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Abstract. This study integrates the analysis of student interaction data with classroom interviews in order to better understand how students' trait-level anxiety
relates to in-the-moment measures of students' affective experiences (i.e., boredom, confusion, delight, engaged concentration, and frustration). We first use
quantitative data to drive the data collection, with the interviews being triggered
by previously-developed models of student emotions, allowing us to focus interviews during times where specific emotional experiences of interest have just
occurred. We then analyze the log data, finding differences in how students with
high and low science anxiety manage their emotions (and subsequent behaviors). Finally, we connect these behaviors back to the strategies students articulate in the interviews, finding that many students with higher anxiety scores have
an external locus of control, are less likely to seek evidence that they are wrong,
and are more likely to make major changes to their solutions in response to their
frustration.

1

Introduction

As technology advances, it is becoming possible to scale up the collection of rich, ethnographic data that was typically only available in small-scale studies. In education,
qualitative methods such as student interviews can provide critical information about
how students learn [1] and in turn, improve learning theory. However, interview methods are resource-intensive and suffer from the "one-shot" problem [2]. Out of context,
students may not be able to provide accurate insight on their cognition in a specific key
situation hours earlier [3]. Even if interviews are conducted during class, in real-time,
in a class of 25 students working quietly, it can be challenging to identify relatively rare
events of interest, especially if such events are short-lived. By taking a quantitative
approach to directing student interviews we can collect qualitative data from fleeting,
yet educationally relevant, experiences.
One such fleeting experience known to impact student education is in-the-moment
affect. Educationally relevant affective states (e.g., boredom, confusion, delight, engaged concentration, and frustration [4]) have been shown to have both short and longterm impacts on student outcomes. Short-term impacts include effects on learning gains
[5, 6], analytical reasoning [7], motivation [8], and self-efficacy [9] with long-term

impacts including college enrollment [10] and career trajectories [11–13]. However,
less work has explored whether the learning outcomes predicted by these momentary
affective experiences might also be modulated by more enduring affective experiences
such as trait-level anxiety.
On their own, both state (in-the-moment) and trait-level anxiety have been shown
to impact learning [14] as well as other types of affective experiences and emotion
regulation [15]. There has been considerable attention to test anxiety in educational
research [16], but work has also considered anxiety surrounding specific subjects or
fields [17, 18], including science anxiety – the focus of this paper. Science anxiety is
distinct from general anxiety [18]. It can be caused by an array of sources, including
lack of role models, gender and racial stereotyping, and the stereotyping of scientists in
the popular media. Students suffering from science anxiety are often calm and productive in their nonscience courses, including their mathematics courses, but experience
anxiety symptoms in a science setting [19].
Given the context-specific and highly internal nature of anxiety and student regulation (both emotion and learning), these constructs lend themselves to study via interviews. Indeed, students (especially younger students) may find it challenging to articulate metacognitive strategies using traditional self-report instruments such as surveys
[20]. This study employs a quantitative ethnography methodology that uses real-time
affect detection [4,5] to direct in situ, open-ended interviews where students were encouraged to talk about their learning experiences, strategies, and interests. These interviews are then analyzed to examine the interplay between student affect and anxiety.
By leveraging real-time affect detection, we target interviews at key moments in the
learning process, such as theoretically-aligned affect patterns (e.g., the inhibitory or
facilitative cycles identified in [4]). Through this approach, we scale up qualitative data
collection to whole classrooms at a time, generating a rich dataset of qualitative (interview) and quantitative (interaction and affect) data. We leverage this combination to
explore how anxiety alters student motivation, self-efficacy, and interaction.
1.1

