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Abstract: This paper examines how interviews with students—at critical moments of the
learning process—may be leveraged to improve the design of educational software.
Specifically, we discuss iterative work to improve the design of a pedagogical agent in the
Betty’s Brain learning environment, Mr. Davis. Students interacted with the pedagogical agent
in Betty’s Brain during two separate studies, two months apart. During study one, qualitative
interviews were prompted by student actions within the system and theoretically aligned
sequences of educationally relevant affective states (as detected by previously validated
models). Facilitaed by an app called the Quick Red Fox (QRF), these in situ interviews were
then used to identify ways to rapidly improve Mr. Davis’ design, investigated in study two.
Results indicate that changes designed to make Mr. Davis more empathetic correlate with
improved learning outcomes. We also discuss the potential for rapidly collected qualitative data
in future developments.
Keywords: Affective Computing, Learning by Teaching, Data-Driven Design, Pedagogical
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1. Introduction
Computer-based learning systems that seek to imitate human tutoring are faced with considerable
challenges related to the design of their virtual pedagogical agents. Human tutors can dynamically
adjust their interactions with students, accommodating differences in age, personality, cultural
expectations, as well as moment-to-moment differences in affect or understanding. In contrast, virtual
pedagogical agents are far less flexible, typically relying on a predefined set of tutorial actions or
phrases (Veletsianos and Russell, 2014). Since it is not always possible to anticipate how students will
interact with an agent (Kenkre and Murthy 2016), researchers need a way to quickly identify potential
changes in student behavior and suggest improvements.
Pedagogical agents offer great potential for improving learning and supporting learners. Early
work has shown that virtual agents can support increases in performance (Dumdumaya et al. 2017),
provide beneficial social interactions (Doering, Veletsianos, and Yerasimou 2008; Kim and Wei 2011),
and foster motivation and engagement (Kim and Wei 2011; Lusk and Atkinson 2007). However, some
aspects of what makes a good interaction with a virtual agent is still an open question. Research has
sought to calibrate pedagogical agents based on politeness, with many students responding well to more
polite approaches (Graesser 2011; Person et al. 1995; Tynan 2005), but there have sometimes been
conflicting results. Some studies have found that learning decreases when students perceive their tutors
as irritating or offensive (De Angeli and Brahnam 2008). However, this pattern is not universal; other
work has also shown that in some contexts, students respond well to so-called “rude tutors” who are
designed to offer sarcastic responses even to struggling students (e.g., Graesser, 2011; Ogan,
Finkelstein, Mayfield, et al. 2012).
Conflicting responses to politeness strategies are perhaps not surprising. Given the wide range of
the functions of politeness (and impoliteness) that human tutors use (see review in Ogan, Finkelstein,
Walker, et al. 2012), cultural, contextual, and developmental differences in student populations would
likely moderate these findings (Savard and Mizoguchi 2019). Cultural differences are, unfortunately,

more difficult to tease out from the current literature than developmental differences (Paquette et al.
2020), but given findings that show high and low-knowledge learners respond differently to politeness
strategies (D’Mello and Graesser 2013), developmental differences seem a likely explanation.
Thus far, most of the research on politeness and empathy has taken place with older adolescents
and adult learners (Ogan, Finkelstein, Walker, et al. 2012; Rodrigo et al. 2013; Wang et al. 2012)
(D’Mello and Graesser 2013). Less is known about the politeness practices of primary learners (ages
5-11), where students might be more likely to expect more empathetic pedagogical strategies.
This paper explores younger (6th grade) students’ perception of two different versions of Mr.
Davis, the mentor agent in the Betty’s Brain learning system (Biswas, Segedy, and Bunchongchit
2016). Specifically, during in situ interviews with students, which were facilitated by an app called
Quick Red Fox (QRF), we discovered that students were interpreting certain phrases being used by Mr.
Davis as deliberately offensive (which was not the original intent of the designer), and unlike previous
research on rude tutorial moves (e.g., Graesser 2011; Ogan, Finkelstein, Walker, et al. 2012), students
were not responding well to these perceived slights. Accordingly, we followed up with further questions
about what would make Mr. Davis feel more helpful. We then modified Mr. Davis’s responses to make
Mr. Davis seem more supportive. Critically, the insights occurred during initial reflection on the
interviews, prior to more formal transcription and coding. This allowed for changes to be made before
students used the software again two months later (for a new learning topic). Following this second
session, students were surveyed about their current perceptions of Mr. Davis as well as their perceptions
of how difficult the task was. In this paper, we report on what those changes are and then compare the
perception of the two versions of Mr. Davis with learning gains as experienced by 99 middle schoolers
across two studies.

