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ABSTRACT
Educational stakeholders want to understand and overcome the
well-documented racial and gender disparities within computer
science education. There are many factors that influence students’
participation, performance, and persistence in CS courses, including
motivational and affective factors. Prior research in CS education
has documented the influence of these factors on students’ CS out-
comes generally, and on URM students in particular. What has been
less investigated, is how students’ motivational and affective expe-
riences in CS develop and evolve from moment to moment, particu-
larly for URM students. To better understand how these experiences
develop, this paper presents the results of a study using intensive
longitudinal methods which examined the differences in momen-
tary experiences between racially underrepresented students and
their represented peers in undergraduate introductory computer
science courses. Using the Experience Sampling Method (ESM),
we solicited responses on students’ momentary self-efficacy, inter-
est, and affective experiences 8-18 times in each of two semesters
from a total of 110 CS students, of which 19 identified as racially
underrepresented.

Analyzing the data using a Bayesian multivariate multilevel mod-
eling approach, we found that students’ pre-semester self-efficacy
impacted their momentary frustration, interest, and self-efficacy
throughout the duration of the semester, as expected. Likewise,
students’ baseline interest significantly impacted their momentary
self-efficacy and interest. Baseline sense of belonging, by contrast,
showed no significant impact on their momentary experiences. We
also examined how students’ affective experiences relate to course
outcomes and found that baseline self-efficacy significantly predicts
end-of-course grades for URM students. Overall, this study high-
lights that students’ self-efficacy and interest are important for their
momentary experiences, and course outcomes for URM students,
while their sense of belonging did not make a significant impact.
We expected that these influences might differ in magnitude for
URM students, although a larger sample size and greater statistical
power is needed to substantiate this possibility. Nevertheless, the
findings from this study emphasize the importance of self-efficacy,
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and interest for URM students’ momentary experiences, which are
important for their other outcomes in CS classes.
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1 INTRODUCTION
Students from minoritized groups are not adequately represented
in computer science (CS). Significantly fewer students of color take
the Advanced Placement CS exams in US high schools (although
the gap is shrinking) (Code.org, 2019). As of 2016, only 10.1% of the
computer science bachelor’s degrees in the US were awarded to
Hispanic students and only 8.6% to African American or Black stu-
dents (National Center for Science and Engineering Statistics, 2019).
Enrollment of students of color has increased in recent years, but
there are still concerns about attrition rates following introductory
CS (CS1) courses (Computing Research Association, 2017). One fac-
tor that is well-researched with relation to students’ success in CS is
students’ prior programming experience [11, 101, 103]. Broadening
participation in CS will involve multiple approaches aimed at differ-
ent parts of the problem, but particularly with regard to persistence
beyond CS1 classes, it is essential that we better understand and
support the factors which promote positive experiences in these
classes. Improving the pedagogical practices in CS1 courses will
help improve the outcomes for everyone, but some approaches may
be particularly beneficial for addressing these participation gaps
in CS. In order to advance our understanding of how to best im-
prove persistence and broaden participation in CS education, much
attention in computing education research has focused on under-
standing students’ educational experiences framed as large chunks
of time, like a whole course. This approach examines different stu-
dent, instructor, school, and other broad contextual elements to
understand how these various components predict or influence stu-
dent outcomes in CS courses (e.g., [13, 23, 35, 61, 75, 77, 90]). While
this broad approach is suitable for many contexts–particularly for
providing insights into the general factors that impact what stu-
dents might take away from an entire course–it can also be very
useful to look at students’ experiences on a more granular level, as
has been done in undergraduate classes for other disciplines (e.g.,

44

https://orcid.org/0000-0003-4506-1600
https://orcid.org/0000-0002-8596-1374
https://orcid.org/0000-0003-2170-0447
https://doi.org/10.1145/3501385.3543958
https://doi.org/10.1145/3501385.3543958
https://doi.org/10.1145/3501385.3543958


ICER 2022, August 7–11, 2022, Lugano and Virtual Event, Switzerland Lishinski, Narvaiz, and Rosenberg

[87] in science education), but such work is limited in computing
education research.

For CS education, the limited insight into how students’ class-
room experiences influence their development of robust interest
in the field, which will encourage them to seek sustained engage-
ment. Prior research has shown us things like curricular elements
that promote higher levels of interest for students (e.g. [34, 45], but
in all such cases, there is an underlying mechanism connecting
curricular inputs to students’ outcomes that we often have little
understanding of. Students’ behaviors, thoughts, beliefs, emotions,
andmotivations, alongwith those of instructors, and other elements
of the instructional context and modality all affect one another in a
complex relationship that is certainly dynamic over time [54, 71].
Understanding every possible element of this picture is overwhelm-
ing, but zooming in on students’ experiences to gain a better picture
of what they are experiencing across time can shed light on why
certain students in certain situations develop an interest in com-
puting, while others do not. This method is particularly helpful to
better understand how to support students from underrepresented
groups, because not only might they have different experiences,
the same experiences might influence their outcomes differently
[94].

We know that students’ beliefs and attitudes are strongly related
to their outcomes in CS (e.g., [56, 90]). This is not surprising, and it
is consistent with education research outside CS as well. We have
less understanding of the details of how exactly students’ experi-
ences in class contribute to shaping and developing these beliefs
and attitudes. We have a good appreciation for the importance
of the granular learning experiences that students have in class.
However, we must not neglect the importance of the granular moti-
vational and affective experiences that students have. Experiences
of frustration, accomplishment, motivation, discouragement are
not even to be construed as parallel threads to the learning expe-
riences that students have, but as an inherent part of the learning
experience [9, 49], even though our attention in pedagogy tends to
skew towards the more mechanical part of the learning experiences.
These affective classroom experiences can be thought of as parallel
outcomes to the learning ones that students achieve during a course
of study, and they also have a significant impact on the more distal
outcomes of interest and persistence in the field.

These motivational and affective experiences are important for
all students but may be particularly important for supporting stu-
dents from underrepresented groups and closing the participa-
tion gaps in CS. For example, self-efficacy, a student’s belief about
whether they can succeed in a given domain, is an important stu-
dent motivational factor. For underrepresented students, research
has found that self-efficacy mediates the impact of efforts that have
been shown to increase their persistence in STEM, such as mentor-
ing and research experiences [94]. This suggests that in addition to
such efforts, we need to create experiences in the classroom that
bolster self-efficacy. Self-efficacy beliefs impact many behaviors and
attitudes that are related to achievement and persistence, so sup-
porting students’ self-efficacy will certainly be a part of addressing
the participation gaps in CS.

In order to investigate the details of students’ experiences and
how they flow into each other and develop over time, it was neces-
sary for us to collect data from students at frequent intervals. To

that end, this study involves an intensive longitudinal data collec-
tion making use of the Experience Sampling Method (ESM) [37],
to study the motivational and affective experiences of students in
a more granular–rather than in a global–way. This type of rich
repeated measures is well suited to measure constructs that change
frequently over time, like emotions. In addition to this benefit of
ESM, we were able to make the measures maximally contextual,
targeting our data collection to moments of particular salience for
CS students. This type of data collection aims for a greater level
of depth than other forms of quantitative research, while still pro-
viding the breadth of insight achieved by modeling quantitative
data. As we gain more understanding of the details of how students’
experiences connect to each other and develop over time, and how
they differ between students, future research can start to get a better
understanding of why certain pedagogical approaches might work
better than others, and how this might differ for different students.