Quantitative Ethnography Research on Emotion

Quantitative Ethnography (QE) is a methodology that blends quantitative and qualitative methods to enable scalable qualitative analysis, using an integrated representation
across qualitative and quantitative methods [22].Within education research, the combination of ethnographic and statistical tools supports a deeper examination of what learners do and why [22].
Although Epistemic Network Analysis is the most common method used for QE
[23], the key quality of QE research is a “focus on validity and the linkages and consistency between quantitative models and qualitative analysis, both of which are sound
on their own, and both of which are attending to the same mechanisms at work in the
same set of data.” [23, p.2]. Much of the existing work in QE has taken complex data,
encoded it (by a human or automated system [24], and then analyzed it using a combination of qualitative and quantitative methods attending to the same themes (e. g. [25]).
In this paper, we instead use quantitative analysis to drive the collection of complex,
rich data. We then use further quantitative analysis both to understand the phenomena

of interest and drive the selection of cases to study qualitatively. By doing so, we analyze our themes around anxiety and – as will be discussed below – frustration using a
blend of quantitative and qualitative methods.
Our work studying emotion using QE joins an increasing scientific discourse
demonstrating that QE can contribute to theoretical understanding of emotion in context. Martin et al. [26] present one of the first analyses of emotion within a QE framework. Their research used qualitative information (interviews and conversations) in
tandem with codified changes in facial expression and body motion to identify moments
in which students demonstrated changes in understanding. Their findings demonstrated
how instances of joy coincided with periods of increased interaction with the learning
platform and knowledge elaboration among participants. The framework adopted
within the study displayed potential for the interlacing of human coders and computational techniques towards the development of whole-body analysis that would be capable of identifying proxies of learning in informal learning environments.
Espino et al. [27] also used QE to explore the range of emotions, their valence, and
their antecedents during a transition to online learning. Student emotions were analyzed
in relation to specific areas of change affected by a switch to online learning (e.g.,
workload, schedule, teacher interaction). Their findings revealed that in response to
factors of focus, instructional format, and workload, anxiety was the most commonly
experienced negative emotion. The quantitative results of their study are supplemented
by excerpts of student responses that reflect upon their experiences with a new instructional format. This work indicates the key importance of anxiety within online learning
and the potential of QE methods for research in this area.
1.2

Other Relevant Past Research on Anxiety

Characterized as a loosely coupled ensemble of cognitive, affective, somatic arousal,
and behavioral components, anxiety is evoked in response to mental representations of
future threats or danger [28, 29]. Anxiety remains an insufficiently studied emotion in
education, primarily studied in terms of test anxiety [30] or anxiety about subject domains [31–33], rather than in terms of its immediate manifestations or impacts.
Recent research has shown that anxiety inhibits working memory [34] and can manifest as avoidance behaviors [35] and increased apprehension around learning [36].
These impacts can, in turn, impede optimum performance [37] and potentially limit
future college and career choices [38]. In academic settings, the effects of subject anxiety are perhaps most studied in mathematics (see review in [39]) but have also been
examined in other areas, including learning English as a foreign language [40] and science [9, 32, 41].
Prior research has demonstrated the value of quantitative data for understanding anxiety in educational settings. Studies have shown changes in learner experiences in response to anxiety in terms of physiological [42], motivational [41], self-regulated
learning [43], and performance [29] components. However, quantitative analysis alone
may not be enough to study a state as internal as student anxiety. In addition, quantitative analysis by itself cannot fully capture the experiences and personal justifications
that influence student actions, calling for a more blended approach.

2
2.1

Methods
Betty's Brain & Affect Detection

Betty's Brain is an open-ended, computer-based learning environment that uses a learning-by-teaching paradigm to teach complex scientific processes [44]. Betty’s Brain,
shown in Fig. 1, asks students to teach a simulated virtual agent (Betty) about scientific
phenomena (e.g., climate change, ecosystems, thermoregulation) by constructing concept maps that demonstrate the causal relationships involved. As students construct
their concept map, they must navigate through multiple hypermedia information
sources where they can read about a variety of concepts and their relations. They choose
how often to test Betty’s knowledge, and they may elect to interact with a virtual mentor
agent (a simulated experienced teacher named Mr. Davis) if they are having trouble
teaching Betty.