2. Betty’s Brain
Betty’s Brain uses a learning-by-teaching model (Biswas et al. 2004), where students must teach a
virtual agent named Betty by creating a causal map of a scientific process (e.g., climate change). Betty
demonstrates her “learning” by taking quizzes that are graded by a pedagogical agent, Mr. Davis. As
students construct Betty’s map, they must navigate various learning resources, including hypermedia
resources and a teaching manual that explains how to represent causal reasoning. The system is
open-ended, with students choosing when to consult hypermedia resources, when to devote time
expanding their causal map, and when to test it via the quizzes (Biswas et al. 2016).

Figure 1. A partial casual map in Betty’s Brain
Each time the students test their causal map (by testing Betty), Mr. Davis interacts with the
students, giving them high-level suggestions on how they may improve. However, students can interact
with him at other times in the learning process, asking him questions or seeking help/tips regarding
causal maps. Mr. Davis is described to the students as an experienced teacher and is designed to present
a helpful and mentoring role as the students teach Betty.

3. Methods
3.1 Data
Data were collected over two studies with 99 6th-graders who used Betty’s Brain as part of their normal
science instruction in an urban public school in the United States of America. In Study 1 (December
2018), students used Betty’s Brain to learn about climate change. During the study, short interviews
(usually 1-2 minutes) were repeatedly conducted, with researchers asking students to briefly pause their
activity to talk about their work (more details in section 3.2). In Study 2 (February 2019), the same
group of students interacted with Betty’s Brain again and participated in a similar interview process as
they learned and created a causal model for a new topic: thermoregulation.
Learning gains were assessed during both studies using pre- and post-test measures. For each
study, the pre-test about the content (i.e., climate change or thermoregulation) knowledge was
administered before students began working with the system. An identical post-test was administered at
the end of the study. In this work, we characterize learning gains as post-test score – pre-test score.

3.2 Interviews
In both studies, interviews were dynamically prompted by real-time monitoring of affective and
behavioral sequences (detected by previously validated models - see Jiang et al. 2018) that were being
studied as part of a larger project on student affect and self-regulated learning (Bosch et al. 2021). In
particular, key shifts in affect, such as confusion à delight, confusion à frustration, frustration à
engaged, as well as sustained delight, were used to trigger interviews. Other interviews were prompted
by specific behavioral sequences, including sequences that identified how effective the students’
behaviors were. That is, actions like editing the causal map (as opposed to opening a reading passage)
were further categorized by whether those edits were correct or incorrect. Thus, interviews were taking
place during times that had been strategically identified to represent shifts in emotional states and key
moments in the learning process.
Interviewers were directed to students experiencing one of these prompts by an Android-based
app called Quick Red Fox (QRF), which collected metadata (deidentified student IDs and timestamps)
while recording both the behavioral or affective sequence that triggered the interview and the interview
itself. The interviewer then engaged the students with open-ended questions like “how are things going
so far?” and “what strategies are you using to solve this problem?” Students were sometimes also asked
about their intrinsic interest in science (e.g., “What is your favorite class?”), but in general, the
interviewer let students guide the topics of interviews.
Though interviews were eventually manually transcribed and qualitatively analyzed (Bosch et al.
2021), this was not completed until after both rounds of data collection. In the interim, interviewers
summarized their perceptions about trends and issues to the broader research and development team.
In the second study (after changes described in the next section were implemented), interviews
were triggered and conducted using the same methods, but interviewers added explicit questions about
the changes to the design of Mr. Davis.