1.1 Purpose of study
Prior research has not examined granular experiences in students’
motivational and affective experiences, nor how these experiences
differ for URM students. We want to better understand these be-
cause we think that these fine-grained details of student experiences
will shed light on the ways that we can better support underrepre-
sented students in computing, in order to work towards the goal
of broadening participation in the field. By better understanding
differences in the momentary experiences students have, and how
these experiences are related to baseline motivational and emo-
tional factors, we will have a more principled, empirically driven
way of determining what sorts of pedagogical approaches are likely
to improve the quality of experiences for these students.

To investigate the experiences of underrepresented students in
CS classes, we conducted a longitudinal ESM data collection target-
ing motivational and affective components of students’ experiences.
The data analysis and discussion in this study are focused around
the following research questions:

• RQ1: How do racially underrepresented students’ momen-
tary experiences differ compared to their represented peers
enrolled in CS1?

• RQ2: How do baseline levels of sense of belonging, interest
value, and self-efficacy impact the momentary experiences
of underrepresented students’ when compared to their rep-
resented peers enrolled in CS1?

• RQ3: What are the impact of these momentary experiences
on course grade outcomes?

2 LITERATURE REVIEW
2.1 Self-efficacy
Self-efficacy beliefs are beliefs that an individual has about what
they will be able to accomplish [4]. Greater self-efficacy means that
an individual has more positive beliefs about their own ability to
successfully perform the behaviors that will lead to success in a
given endeavor. Self-efficacy beliefs are context-specific, which in
education means that individuals have different sets of self-efficacy
beliefs about their abilities to achieve success in different academic
subjects [5, 99]. The self-regulated learning (SRL) model, which
characterizes how students use behaviors like metacognition and
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strategies to guide themselves through the learning process, in-
cludes self-efficacy as a component, and its importance derives
from the fact that those with greater self-efficacy are willing to
expend greater effort and display greater persistence in overcom-
ing difficulties [72, 88]. SRL is an iterative cycle of planning and
forethought, performance, and reflection [105]. Self-efficacy beliefs
influence students’ behaviors at each stage of this cycle. They in-
fluence goals and planning in the forethought stage, and attention
focusing and learning strategies in the performance stage, and are
in turn revised by students’ during the reflection stage in light of
their outcomes and experiences during the learning process [71]. As
such, self-efficacy beliefs are not a static construct for students that
are stable over time; they are continuously developing and changing
over time for each individual for each type of task or larger subject
matter domain as they gain more experiences. And because they
are both a precursor and a product of the self-regulated learning
cycle, the development of self-efficacy is a reciprocal feedback loop
process, which can be positive when students are in an environ-
ment that promotes experiences likely to bolster self-efficacy, or
negative when students have experiences that erode self-efficacy.
Self-efficacy has a robust empirical foundation that has shown it
to be strongly related to student outcomes and persistence across
student populations [15, 40, 67, 82, 98].

Self-efficacy is one of the most well-studied motivational con-
structs in education research; it has also often been the subject of
research in CS education, particularly in recent years. Researchers
in CS education have found that self-efficacy is strongly related to
student outcomes in CS [52, 79, 101, 102], and they have also worked
to develop better ways to measure the specifics of self-efficacy in CS
contexts [7, 18, 92]. CS education researchers have also implicated
self-efficacy as a contributing factor to the participation gaps in CS.
Self-efficacy influences both short term academic outcomes, such as
grades, but it also influences longer-term outcomes like persistence
[41, 53]. This is particularly important in the context of CS1 be-
cause self-efficacy beliefs formed early in CS1 can have significant
impacts (both positive and negative) on students’ performance over
the length of the course [55, 59]. For this reason, it is necessary that
we create self-efficacy bolstering experiences for students in CS1,
and to do so, it is necessary that we pay particular attention to the
unique challenges experienced by women and students of color.

Furthermore, prior research has shown a need for greater sup-
port of self-efficacy for underrepresented groups in CS. For students
of color, research has found that self-efficacy mediates the impact
of efforts that have been shown to increase the persistence of these
students in STEM, such as mentoring and research, which sug-
gests that improved self-efficacy is the underlying reason for better
outcomes resulting from such efforts [94].

Previous work has shown that self-efficacy is important for stu-
dent outcomes in CS. What has been less explored is self-efficacy
as an outcome in and of itself, one that will affect longer-term
outcomes such as persistence. We also have little understanding
of how students develop their self-efficacy on a more granular
moment-to-moment basis and how this is related to other baseline
characteristics of students. A better understanding of these would
shed light on how to support different groups of students to develop
their self-efficacy in CS and enable them to participate in CS as

much as they want to. This is particularly important in light of re-
cent research that shows that CS students already make judgments
of their own ability that skew negative and are often detrimental
[32, 33]. In sum, though research on students’ self-efficacy in CS ed-
ucation contexts has been carried out, there is the need for further
work that examines the experiences of underrepresented students–
and so in a more granular, rather than global (across the entire
course or semester) manner.

2.2 Affective Experiences - Frustration
Similar to motivational characteristics like self-efficacy, students’
affective experiences are an important influence on the quality
of their academic experiences, given the ways in which research
has shown that the emotional character of students’ experiences
influences behavior [74]. The notion of affective load refers to the
way that students must manage affective states while learning,
analogously to how cognitive load refers to the ways that students
must manage the cognitive demands of a learning situation [68].
Affective load is very important to consider in CS education because
affective states and experiences significantly influence attention
and other cognitive processes and this is especially important in a
domain focused on problem solving.

Frustration is one type of affective experience that has been
found in prior research to be central to the ways that affective
experiences influence behaviors in the SRL cycle [44, 66], as well
as in problem solving based activities [19, 36]. Experiences of frus-
tration are of particular importance to computer science students.
Frustration has been noted as one of the most common affective
experiences experienced by CS students, and the process of work-
ing through programming tasks has been typically modeled as
cycling back and forth between experiences of success and frustra-
tion [8, 9, 48, 49]. Even professional software engineers experience
strong frustration, with a survey of 45 software engineers finding
that 67% report experiencing severe recent frustration [26]. Further-
more, research has shown that early experiences of frustration can
impact students’ outcomes much later in CS courses [58]. Other re-
search by Eckerdal et al. [22], has found strong negative experiences
of frustration to be common in connection with learning threshold
concepts, those that are central to the discipline. Thus, examin-
ing the affective experience of frustration–particularly through a
method sensitive enough to detect variation in frustration over
time and across assignments–is important for studies intended to
explore the experiences students have in CS classes.

2.3 Interest
Educational psychology scholars have provided multiple theoretical
frameworks for the deceptively simple concept of interest. These
frameworks, focusing on a different component or understand-
ing interest through a different lens may all be useful in different
situations. There are models of interest which describe it as devel-
opmental stages [38], an emotional state [2], and beliefs about a
potential object of interest [85]. Like self-efficacy, having an interest
in a subject increases the SRL behaviors that an individual will en-
gage in. On all of the different models of interest, however, interest
is not a static trait of an individual. The model of interest proposed
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by Hidi and Renninger [38], their four-phase model describes in-
terest as a developmental process, where individuals grow from an
initial spark of interest until their interest is well-developed and
self-sustaining. These four stages are, in order, triggered situational
interest, maintained situational interest, emerging individual inter-
est, and finally well-developed individual interest. Individuals start
where their interest in a subject is triggered by characteristics of the
task and situation, which causes them to enter a temporary state
of increased attention and engagement. This state of interest can
then, in subsequent situations, be induced to last a longer period of
time, until repeated exposures lead to the individual internalizing
the temporary psychological state into an enduring predisposition,
in which individuals have internalized knowledge and conception
of value towards the subject, greater positive feelings and a self-
sustaining desire to continue to engage.