Fig 1. Screenshot showing a partial concept map (right) being used to teach the student agent (Betty, top left), with help from the mentor-agent (Mr. Davis, bottom left).
Real-time affect detection was implemented using models that had been previously
integrated into Betty’s Brain [21]. Detectors had been trained on ground truth incidences of boredom (BOR), confusion (CON), engaged concentration (ENG), delight
(DEL), and frustration (FRU) collected using the BROMP method for conducting quantitative field observations [45]. Each detector generated an affect prediction (a probability between 0 and 1) every 20 seconds based upon previous student interactions.
2.2

Dataset

The dataset was collected at an urban Tennessee middle school, from 99 sixth-graders
who used Betty’s Brain in their regular science class. This school’s population is 60%
White, 25% Black, 9% Asian, and 5% Hispanic, with 8% enrolled in the free/reduced
lunch program. Individual demographics were not collected. The same students used
Betty’s Brain to complete two science inquiry scenarios conducted in December 2018
(study 1) and February 2019 (study 2). In study 1, students spent four daily sessions

(approx. 50 min/day) using Betty’s Brain to complete a causal map about climate
change. In study 2, students spent three daily sessions modeling thermoregulation. During both studies, qualitative interviews were used to explore how students were working
with the system during specific affective experiences. At the end of study 2, science
anxiety surveys were administered alongside questions about students’ perceptions of
difficulty and familiarity with the topic and questions about Mr. Davis. Between the
two studies, minor changes were made to Betty’s Brain, including small changes to
make Mr. Davis seem more polite. All other procedures were identical.
2.3

Student Interviews

A total of 594 interviews (358 from study 1 and 236 from study 2) were recorded during
classroom observations. These interviews were triggered by an app called the Quick
Red Fox (QRF; [43]), which used the automated detectors of student affect (see 2.1) to
prompt individual interviews. Interviewers were signaled via QRF, which automatically recorded metadata (i.e., timestamps and user IDs).
A prioritization algorithm was used to select which student should be interviewed in
cases when multiple students displayed interesting patterns at roughly the same time.
We prioritized certain triggers over others in cases where multiple patterns were present
in the detector outputs (summarized in Table 1), prioritizing the two affect cycles outlined by D’Mello & Graesser [4] and other theoretically interesting transitions.

Rank
1
2
3
4
5

Table 1. Top 5 affect patterns in order of prioritization
Pattern
Engaged Concentration → Confusion → Delight → Engaged Concentration (Facilitative Cycle [4])
Engaged Concentration → Confusion → Frustration → Boredom (Inhibitory Cycle [4])
Confusion → Delight
Confusion → Frustration
Frustration → Engaged Concentration

This prioritization algorithm also helped to ensure that students were not repeatedly
chosen for interviews in a short period of time. If interviewers were not comfortable
interrupting a student for an interview, they could skip the prompt, and the system
would suggest another student.
Interviewers sought a helpful but non-authoritative approach when speaking with
students. They often asked students what their strategies were (if any) for getting
through the system. As new patterns and information emerged, questions designed to
elicit information about intrinsic interest (e.g., “What kinds of books do you like to read
and why?” or “What do you want to be when you grow up?”) were sometimes added
to see whether or not students would mention science interest outside of their current
environment. Overall, however, students were encouraged to speak about what they
wanted and to provide feedback about their experience with the software.

Interviews were transcribed, preserving critical metadata such as timestamps and
filenames (that contained additional date and time information) as well as information
on the interviewer and student being interviewed. These transcriptions were then synchronized with other data streams (e.g., affect predictions and interactions logs) to provide additional context for analysis.
2.4

Anxiety Measure

A revised version of the Math Anxiety Scale (MAS; [46]) was used to collect students’
science anxiety scores at the end of study 2. MAS was chosen as it is suitable for
younger learners [47] and has been shown to have good test-retest reliability [48]. Recent research with this scale has shown good internal consistency, with Cronbach's α
0.87, calculated from the responses of 250 secondary school students [49].
Questions were adapted to ask students to reflect upon science topics instead of
mathematics. The scale collects responses involving learners’ general disposition about
science beyond their interaction with the current learning environment. This scale contains ten items (five of which are reverse coded) that inquire about students’ experiences and opinions on studying science. Items are rated on a 5-point Likert scale where
higher scores indicate higher anxiety [46, 47]. Student anxiety scores are calculated by
adding the values from each of these ten items. In this study, 95 students completed this
survey, leading to the exclusion of four students. Anxiety scores ranged from 10 to 44
with a mean score of 22.35 (SD = 8.24), where 46 students had above-average anxiety
(48.42%) and 49 below-average anxiety (51.58%).

