates from the most affected groups is important to the
validity of this approach. Furthermore, combining this work with
deeper and more individualistic approaches such as critical theory
approaches [23] will help ensure that the voices of those we most
want to learn from are not left out.

6.3 Educators’ Call to Action
Our results clearly demonstrate that students are struggling across
multiple dimensions of their lives. As such, targeted interventions
to address one factor, such as lack of sense of belonging or in-class
confusion, may not be sufficient. Moreover, finding that a student
is seriously struggling across multiple dimensions may be a good
indicator that they will struggle to succeed in the course.

Furthermore, one of the main factors that emerged that may
interfere with students’ success, personal obligations, points to
complex systemic issues that must be addressed beyond the design
of a particular course. Departments, programs, and universities
must consider whether the rules governing our programs are rea-
sonable for all students, given the external pressures many students
face. As just one example, students at our institution who are re-
ceiving financial aid are required to be enrolled in a minimum
number of units—a full course load—which may be too much some
quarters in view of their personal obligations and the way that
our courses are currently designed. Given the presence of these
constraints on students, there is a growing mandate to reflect on
our current processes and make improvements to help our most
at-risk students.

Finally, one of our notable findings was the substantial difference
in response rates between high performing and low performing
students. We have no way to recover the experience of students
who did not respond to the surveys, but we can guess that the
non-responders were experiencing even more barriers to learning
than those who did respond. These surveys are meant to show us
what students struggle with and if those most struggling are not
responding, identifying how to help them becomes more difficult.
This differential response rate is important to acknowledge in any
survey-based study, and finding methods to ensure that these stu-
dents are not excluded from this type of research is an important
area of future work.

7 CONCLUSION
Through this studywe have provided evidence that students in early
computer science courses are struggling across different categories
of stress: personal obligations, lack of belonging, lack of confidence,
and in-class confusion. The lowest performing students are most
likely to report struggling with the all four of these categories. The
categories span from inside to outside the classroom, and suggest
that interventions to help students better understand CS concepts
or increase their sense of belonging must be paired with larger
structural changes to address the barriers students face in their
broader lives. Instructors can thus help by designing courses that
will help support students who face a myriad of barriers. Lastly, our
work adds support to the notion that it is time to start reflecting

on institutional shortcomings and start addressing compounded
struggles rather than individual ones.
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