Interest has been often invoked in prior CS education research,
but less often through the lens of one of these formal frameworks
from educational psychology. Oftentimes interest is treated as a sim-
ple outcome that allows a pedagogical approach or outreach effort
to be evaluated. For example, some previous studies have examined
different novel computing curricular approaches and found that
they were able to successfully increase students’ interest [34, 45].
The concept of interest has also often been invoked in studies seek-
ing to understand underlying factors in the participation gaps in
CS. For example, a study by Cheryan et al. [13] showed the way
that stereotype cues lead to lower interest in CS for women at the
undergraduate level. Other studies have looked at other influences
on interest for women and other minoritized groups [12, 20, 46].

What these prior studies have not examined is the development
of interest on a finer-grained level, how it develops as a result of
students’ experiences on a moment-to-moment basis. This can be
very useful for understanding students’ development of interest in
CS, if we uncover more about how we support students from the
initial point of contact with students where interest is triggered,
all the way to a well-developed individual interest in CS if that’s
what they desire. It remains unclear how we can best do this, but
insofar as efforts to broaden participation want to go beyond initial
experiences of interest, but to longer-lasting individual interest
that propels students into deeper, longer-term engagement with
CS. Students going from phase 1 to phase 3 over the course of a
CS1 class is not out of the question, and while some students will
make it there even with minimal attention paid to supporting the
development of their interest, if we want to help as many students
as possible reach their potential in CS, particularly those from
underrepresented groups that already face many obstacles, this
is an important issue to research and better understand in a CS
context.

2.4 Sense of Belonging
Sense of belonging is a well-researched motivational construct
which, within educational contexts, typically refers to a students’
feeling of being accepted, supported, and included by peers, faculty,
and institutions [31]. Specifically, using Tinto’s retention model
[96], studies have investigated how sense of belonging impacts stu-
dent retention [3, 39, 65, 70, 95, 97]. Sense of belonging has also been

studied for students participating in STEM studies. An overwhelm-
ingmajority of studies have found that sense of belonging has larger
impacts on outcomes such as retention and achievement for under-
represented students in the STEM field [93]. Specifically, women
and students of color in STEM report lower levels of sense of be-
longing compared to their male and White counterparts [30, 43, 91].
Sense of belonging is a useful construct for education researchers to
use to understand how institutions of higher education can better
support students throughout the duration of their studies, as it is
known to be one of the most significant factors in student success
and persistence [1].

Some scholars have focused explicitly on underrepresented stu-
dents’ sense of belonging in STEM education contexts. Specifically,
to better understand the factors that promote belongingness for
underrepresented students, Rainey [78] interviewed around 200
undergraduate STEM majors who primarily identified as female
or a person of color. Students reported that their frustration in
understanding concepts within their studies was one of the pri-
mary factors which either increased or decreased their sense of
belonging. Specifically, underrepresented students who left their
STEM studies cited a lack of interpersonal relationships and low
competence as the reason for their attrition. Similar findings were
reported in Strayhorn’s study of more than 750 undergraduate stu-
dents in STEM areas of study across six large public universities in
the United States. Strayhorn found that racially underrepresented
students reported significantly lower levels of sense of belonging
compared to their represented counterparts after controlling for
academic backgrounds [93].

While few, more recent studies within computer science have
examined the sense of belonging for underrepresented students.
Sax et al. [84] examined sense of belonging for underrepresented
students in introductory computing classes and found results that
conflicted with prior research on URM computing students and
sense of belonging. Results showed that women had lower levels
of sense of belonging at the start of the semester whereas racially
underrepresented students’ sense of belonging did not differ from
womens’ male counterparts. However, Nguyen and Lewis [69] ana-
lyzed a large sample of freshman computer science majors’ sense of
belonging and found that women reported lower levels of sense of
belonging compared to men and racially underrepresented students
reported lower levels of sense of belonging than their represented
counterparts. Similarly, Walton and Cohen found that women re-
ported lower levels of belongingness compared to men, and Asian
and Black students reported lower levels of belongingness com-
pared to White students [100]. Lastly, Krause-Levy et al. [50] found
no differences in the sense of belonging for students who identified
as Black, Latinx, Native American, and Pacific Islander compared to
students who did not identify with these groups. Given the mixed
findings on racially underrepresented students’ sense of belonging
within computing courses, additional research in the area is needed.

2.5 URM Experiences in CS
While the inclusion of women and people of color in STEM fields is
improving, these groups have historically been underrepresented
(and even systematically excluded) from most STEM fields [81].
Given the systemic exclusion of underrepresented groups, researchers
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have sought out to study factors, such as environmental back-
grounds and psychosocial factors, that allow these groups to en-
ter and persist within STEM. Many researchers have found that
students’ psychological factors, their “academic mindset,” is an im-
portant factor for students to persist in the STEM field [80, 100],
including feeling accepted in their academic environment [42, 78].
As outlined in Lytle et al.’s review [60], several psychosocial factors
are important to consider when addressing retention and engage-
ment issues for STEM undergraduate students, including the afore-
mentioned factors of self-efficacy and sense of belonging among
others.

Students from underrepresented groups have been inadequately
represented in undergraduate computing programs [64, 107]. Not
only are these groups underrepresented they also tend to have
lower retention rates compared to their White and Asian male
counterparts [106]. To better understand and begin to quell the
barriers of entry and persistence, more recent research has focused
on studying these groups’ affective experiences. Salguero et al. [83]
analyzed undergraduate survey data enrolled in introductory CS
courses to understand the multidimensional challenges students
face. The analysis revealed that low sense of belonging and low
confidence (or self-efficacy) were among the factors that students
attributed to challenges faced during their semester enrolled in CS.
Other studies examining underrepresented students, women and
racially diverse students in particular, have noted that these groups
are at risk for starting with and lowering their self-efficacy given
the stereotype of the identity that computer scientists are White
or Asian male [24, 25]. Given that psychosocial factors including
sense of belonging are linked to retention [17, 50, 78, 93], additional
research is needed to understand these groups’ affective experiences
while enrolled in an introductory computing course.

3 METHOD
3.1 Context and Participants
This paper describes a study taking place in two semesters across
the 2020-2021 academic year at a large public university in the
Southeastern United States. There were a total of 110 students who
participated in this study. These students were recruited from three
different introductory programming courses. The first class (CS1A),
from which 77% of the students were drawn, is an introductory
undergraduate course, taught in C++, which serves primarily com-
puter science and other engineering majors, and is part of a larger
sequence of CS courses intended for that audience. The second
class (CS1B), from which 12% of the students were drawn, is an
introductory undergraduate course taught in python, which serves
an audience of students outside of computer science and engineer-
ing who need a broader standalone introduction to CS. The third
class (CS1C), from which 11% of the students were drawn, is an
introductory course serving an audience of graduate students in
science and engineering disciplines who need a broad introduction
to CS for similar reasons as the students in CS1B. Students’ status
as being from an underrepresented racial/ethnic group was deter-
mined by the student survey data in which students reported if
they identified as underrepresented and 17% of the students were

defined as such. Each of the three CS1 courses were taught by a sin-
gle instructor, and the differences between courses were accounted
for in our analysis.