3

Results

This study integrates quantitative and qualitative methods to understand how anxiety
manifests when students interact with Betty’s Brain. Specifically, we quantitatively examined how affect differs over time for anxious students, and how anxious students
interacted with the system differently than other students. Then, a qualitative analysis
of students’ metacognitive awareness (as seen in student interviews) provided a richer,
thicker description of the factors leading to quantitative differences between students
with different anxiety levels.
3.1

Changes in Affect Over Time

We first consider the impact anxiety might have on affect over time, looking at how far
into a learning session (class period) a student was. For each affect inference, we calculated how long it occurred after the student’s first interaction that day. We then examined the affective changes and patterns that emerge in the students over the course
of each session in relation to their anxiety scores.
Linear mixed-effect models (LMEM) were used to assess how student affect changes
over time. These models consider fixed effects, random effects, and noise as linearly
contributing to the dependent variable (e.g., affective states; [50]). In these models,

anxiety scores and the amount of time since the start of each session were both treated
as fixed effects and student IDs as random effects.
Table 2 summarizes the LMEM results across the two studies. In study 1, we observed a significant interaction between anxiety and time into the session when predicting frustration. Student anxiety had no effect on frustration levels early in the session,
but later in the session, those levels diverged, and students with above-average levels
of anxiety are significantly more likely to get frustrated than their lower-anxiety peers.
This result was replicated in study 2, where students with higher anxiety were also significantly less likely to experience boredom, engaged concentration, and delight later
in the session.
Table 2. Beta Coefficients for LMEM Predicting Affect (N = 95, p < .05) in Study 1
(S1) and Study 2 (S2) (Boredom, Confusion, Frustration, Engagement, Delight). Significant (p< 0.05) coefficients shown in bold
Dependent Variables (S1)
Dependent Variables (S2)
Predictors

BOR CON FRU ENG DEL BOR CON FRU ENG DEL

(Intercept)

-0.05 -0.05 0.01 -0.02

Anxiety Score

-0.01 -0.03

0.1

Time Into Session

-0.28

0.35

0

0

Interaction (Anxiety*
Time Into Session)

0.1

0.03

0

0.01

0.06

0.08

0.01 -0.04 0.01

0.04

0.1

0

0

0.43

0.02

0.04 -0.25

0.38

0.35

0.05

0.13

0.03

0

0.01 -0.04

0

0.01 -0.05 -0.01

MANOVA was conducted to examine the effects of anxiety on frustration across
both studies. The results from this analysis revealed that anxiety was associated with
differences in the range (F (1, 93) = 4.88, p < 0.01) and SD (F (1, 93) = 3.16, p = 0.01)
of frustration predictions but not the means (F (1, 93) = 1.57, p = 0.21), suggesting that
students with higher anxiety experience a greater variance of frustration feelings.
We also examined whether anxiety was associated with different patterns of affect
across days (i.e., were high anxiety students more likely to feel frustrated on Day 3 of
the study than Day 1?). Within this analysis, we averaged each student's affect predictions within each day, and used mixed-effect models to predict the proportion of an
affective state by the interaction of anxiety (high/low) and day of the study, with student
ID as a random effect, creating one model per affective state per study. For engaged
concentration, anxiety showed a significant interaction with day of study (p = .04). A
simple slopes analysis indicated that higher anxiety students were less likely to experience engaged concentration in later stages of the study. However, no effect of day of
study was observed for frustration (p = .51) or any of the other momentary affective
states investigated in this study.