3.2 The Experience Sampling Method
The Experience Sampling Method (ESM) is an intensive longitudi-
nal method that allows researchers to collect detailed data about
the experiences of individuals’ daily lives at a level of granularity
not normally possible with typical forms of survey research [37].
ESM offers a number of benefits over other forms of survey re-
search, first and foremost being increased ecological validity. ESM
data collections involve surveying students who are actively in
the process of carrying out daily life activities of interest, allowing
researchers to survey participants in the moment and get a more
accurate accounting of feelings, behaviors, and activities than is
typically available in surveys that rely on participants retrospective
recall and/or summarizing over many instances. ESM also offers
the advantages of being minimally intrusive in participants’ natu-
ral behaviors in the same way as a diary, while at the same time
taking advantage of the ability to use standard survey items with
documented measurement properties. This research approach then
lets researchers get at a level of detail on participants’ experiences
through repeated measures that is reminiscent of qualitative re-
search, but at a scale typically infeasible in most qualitative research
studies.

For all its benefits, ESM research does have certain drawbacks,
like all research methods and these must be weighed against the
advantages. Major issues for ESM research can include participant
self-selection bias and respondent fatigue [89]. As in many ESM
studies, our data collection was inherently limited to the extent
that our participants had to be recruited to participate in an ex-
tracurricular activity that would require some time and effort from
them, despite our efforts to minimize these. So our study and the
data we collected is limited, like all observational studies, by the
fact that our student pool is a subset of the larger population of
interest that was willing to participate in something that didn’t
directly benefit their course outcomes. Respondent fatigue is also
an issue that we encountered in our data collection as well, as most
students didn’t complete all of the surveys that we sent to them.
We think, however, that this is less of an issue in our data collection
than in most ESM studies, as we sent only 1-2 surveys in any given
week over the course of a whole semester, whereas many ESM data
collections involve several surveys a day for several consecutive
days without suffering in terms of validity and reliability [16].

3.3 Data Collection
A central consideration for the design and implementation of our
ESM data collection was minimizing the burden on students to
participate. By making the data collection as seamlessly integrated
into students’ normal routines as possible, we thought we could
best minimize the risk of self-selection bias and respondent fatigue
compromising the quality of our data. Over the now decades-long
history of ESM research, increasing technology has improved the
ability of researchers to collect ESM data in an increasingly unob-
trusive way. One goal of our ESM research program was to fur-
ther optimize the data collection procedures to further advance in
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this direction. To that end, we used a system based on conducting
ESM surveys via text messages sent directly to students’ phones.
Whereas most modern ESM studies tend to conduct their data col-
lections using purpose-built apps, we thought this approach, while
much more unobtrusive than paper and pencil data collections
with researcher-provided signaling devices, could nevertheless be
further optimized.

We developed a web application that would allow us to send
our surveys via text messaging rather than relying on a 3rd party
app. One advantage of the app that we developed is that it allowed
us complete control over all aspects of the data collection. This
advantage did not by itself motivate the time spent developing the
app, as the available purpose-built mobile apps for this type of data
collection are relatively full-featured and customizable. However,
the major advantage of the full customizability of the app is that it
allowed us to change the nature of our data collection to suit our
needs.

Our original use of the app for sending ESM surveys was to send
timed survey prompts, based on the times that students were finish-
ing their various class sessions. However, this was disrupted by the
onset of the COVID-19 pandemic which switched instruction to on-
line, not just in the Spring 2020 semester, but in the whole following
academic year in which this data collection took place. The switch
to online instruction changed the modality of the introductory pro-
gramming courses that we studied to asynchronous, which meant
that there were no particular times that could be assumed to be
salient for all students. So to address this change, we had to change
the functionality of the app to allow us to use a more dynamic,
event contingent survey collection plan. To that end, we connected
the app with the course LMS to determine salient moments when
students were working on class activities, triggering surveys to be
sent out when students submitted certain assignments to the LMS.
This way, although students may have answered the surveys at
different times across the semester relative to one another, these
instances were analogous across students because they were keyed
to specific assignments that students worked on.

In the case of this study, the data collection plan was as fol-
lows. For each of the three CS1 courses participating in the study,
we selected course assignments that met two criteria. First, these
assignments needed to be substantive programming assignments
where students wrote full programs. Second, the assignments were
associated with submissions in the course LMS. Given the criteria,
we identified 14, 11, and 3 such assignments for CS1A, CS1B, and
CS1C respectively during the spring 2021 semester, and 13 and
7 such assignments for CS1A and CS1B in the fall 2020 semester.
When the course LMS received a submission on one of these assign-
ments from the students participating in our study, our app sent a
survey prompt for our ESM survey approximately 5 minutes later.
Subsequent submissions of the same assignment did not trigger
additional surveys. Submissions were open to students ahead of the
due dates, so there was some variability in when students actually
completed the assignments, which we accounted for in our mod-
els by including a fixed effect for the day the survey was actually
completed, rather than modeling based on the nominal due date.
In addition to these surveys that were associated with particular
assignments and triggered by student submissions, we also sent
out 5 surveys at fixed times. In other words, these 5 surveys were

sent to all students at the same time, at a time chosen to be unlikely
to coincide with CS1 activities, and were equally spaced across the
semester. The response rate for all ESM surveys was 77.1% over
the two semesters. This means that 77.1% of our outgoing survey
prompts were answered. The survey data also showed that the
connection of surveys to course assignments was a more effective
modality relative to fixed time surveys, as the response rate for the
fixed time surveys was 64.4% versus 81.9% for the surveys linked to
assignments.

Beyond the additional flexibility afforded by using the app for our
data collection, it offered some important advantages in minimizing
the burden of the data collection on students. Rather than requiring
them to install and use a third party ESM app, the use of our app,
leveraging the text message interface on their phones that students
are already familiar with, made it easier for students to respond to
our survey questions. Furthermore, beyond the use of a familiar
interface, we think that the use of simple text messages in telling
us about personal feelings, which can be a sensitive topic for some
students, made the whole process less clinical and intimidating
than responding in an app, as students are very likely used to using
text messaging in all facets of their personal life. Furthermore, we
thought that it would be easier for students to simply tune out the
notifications from an app, whereas we were more likely to get their
attention with a text message. Of course students were repeatedly
told that they were free to opt-out of the study at any time for any
reason, and our text message surveys respected the standard SMS
opt-out keywords, so it was extremely easy for students to opt-out
if they no longer wanted to participate.

3.4 Measures
Our data collection consisted of two major components. The ESM
surveys took place during the semester and prior to the onset of ESM
data collection students completed a pre-survey. The ESM surveys
(included in Appendix A)were conducted via textmessage using our
app, and these consisted of three Likert scale items corresponding to
a momentary experience of interest that we were trying to capture.
The pre-survey was administered on an online survey platform and
consisted of multiple scales corresponding to constructs of interest,
in addition to other questions that allowed us to connect students’
responses across the semester, and questions soliciting feedback on
the data collection itself from students.

The ESM questions asked students to tell us about their mo-
mentary experiences in their introductory programming courses
on three dimensions. We queried their frustration and interest by
asking them to rate on a Likert scale their current level agreement
with the statements “I feel frustrated” and "I feel interested in com-
puter science" following the same simple template for asking about
momentary affect and attitudes as many other ESM studies [6, 47].
We asked about their momentary self-efficacy using an item that we
adapted from the Motivated Strategies for Learning Questionnaire
(MSLQ) self-efficacy scale [76], which read “I feel confident about
being able to do the work going forward.” All of the items were rated
by students on a 1-5 scale where 1 indicates strong disagreement
and 5 indicates strong agreement. Each time students received the
survey, they were also given this prompt prior to rating the items:
“Please indicate your agreement at this moment with the following
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statements about your experiences in CS1.” See Appendix A for
exact wording of survey prompt and items. The constructs were
measured at each occasion using a single item rather than longer
scales or subscales in order to make responding to the surveys as
efficient for students as possible. This is consistent with the prevail-
ing practice in ESM research and is supported by methodological
work showing that correlations of single items with constructs of
interest are very similar to correlations of full scales, and as such
the answers to substantive research questions are the same.

The pre-survey consisted of full scales of the constructs discussed
in section 2 (self-efficacy, interest, sense of belonging), which we
used as baseline measures in building our models of students’ ESM
experiences. Each of these scales were set up to use the same 5 point
Likert scale as the ESM items where 1 indicates strongly disagree
and 5 indicates strongly agree. For self-efficacy, for which we used
the 8 item scale from theMSLQ. This scale asks students to rate their
self-efficacy beliefs relative to a specific course without mentioning
specific CS content (e.g. “I expect to do well in this class”), which
contrasts this scale with some of the more recently developed self-
efficacy instruments in CS education research which key students’
self-efficacy beliefs to their confidence about specific CS concepts
[92]. While the latter type of self-efficacy instrument would be an
excellent end of course outcome for students’ self-efficacy, the more
generic forward-looking scale was more appropriate for use as a
beginning of semester baseline measure. We measured students’
baseline level of interest in CS using a scale measuring the interest
value that students perceive towards a subject, using a scale drawn
from Conley [14], which contains a set of task value subscales (in-
terest value, utility value, attainment value, and cost) that come
from an expectancy-value framework, and which were originally
developed by Eccles and Wigfield [21]. These scales measure differ-
ent reasons that students might value CS as a field, with the interest
value subscale used in this analysis focusing on the degree to which
students valued CS due to an attraction to its inherent qualities, as
opposed to valuing it as a means to an end or because of how it
would reflect on their identity. We also used a set of 8 items mea-
suring students’ sense of belongingness, which we adapted from
items used by Mendoza-Denton et al. [63]. These items ask students
to rate their feelings of belongingness from a few different angles
(e.g. how happy they feel to be there, how welcome they feel, how
comfortable they are around peers). We modified these items, not
for their content, but rather for their format, so that responses were
consistent with the other Likert type scales used here. Whereas the
original items as used by Mendoza-Denton et al. [63] encoded the
unique information for each item into the scale itself (e.g., How do
you feel towards the university? On a scale from thrilled to be here
to miserable; on a scale from definitely fit in to do not fit in, etc.),
we converted these to simple declarative sentences (e.g. I am happy
to be here; I fit in, etc.) that we could use with the same 5 point
Likert scale mentioned previously.

3.5 Data Analysis
Themodels that we fit to answer our research questions are Bayesian
multivariate multilevel models. The multilevel component consists
of the fact that we have repeated measures nested within students.

The multivariate component consists of the fact that we have mul-
tiple outcome measures - the three ESM variables, as well as an
end-of-course grade outcome. The Bayesian component of our anal-
ysis is that the models were fit using Bayesian estimation methods,
and our interpretation of the model parameters thus estimated was
also done within a Bayesian statistical inference framework.

Our research questions deal with understanding how the ex-
periences of URM students, as they relate to the experiences of
momentary frustration, self-efficacy, and interest differ from those
of their non-URM peers. We also investigated whether the baseline
factors from the pre-survey were substantively different in their
influence on the experiences of URM students. To answer these
questions we also present results about the broader character of
experiences in CS for the broader group of students.

We paid particular attention in setting up the models to the struc-
tural elements that would be included, as there were some complex
features of the data that these models would let us account for. To
account for the within-subjects dependency, whereby an individ-
uals’ own repeated responses are more similar to each other than
those of others, we included in the model a random effect for each
person, as is commonplace in analyses of ESM data [37]. We also
accounted for groupings in the data based on commonalities within
specific assignments with a random effect for assignment. Though
less common in analyses of ESM data, a number of scholars have
argued for the importance of modeling such systematic variation
(e.g., [86]), and we heed those calls in our analysis.

Furthermore, we accounted for differences in intervals between
measures and different schedules for different people by adding
a fixed effect for the day of the semester on which each survey
took place. Finally, because prior analyses of ESM data suggests
that students’ responses nearer in time were more likely to be sim-
ilar than those that were further spaced out [73], a feature of the
data known as serial autocorrelation, we added autocorrelation
terms within-person to the model. Though these models are clearly
complex, we think that this complexity is warranted given the na-
ture of ESM data, including the data we collected in CS1 classes.
We also think the complexity of the models does not obscure the
interpretability of the analyses which we present next. After esti-
mating the model parameters expressing the connection between
our variables, we tested whether these values were significant using
a Bayesian inference procedure based on the Region of Practical
Equivalence (ROPE). By contrast with the frequentist parameter
null hypothesis-testing procedures, this Bayesian inference proce-
dure selects a region around a value that you want to test against
that would be practically equivalent to that value called a ROPE.
Then the hypothesis is tested by determining whether or not there
is overlap (to a predetermined threshold) between the Bayesian
Highest Density Interval (HDI) and the ROPE [51]. To estimate
these Bayesian multivariate, multilevel models, we used the brms
R package [10], and ROPE testing and associated plots made use of
the bayestestR and bayesplot R packages [27, 62].

4 RESULTS
In order to understand students’ momentary experiences and the
differences in these experiences for URM students and their peers,
all models discussed below included student and assignment as
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random effects, autocorrelation was accounted for. To address our
research questions, covariates for students’ baseline levels of self-
efficacy, sense of belonging were included as fixed effects. For ease
of model interpretation, all continuous variables (pre-survey base-
line measures as well as the repeated measures ESM variables) were
standardized for all of the models to have the properties M = 0, SD
= 1.

We first fit a “null” model, which included only the random ef-
fects terms, in order to estimate the variability (in SD units) in each
of the three outcomes at the assignment, student, and response
level (the residual). These can be transformed into Intra-Class Cor-
relation (ICC) statistics that help to explain how much variation is
present at the assignment and student level and how much is then
left over after accounting for those factors. We found that there
was substantial variation at the student level, with ICCs ranging
from a low of .48 for frustration (indicating that 48% of the varia-
tion in reports of frustration was between students) to .50 and .57
for self-efficacy and interest, respectively. There was less but still
noteworthy variation at the assignment level, from a low of .12 for
interest to .13 and .17 for confidence and frustration, respectively.
Overall, this suggests that there was substantial variation between
individual students and assignments. Generally, frustration varied
more between assignments (and less between individuals) than
self-efficacy and especially interest, suggesting that frustration is
somewhat more malleable than interest, which tends to be more
stable for individual students. This also suggests that accounting
for both of these sources of variation is important, and not doing
so can bias the estimates from the model [28].