3.2

Behavioral Differences Based on Affect

In order to further explore the relationship between frustration and anxiety, a second
thread of analysis was conducted examining student actions following instances of frustration. We focused on what the students did immediately following an instance of frustration, and then further explored the correctness of those actions (where that analysis
was appropriate).
We examined actions in the 20 seconds following an instance of frustration (defined
as when frustration had the highest probability among the five affective states). This
time interval was chosen to align with both the initial BROMP field observations [45]
and the detectors, which generate new affect predictions every 20 seconds [21]. Some
students never had a frustration prediction; thus, the filtered data set includes 69 students for study 1 (33 above-average anxiety and 36 below-average anxiety students)
and 41 students for the second study (21 above-average anxiety and 20 below-average
anxiety students).
We calculated the frequency of 38 types of student interactions (examples in Table
3) within Betty’s Brain in each 20-second window, averaged this across students, and
then mapped data to each student’s pre-test score and anxiety score, including their
label as an above-average or below-average anxiety learner. T-tests were performed in
order to determine if there were differences in actions between the anxiety groups.
Table 3. Examples of Types of Student Actions (S1 = Study 1; S2 = Study 2)
Action
Definition
Causal Map
Elements Moved
Delete Causal Link
Delete Entity
Quiz Taken

the student moved (rearranged, but did not delete) a set of
map elements (i.e., concepts and/or links) in the causal map;
N = 2049 (S1), 1080 (S2)
the student deleted a causal link between two labels on the
causal map; N = 49 (S1), 73 (S2)
the student deleted a concept (and any links connected to it)
from the causal map; N = 252 (S1), 76 (S2)
the student gave the teachable agent a quiz, which tests the
accuracy of the causal map; N = 94 (S1), 84 (S2)

Only study 2 showed significant differences between above-average and below-average anxiety learners. Students with higher anxiety had a higher tendency to move
causal map elements (t(20) = -2.18, p = .04) and delete entities (t(20) = -2.42, p = .02)
following predictions of frustration while students with below-average anxiety were
more likely to delete causal links (t(19) = 3.37, p <.001) and take quizzes (t(19) = 2.17,
p = .04) after frustration predictions. However, given the substantial number of potential behaviors examined here, after a Benjamini & Hochberg correction [51], only the
finding around deletion of causal links remained statistically significant – the other
findings must be treated as suggestive but inconclusive.
Further analysis was conducted to determine whether students who were deleting
parts of their causal map were doing so in an effective or ineffective manner.

Specifically, Mann-Whitney tests were used to determine whether there were meaningful differences in the proportion of effective and ineffective deletion actions between
high versus low anxiety students. Deleting correct answers was treated as ineffective,
and deleting incorrect answers was treated as effective.
These results reveal a marginally significant difference for the deletion of concept
map entities (Delete Entity actions). High-anxiety students made fewer effective deletions of entities (the labels on the map) than low anxiety students (U = 12, z = -1.78, p
= 0.07). However, no difference between groups was found for deletion behavior
involving causal links (U = 17, z = - 0.47, p = 0.63). The presence of a marginal difference between some deletion actions between groups suggests that less-anxious students
may be making more systematic changes to their concept map than more-anxious students.
3.3

Interview Findings

We next turned to interview transcripts to consider any potential differences between high and low anxiety students. We analyzed all the interviews that were conducted within 80 seconds of a frustration prediction (a sub-sample of 28 interviews out
of the original 594 conducted). The analysis focused on exploring the relationship between frustration and different anxiety levels from the experiences of students. The
difference in behaviors between frustrated/more anxious students and frustrated/less
anxious students also corresponded to differences in the interview data. This data for
this analysis was drawn from 93 of the students in the original sample, as six students
above did not have any interviews. Below, we discuss in detail several representative
responses, drawn from 7 of these students. These responses provided particularly illustrative evidence around anxiety and frustration.
Within the analyses below, pseudonyms were assigned using http://random-namegenerator.info/, which generates names based on the frequencies within all U.S. census
data, ignoring local community or subgroup variation, and ignoring the actual gender
or age of the student. Three students with higher anxiety are referred to pseudonymously as Rebecca, Elmer, and Mandy while four students with lower anxiety are given
the pseudonyms of Stephanie, Dwight, Marty, and Nancy.
One core difference in behavior noted above was the difference in what more anxious and less anxious students delete when they become frustrated. Less anxious students deleted individual causal links when they were frustrated – focusing on the specific errors in their understanding. By contrast, more anxious students deleted concepts,
clearing away significant parts of their map, a less productive behavior. Rebecca articulates this strategy in her interview, stating that
I’m just getting really frustrated, I had to delete most of my web because I was
getting really confused at it… When I did the quiz, I got 3 of them wrong and
3 of them that he didn’t –they didn’t know… And so, when I did that I was like,
which one did I get wrong, even though I pressed on it, I tried changing the
answer but I still got it wrong, so I’m just like, I need to start back over, because then that’ll be the easiest for me.
Rebecca’s comments indicate that she felt she could not iterate on her map when some
incorrect answers were present and therefore thought it would be easiest to start from