The following models outlined in the remainder of this section
correspond to each of the three research questions: model 1 ad-
dresses RQ1, model 2 addresses RQ2, and model 3 addresses RQ3.
For model 1, students’ momentary experiences were investigated
by examining the random effects, residuals, and fixed effects, which
included categorical variables accounting for differences between
the three CS1 courses, differences between the two study semesters,
and differences between non-URM and URM students. For model 2,
we added the covariates for students’ baseline measures of interest
value for CS, self-efficacy, and belongingness to examine how these
factors moderated students’ momentary experiences. For the final
model, model 3, we further built upon model 2 to examine the rela-
tionships of baseline covariates and ESM experiences with student
outcomes.

4.1 RQ1: Differences in Momentary
Experiences

To answer RQ1 (How do racially underrepresented students’ momen-
tary experiences differ compared to their represented peers enrolled
in CS1?), we examined the differences in momentary experiences
between CS1 courses, semesters, and URM status. Table 1 shows
the estimates from model 1 for the autoregressive effect (AR[1]),
the standard deviation (SD) for the assignment and person random
effects, and the fixed effects (b) for day of semester and URM status,
for each of the three momentary experience ESM variables. When
examining the variation in momentary experiences, we found com-
paratively little variation in students’ reported momentary experi-
ences across assignments relative to variation across students. The

SDs for these experiences across assignments varied, on average,
from .03 (situational interest) to .07 (frustration) with self-efficacy
at .05. However, on average, there were substantial amounts of
variation for these experiences at the student level with an SD of
0.75 for confidence (momentary self-efficacy), 0.76 for frustration,
and 0.82 for situational interest.

The fixed effects estimates for the differences in the threemomen-
tary experiences between URM students and their peers showed
no significant differences. Although these differences were not sta-
tistically significant by our ROPE criterion, across both semesters,
URM students were more frustrated (.05 SD units higher) and ex-
pressed lower self-efficacy (0.11 SD units lower), yet were more
interested (0.12 SD units higher) than their racially represented
peers. Additionally, the correlations between the three ESM vari-
ables are shown in Table 2, for the two random effects variables.
Across assignments, frustration and self-efficacy were not related
(r = -0.05), but frustration and situation interest were moderately
negatively correlated (r = -0.33), and self-efficacy and interest had
a small, weak association (r = 0.17). However, correlations of these
experiences at the student level showed moderate to strong cor-
relations in anticipated directions (frustration and self-efficacy, r
= -0.63; frustration and situational interest, r = -0.31; self-efficacy
and situational interest, r =0.56). To better understand the students’
experiences, in particular, the differences between these two groups
of students, pre-semester covariates were introduced in model 2.

4.2 Model 2 pre-semester interest and
self-efficacy covariates on momentary
experiences.

To answer RQ2 (How do baseline levels of sense of belonging, in-
terest value, and self-efficacy impact the momentary experiences of
underrepresented students’ when compared to their represented peers
enrolled in CS1?), we used three covariates from the beginning of
semester survey measuring students’ baseline levels of interest in
CS, self-efficacy, and sense of belonging. Model 2 includes those
as covariates, predicting students’ momentary experiences, but it
also includes an interaction to examine whether the relationship
between students’ baseline covariates and their momentary ex-
periences differed between URM students and their peers. These
results are shown in Table 3. Model 2 shows a significant relation-
ship between students’ baseline self-efficacy and their momentary
frustration and self-efficacy, and a significant relationship between
baseline interest in CS and their momentary interest. Results in
Table 3 show that for every 1 unit increase in students’ baseline
self-efficacy, their reported levels of frustration decreased by 0.32
SD units, and their reported levels of momentary self-efficacy in-
creased by 0.34 SD units. Similarly, for every 1-unit increase in
students’ baseline interest value, their reported levels of momen-
tary interest increased by 0.69 SD units. The ROPE inferences are
shown in Figure 1. These results confirm the significance of these
three effects relative to the 89% HDI.

Model 2 also included interaction effects between URM students
and their peers for their baseline levels of self-efficacy, interest,
and sense of belonging on their momentary affective experiences
(Figures 2 - 4), although these estimates were not significant with
respect to the ROPE procedure, as seen in Figure 1. Specifically,

51



Self-efficacy, Interest, and Belongingness – URM Students’ Momentary Experiences in CS1 ICER 2022, August 7–11, 2022, Lugano and Virtual Event, Switzerland

Table 1: Model 1: Autoregressive, Random, and Fixed Effects

Confident Frustrated Interested
Value CrI (95%) Value CrI (95%) Value CrI (95%)

AR[1] 0.29 0.22 – 0.36 0.28 0.21 – 0.35 0.4 0.33 – 0.47
sd – Assignment Intercept 0.05 0 – 0.1 0.07 0.01 – 0.15 0.03 0 – 0.07
sd – Person Intercept 0.75 0.65 – 0.88 0.76 0.65 – 0.9 0.84 0.71 – 0.98
b – Intercept -0.22 -0.59 – 0.15 0.09 -0.3 – 0.45 0.22 -0.17 – 0.62
b – Day -0.01 -0.01 – -0.01 0.01 0.01 – 0.01 -0.01 -0.01 – -0.01
b – URM -0.11 -0.52 – 0.31 0.05 -0.38 – 0.49 0.12 -0.31 – 0.56

Figure 1: ROPE inferences: Covariates and Interaction Effect Estimates for 3 ESMoutcomes (Green = estimate is not practically
equivalent to 0, Red = estimate is practically equivalent to 0, Yellow = undecided given the uncertainty in the estimate)

Table 2: Model 1: Correlations Across ESM Experiences by
Random Effect Grouping Factors

Parameter Value CI (95%)
cor: Assignment – frustrated ∼ confident -0.05 -0.85 – 0.83
cor: Assignment – frustrated ∼ interested -0.33 -0.94 – 0.72
cor: Assignment – confident ∼ interested 0.17 -0.79 – 0.91
cor: Person – frustrated ∼ confident -0.63 -0.76 – -0.48
cor: Person – confident ∼ interested 0.56 0.39 – 0.7
cor: Person – frustrated ∼ interested -0.31 -0.51 – -0.1

for every 1 unit increase in baseline interest, URMs students had
lower change in frustration (-0.20 SD units), lower change in mo-
mentary interest (-0.16 SD units), and lower change in self-efficacy
(-0.09 SD units). Similarly, for every 1 unit increase in baseline self-
efficacy, URM students had lower change in frustration (-0.13 SD
units), higher change in self-efficacy (0.06 SD), and higher change
in momentary interest (0.23 SD), compared to their represented
peers. Students’ sense of belonging similarly did not differ signifi-
cantly between URM students and their peers, with for every 1 unit
increase in baseline levels of sense of belonging moderated URM

students’ had lower change in frustration levels (-0.05 SD units),
higher change in self-efficacy (0.23 SD units) and higher change
interest (0.13 SD units) when compared to their peers. Again, how-
ever, none of these interactions reached significance on the ROPE
procedure.

4.3 Affective Experiences and Course
Outcomes

Having examined students’ momentary experiences and initial self-
efficacy, interest in CS, and belongingness as predictors, we sought
to understand how these experiences and covariates were related
to students’ final grades in their CS class. Model 3 built upon model
2, keeping the same models for the 3 ESM variables, but adding
another model for final grade, to examine how these momentary ex-
periences were related to end-of-course outcomes. Table 4 presents
the results for model 3 and Figure 5 shows HDI and ROPE results.
Model 3, like Model 2, also included interaction terms to determine
whether the relationships between variables differed between URM
students and their peers, and these are shown in Figure 6. These
results show two significant and one non-significant interaction
between URM students and baseline affective experiences on end-of-
course grades. Both baseline interest and self-efficacy significantly
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Table 3: Model 2 Summary: Fixed effects estimates for all covariates and interactions for the 3 ESM outcomes

Confident Frustrated Interested

Predictors Estimates CI (95%) Estimates CI (95%) Estimates CI (95%)
Intercept -0.16 -0.45 – 0.15 0.03 -0.32 – 0.39 0.11 -0.18 – 0.39
Course CS1B -0.16 -0.64 – 0.33 0.01 -0.53 – 0.55 -0.44 -0.89 – 0.02
Course CS1C 0.30 -0.21 – 0.81 -0.15 -0.70 – 0.43 0.09 -0.37 – 0.58
Day -0.01 -0.01 – -0.01 0.01 0.01 – 0.01 -0.01 -0.01 – -0.01
Fall Semester 0.66 0.34 – 0.98 -0.57 -0.94 – -0.19 0.28 -0.03 – 0.58
URM -0.03 -0.41 – 0.35 -0.06 -0.48 – 0.33 0.09 -0.26 – 0.44
Initial Self-efficacy 0.34 0.16 – 0.52 -0.32 -0.51 – -0.11 -0.18 -0.34 – -0.02
Initial Interest 0.19 0.02 – 0.36 0.03 -0.16 – 0.23 0.69 0.53 – 0.85
Initial Belong -0.06 -0.20 – 0.07 -0.10 -0.26 – 0.06 0.04 -0.09 – 0.16
URM:Self-eff 0.06 -0.29 – 0.41 -0.13 -0.51 – 0.26 0.23 -0.09 – 0.54
URM:Interest -0.09 -0.51 – 0.31 -0.20 -0.64 – 0.27 -0.16 -0.55 – 0.23
URM:Belong 0.23 -0.15 – 0.61 -0.05 -0.46 – 0.37 0.13 -0.23 – 0.48

Figure 2: Interaction effects: Initial Interest on 3 ESM Outcomes, URM vs non-URM

differed from that of non-URM students in their relationship with
URM students’ end-of-course grade. URM students who reported
higher levels of baseline self-efficacy had a higher end-of-course
grade (by 0.56 SD) compared to their represented peers. However,
in an unexpected direction, URM students’ who reported higher
levels of baseline interest in CS and sense of belonging had lower
end-of-course grades on average (by 0.66 SD) compared to their
represented peers. In other words, higher levels of baseline self-
efficacy were significantly associated with higher final grades, and
higher levels of baseline interest value for CS were significantly
associated with lower final grades for URM students.

We also inspected the residual correlation values for the 3 ESM
momentary measures and the final grade outcome. These corre-
lations are shown in table 5. These values show the correlation
between these variables at the level of individual survey responses,
accounting for the autocorrelation, the random effects grouping fac-
tors, and the other covariates that we included in the model. These

estimates all exclude 0 from their 95% credible intervals, indicating
that there is still significant covariance between these measures
even after accounting for everythingwe included in ourmodels. The
three ESM variables are correlated in the expected ways: frustration
negatively related to confidence and interest, while confidence and
interest positively related to one another. The correlations with
final grade again follow intuitive lines, with momentary frustration
negatively correlated with final grade, whereas momentary confi-
dence and interest positively correlated. These results show that
these momentary responses are significantly related to outcomes.

4.4 Conclusions
To summarize the key takeaways of our analyses by research ques-
tion:
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Figure 3: Interaction effects: Self-efficacy on 3 ESM Outcomes, URM vs non-URM

Figure 4: Interaction effects: Sense of Belonging on 3 ESM Outcomes, URM vs non-URM

RQ1: How do racially underrepresented students’ momentary
experiences differ compared to their represented peers enrolled in
CS1?

• On average, there was substantially more variation in mo-
mentary experiences across students rather than across their
CS1 assignments.

• On average, students with higher levels of baseline self-
efficacy and interest had lower levels of frustration across
the semester.

• On average, students with higher levels of baseline self-
efficacy had higher levels of momentary interest across the
semester.

• While not statistically significant differences, on average,
URM students were more frustrated, more interested, and re-
ported lower levels of self-efficacy compared to their racially
represented peers.

RQ2: How do baseline levels of sense of belonging, interest value,
and self-efficacy impact the momentary experiences of underrepre-
sented students’ when compared to their represented peers enrolled
in CS1?

• On average, students with higher levels of baseline self-
efficacy reported significantly lower levels of frustration
and higher levels of self-efficacy across the semester.
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Table 4: Model 3 Summary: Fixed effects estimates for all covariates and interactions for the 4 outcomes (3 ESM variables +
final course grade)

confident frustrated interested grade

Predictors Estimates CI (95%) Estimates CI (95%) Estimates CI (95%) Estimates CI (95%)
Intercept -0.16 -0.53 – 0.19 -0.05 -0.44 – 0.35 0.25 -0.11 – 0.60 -0.11 -0.25 – 0.04
Day -0.01 -0.01 – -0.01 0.01 0.01 – 0.01 -0.01 -0.01 – -0.01 NA NA
Course CS1B -0.28 -0.93 – 0.39 0.14 -0.55 – 0.83 -0.40 -1.04 – 0.25 0.13 -0.17 – 0.43
Fall Semester 0.66 0.28 – 1.03 -0.49 -0.91 – -0.06 0.13 -0.24 – 0.52 0.12 -0.03 – 0.28
URM 0.08 -0.37 – 0.53 -0.33 -0.81 – 0.15 0.15 -0.30 – 0.59 0.12 -0.07 – 0.33
Initial Self-efficacy 0.35 0.17 – 0.54 -0.33 -0.51 – -0.13 -0.12 -0.31 – 0.07 0.19 0.12 – 0.27
Initial Interest 0.21 0.02 – 0.41 0.02 -0.20 – 0.24 0.60 0.40 – 0.80 -0.03 -0.11 – 0.05
Initial Belong -0.04 -0.18 – 0.11 -0.09 -0.25 – 0.06 -0.01 -0.15 – 0.14 0.00 -0.06 – 0.07
URM:Self-eff 0.02 -0.34 – 0.37 -0.23 -0.61 – 0.15 0.24 -0.12 – 0.60 0.56 0.38 – 0.73
URM:Interest 0.02 -0.47 – 0.50 -0.17 -0.68 – 0.35 -0.07 -0.55 – 0.43 -0.66 -0.90 – -0.43
URM:Belong 0.27 -0.14 – 0.65 -0.18 -0.60 – 0.23 0.17 -0.19 – 0.54 -0.18 -0.39 – 0.02

Figure 5: ROPE inferences: Covariates and Interaction Effect Estimates for Final Grade (Green = estimate is not practically
equivalent to 0, Red = estimate is practically equivalent to 0, Yellow = undecided given the uncertainty in the estimate)

• On average, students with higher levels of baseline interest
reported significantly higher levels of momentary interest
in CS during the semester.