scratch. It is possible that her anxiety caused her to feel that she could not productively
iterate her solution.
Another core difference in the quantitative results above was the tendency of less
anxious students to take quizzes after becoming frustrated. For example, Stephanie, a
less-anxious student, reports, “Like, I’m tryin’ to – just tryna figure out what mistakes
I could improve. So I can get a better grade on the other test,” showing the interviewer
her quiz result. Similarly, Dwight, another less-anxious student, notes:
Um, so, I’ve given him a lot of tests, and the ones that he gets wrong, I’m just
trying to go through and like…see where I can add something, or like, if it’s
wrong… And then that helps me, and I just did that and he got a higher grade,
so it’s been working.
Like the behavioral findings, these interviews reflect a greater willingness among
lower-anxiety students to collect evidence on where and how they are wrong.
By contrast, students with higher science anxiety are apprehensive about quizzes.
Not only do they not take as many quizzes (as documented in the behavioral findings);
even when they do, they do not use them very productively. For example, Elmer, a
more anxious student, focuses on taking quizzes where he will get a better score:
Um, so, I realized that I hadn’t taken an everything quiz, and I was like, well,
of course I haven’t, because I’m not getting anything good on the other quizzes, and then I took one, and I got one right, and the other ones are just getting
everything wrong… So I’ve just been taking everything quizzes [about the
whole concept map] instead of the separate quizzes [about individual parts of
the map] because I’ve been getting better scores.
Jon, another more anxious student, reports a similar strategy: “Um, what I’m doing is
just quizzing my guy. And…I’m quizzing him on the…bodily responses to cold. Because I think I’ll do better than that one.” Instead of using the quizzes to target improvements to their causal map, these students appear to be using the quizzes in areas they
are confident in to calm the distress they are feeling about not having all of the answers.
More generally, the more anxious students seemed to interpret struggles with the
material as communicating something more general about their competence. For example, during various interviews over the course of both studies, Mandy made general
statements about science (e.g., “It’s hard,” or “science is hard…”) or the specific topic
she was studying in Betty’s Brain (e.g., “I don’t really get thermoregulation…”).
Another difference that emerged within the interview data was differences in responses to the pedagogical agent, Mr. Davis. For example, when the interviewer asked
Rebecca (a more anxious student) if Mr. Davis gave her anything useful, she responded,
He said to just remember that we’re goin – that when we’re…doing this, we’re
learning and are going to get more smart…It made me feel even more frustrated. Because, like, I want, like, really useful information, not really motivation because I don’t need the motivation, I get frustrated because I don’t have
the information.
Upon further prompting, Rebecca noted that Mr. Davis had given her information but
that she had not found it useful:
He told me to go to the [virtual textbook] if I’m having any trouble… I went
there but I don’t really understand it… it says, “plants increase oxygen.” It
doesn’t really tell how it increases the oxygen. It doesn’t really tell how you
use it or anything. It’s not really being specific.

Elmer, another more anxious student, commented that “He’s had one thing that he said
that was useful, but everything else has just been like, ‘Hm, let’s take a look at your
progress.’” In other words, high-anxiety students seemed to be unable to process the
help they were being given.
By contrast, several less anxious students seemed better able to work with the advice
being provided by Mr. Davis. For example, Marty reported, “Well, I know, like, what
to do if I don’t understand, like, how to do something. Like I can ask Mr. Davis if I
don’t understand how.” Similarly, Nancy told an interviewer,
Um, he’s been helpful, he’s, um. What I really like is that he’s not just recommending pages in the teacher’s book, he’s telling us where our stuff is wrong,
more exact… What I really like is that he’s not just recommending pages in
the teacher’s book, he’s telling us where our stuff is wrong, more exact.
Dwight, another less anxious student, also stated “he told me where I should look for
something and then that helped. It was pretty helpful.”
In general, the findings in these interviews demonstrate a pattern where students
with higher anxiety appear to be less able to regulate their learning process, perhaps
because they see it as something they are unable to fully control. This may cause them
to either overlook or deliberately skip activities that might be essential for their learning, possibly because they do not recognize the opportunities provided to them.

4

Discussion

This study employs a quantitative ethnographic approach, including the analysis of students' metacognitive strategies (articulated in ethnographic interviews) to better understand how student anxiety influences behaviors in computer-based learning. We do this
by examining multiple aspects of learner experiences involving both state-level and
trait-level anxiety. By using real-time affect detection to identify critical points in the
learning process, we guided qualitative data collection to explore how anxiety alters
student motivation, self-efficacy, and interaction. In this work, we analyze two studies
where students used Betty’s Brain to construct causal maps of complex scientific phenomena in middle school science classes, comparing students who score above and
below the cohort’s average on a science anxiety scale.
Across both studies, the findings show that trait-level anxiety measures help quantitatively differentiate state-level affective experiences, which influences both students’
behaviors and their metacognitive descriptions of their strategies. Specifically, students
with higher trait-level science anxiety are more likely to experience frustration, but only
in the second half of a daily one-hour session. At the beginning of the day, both moreand less-anxious students are equally likely to be frustrated; as the day goes on, frustration is more likely for high anxiety students than low-anxiety students.
Interestingly, while only frustration showed temporal divergence in the first study,
two other states showed divergence in the second study. Specifically, higher-anxiety
students were less likely to experience engaged concentration and delight in the second
half of each learning session. This complements the finding that they also experienced
higher levels of frustration during this time period. These changes are potentially driven
by anxious fixation on challenges where students’ engagement is impeded by increased

focus on the source of frustration [52]; anxiety may also impede experiences of delight
when students are unable to achieve their own standards of success [53].
Analysis of student interviews that followed instances of frustration provided additional insights into students’ experiences. Excerpts from student interviews ground the
quantitative data by providing in-depth information pertaining to participants’ experiences and viewpoints on their use of Betty’s Brain. From this we are better able to
contextualize codified affect and behavior in elaborated narratives [54].
Previous research has demonstrated that anxiety may manifest in a variety of ways
during learning, such as speeding through problems [35] and disengagement from activities [55]. We found that higher anxiety learners were more likely to make inefficient
changes as a result of their deletions and edits, indicative of uncertainty that can lead to
concern with unimportant details and inability to understand knowledge content [56].
We posit that the behavioral differences may only emerge within the second study due
to the effect of the novelty of the interactive platform in study 1, which wore off in
study 2, resulting in more pronounced engagement effects [57].
4.1

Limitations and Future Work

One potential limitation of this work is the different timescales of crucial measurements. While we measured trait-level anxiety via a survey, we considered state-level
affect with predictions being generated every 20 seconds. Future work should examine
anxiety at a similar time scale to affect, though this would require a state-level anxiety
measure. Anxiety is generally not included in classroom observation affect protocols
[45], as it is harder to measure in this fashion, so additional effort will be needed to
collect the training data needed to develop an automated detector of anxiety.
If state-level anxiety could be automatically measured, this would also open up possibilities for future qualitative work. Using the same targeted interview approach used
in this paper, interviewers could be directed to students at moments of peak anxiety.
Such an approach could yield a rich qualitative dataset that could be used to better understand the interaction between anxiety, affect, and student learning, at a finer grain
size, contributing both to affect and learning theory [58].
4.2

Conclusion

This study used interaction data, affect measurements, and qualitative data from targeted student interviews, to study how trait-level anxiety relates to affect and behavior
during a complex learning activity. Our results provide insight into the relationship between anxiety and emotion, most notably frustration, during learning experiences.
More-anxious students were more likely to be frustrated and less likely to be engaged
and delighted later in the sessions. Students with higher levels of anxiety had a higher
tendency to delete entire sections of their work when frustrated, while frustrated students with lower anxiety were more likely to delete individual elements and take quizzes to better understand the quality of their solutions. This work takes a step towards
better understanding anxiety in an ecologically valid setting, and brings us closer to
better supporting high anxiety students using learning technology in the classroom.
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