• The relationship between baseline covariates (self-efficacy,
interest in CS, and sense of belonging) and the ESM experi-
ences were not significantly different for URM students.

RQ3: What are the impact of these momentary experiences on
course grade outcomes?

• URM students’ levels of baseline self-efficacy were signifi-
cantly more associated with higher final grades than their
peers

• For URM students higher levels of baseline interest in CS
were significantly associated with lower final grades, which
differed from their peers
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Figure 6: Interaction effects: 3 Baseline Covariates on Final Course Grade, URM vs non-URM

Table 5: Model 3 Residual Correlations

Estimate Est.Error l-95% CI u-95% CI
cor: Frustration - Confident -0.33 0.04 -0.4 -0.25
cor: Frustration - Interest -0.14 0.04 -0.22 -0.06
cor: Confident - Interest 0.39 0.03 0.33 0.45
cor: Frustration - Final Grade -0.28 0.08 -0.42 -0.12
cor: Confident - Final Grade 0.22 0.07 0.07 0.35
cor: Interest - Final Grade 0.17 0.07 0.03 0.31

5 DISCUSSION
This study contributes to our understanding of how students’ moti-
vational and affective experiences in CS1 courses evolve moment to
moment, with a particular focus on URM students andwhether their
experiences differ. The findings for RQ1 are well-informed by prior
research and further support and contribute to existing literature,
such as the high degree of variation of affective experiences (i.e.,
self-efficacy and frustration) across CS students. These experiences
vary across students due to a variety of internal and external factors,
such as CS identity and support systems. Additionally, within the
STEM literature, students with lower levels of negative affect, such
as frustration, experienced higher levels of positive affect, such as
confidence in their ability. Lastly, while not significant, findings of
low levels of self-efficacy and high levels of frustration align with
research for URM students in STEM and CS fields. Future research
should further explore the relationship between self-efficacy and
frustration to better understand the significance of the relationship
between these constructs.

The findings for RQ2 also further support the previous literature
on URM students’ experiences in the STEM and CS field with re-
gards to the strong and important relationship between sense of
belonging, self-efficacy, and frustration. However, future research
should further investigate the relationship between baseline inter-
est and momentary frustration and self-efficacy amongst URM CS

students as our results suggest that initial interest does not moder-
ate URM students’ momentary self-efficacy. Given these findings,
practitioners or educators of CS students can help underrepresented
students build and sustain confidence in their abilities and promote
an environment of belongingness that may decrease the negative
emotions or psychosocial challenges faced in the STEM field.

With regard to course outcomes, URM students’ baseline self-
efficacy was significantly, positively associated with final grades.
As detailed in the literature review, this positive relationship be-
tween self-efficacy and grades is well established and we expected
to see it, although we did not necessarily anticipate that self-efficacy
would have a significantly stronger relationship with grades for
URM students. If this finding is robust, this has the implication
that future pedagogy and research efforts relating to the experi-
ences of URM students in CS1 should pay particular attention to
self-efficacy. The other significant finding regarding student grades,
was the unexpected negative association between initial interest
in CS and grades for URM students. We did not expect to see this
negative relationship or the significant difference between URM
students and their peers with respect to this relationship. If this
finding is robust, it has potentially large implications for how future
research and outreach efforts should consider the values of URM
students. One possibility is that URM students use different sources
of value to motivate their academic success, which would connect

56



ICER 2022, August 7–11, 2022, Lugano and Virtual Event, Switzerland Lishinski, Narvaiz, and Rosenberg

to different components of the task value framework [21]. There
is prior research supporting this notion that underrepresented stu-
dents access different sources of value to persist in their educational
pursuits [104]. This finding calls for additional research to better
understand how URM students value CS and how their values are
related to outcomes.

Overall the results discussed in this paper speak to the impor-
tance of positive affective experiences in CS1. We observed the
strong (negative) relationship between, for example, experiences
of confidence (self-efficacy) and experiences of frustration, as well
as the connection between experiences of self-efficacy with final
grades, particularly for URM students. A pedagogical and research
implication of these findings is that we need to better bolster stu-
dents self-efficacy in CS1. Computing education research has made
some suggestions for how we might accomplish this [49, 57], which
CS instructors might well implement currently, but further research
is needed to bear out a set of best practices regarding self-efficacy,
particularly for efforts to broaden participation in computing. Ad-
ditionally, while not significant, higher levels of sense of belonging
was positively associated with increased momentary self-efficacy
and decreased frustration for URM students. Despite the mixed
findings in the sense of belonging literature for URM CS students,
CS instructors should strive to foster and sustain a physical and
social classroom environment where URM students feel accepted,
supported, and included. However, it is clear that additional re-
search is needed to study the impact sense of belonging has for
URM students within the CS field.

In addition to the suggestions for future research noted above,
we feel it is important to address the question of the utility of
ESM to examine momentary experiences of CS students given the
majority of the variability was across students as opposed to as-
signments/timepoints. While we anticipated finding more variation
across assignments/timepoints, with the premise that patterns in
variability based on the course context would be informative for fu-
ture research and practitioners, we still believe that there is potential
for further research on CS students’ momentary experiences using
ESM. On a pragmatic level, there are many different ways that ESM
could be used to investigate students’ experiences, and this study is
a rare example of this method being used in computing education
research. Overall, there are many different constructs that could
be investigated that might be more context sensitive, and which
can be measured in many ways; there are many different ways
to conduct an ESM data collection, and there are many different
ways to analyze ESM data. On a more philosophical level, we also
conceptualize students’ experiences as an outcome in themselves
that is worthy of study. If we saw the variability in experiences
track closer to differences in the course context from moment to
moment, that could certainly lend itself to teaching applications and
further research regarding the way that course content is structured.
Nevertheless, understanding the variability in students course ex-
periences and how these connect to beginning of course covariates
for different students has a different but related application in how
to be responsive to the different needs of different students. This is
of particular importance in the realm of closing participation gaps
for traditionally underrepresented groups of students.

6 LIMITATIONS
Recent discussions within quantitative critical (QuantCrit) research
have called researchers to recognize that quantitative studies may
be unintentionally biased by researchers’ positionality within the
context of a study and to exercise caution when comparing majority
and minority groups [29]. Given this recent call, the first limitation
in this study is not being able to study URM students’ affective
experiences without a reference point. URM students are grossly
underrepresented and undeniably face challenges in persisting in
the CS field. In order to bring further awareness and contribute to
the understanding of the factors that can promote their success in
the CS field, we first need to understand the factors that promote
persistence relative to their peers in order to ensure practitioners
and institutions can support these needs. The second limitation of
the study is the small sample size of students who identified as URM.
We encourage future studies to examine themomentary experiences
of URM students with a larger sample size to ensure adequate
statistical power. Another specific target for future research is to
explore different ways of modeling ESM data, looking at more
complex patterns in change over time, and further investigating
patterns of non-response in ESM data and how they may be related
to covariates and outcomes of interest.
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A ESM SURVEY
Please indicate your agreement at this moment with the following
statements about your experiences in COSC 102/111/505 on a 1-5
scale, with 1 indicating strong disagreement, 3 indicating that you
neither agree nor disagree, and 5 indicating strong agreement.

• I feel frustrated.
• I feel confident about being able to do the work going for-
ward.

• I feel interested in computer science.
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