3.3 Changes to Mr. Davis
During the Study 1 interviews, two scripts employed by Mr. Davis repeatedly emerged as particularly
upsetting to the students, both of which involved his text beginning with the word “Hmph.” Students
consistently reported that they found Mr. Davis's interactions abrupt, frustrating, and, in some cases,
distracting. Interviewers, therefore, asked students for suggestions on how to rewrite the scripts,
including suggesting simply changing “Hmph” to “Hmm,” which students found contemplative and
less confrontational. Students also suggested that having Mr. Davis provide hints or encouragement
would further improve his design. These design suggestions were reported to the development team,
who made the appropriate changes to the conversations by incorporating ten new interactions and
modifying two existing interactions. Three examples are shown in in Table 1.

Table 1. Breakdown of modifications to Mr. Davis
Type of Change
Example
Add new feedback with
“Hey, from the quiz results, it looks like Betty may have
hints/guidance
some incorrect links on her map. You can mark those
links as could be wrong in your map. Do you want to
know more about marking links as could be wrong?”
Add new feedback with
“Looks like you are doing a good job teaching correct
encouragement
causal links to Betty! Make sure that you check her
progress from time to time by asking her to take a quiz.”
Representational change for
“Hmph” à “Hmm”
politeness

N
7

3
2

3.4 Surveys of Helpfulness and Difficulty
At the end of Study 2, students were asked to rate the helpfulness of Mr. Davis during each scenario
(reflecting on both Study 1 and Study 2) using a single-item Likert measure from 1 (strongly dislike) to
5 (strongly like). Students were also asked to rate the difficulty of each scenario (also using a single item
Likert measure).

4. Results
We examine the effectiveness of the changes to Mr. Davis by comparing the Likert scales on the
perceptions about him between the two scenarios. We then explore the relationship between these
results in terms of learning and student perceptions of difficulty.

4.1 Perceptions of Mr. Davis
We first considered if the changes to Mr. Davis improved student perception of him. A paired samples
Wilcoxon signed-ranks test showed a statistically significant improvement in how helpful Mr. Davis
was perceived as being across the two scenarios (Study 1: M = 2.10, SD = 1.04, Study 2: M = 2.83, SD
= 1.37; Z=.43, p < 0.001). This aligns with the qualitative reports given during student interviews in the
second study. A histogram of student responses regarding Mr. Davis is shown in Figure 2.

Figure 2. Bar Chart of Student Scores of Mr. Davis across both studies (1 = Strong Dislike,
5 = Strong Like)

4.2 Mr. Davis and Learning Gains
We next examined how students' perceptions of Mr. Davis were linked to their learning gains within
Betty’s Brain. For each student, we calculated the difference between their two survey responses (Likert
score for Study 2 minus Likert score for Study 1) with a positive score indicating that students felt Mr.

Davis had improved. Through Spearman correlations, we found that improvement perception of Mr.
Davis was positively correlated with learning gains in the second topic (rho = .37, p < 0.01).
To further examine if this result was an artifact of student self-efficacy (e.g. students being more
likely to perceive Mr. Davis as helpful if they are doing well in the Betty’s Brain), we examined the
learning gains in the first scenario (prior to the changes to Mr. Davis) and observed no significant
correlation to improvements in Mr. Davis (rho = .08, p = .46), reinforcing our conclusion that the
changes to Mr. Davis had a positive impact on students’ experiences. However, it should be noted that
correlation is not causation, and other factors may have had an impact (see discussion).

4.3 Mr. Davis and Perceptions of Difficulty
Finally, we examined the difference in students’ perceived difficulty of the two topics. We found that
the change in students’ perception of Mr. Davis was negatively correlated with change in perceived
difficulty (rho = -.31, p < 0.01), indicating that students who found Mr. Davis more helpful the second
time than the first time also found the second scenario easier than the previous scenario. There is
insufficient evidence to be certain of causality, but this evidence is compatible with the idea that the
students felt more supported during their second encounter with the system.

5. Discussion and Conclusions
Results show that the changes implemented between studies 1 and 2 led to more favorable
interpretations of Mr. Davis. Specifically, we show a considerable increase in the perception of Mr.
Davis as being helpful. Students’ improved perceptions of Mr. Davis were also correlated with an
improvement in learning gains and a reduction in perceived difficulty.
A limitation of this work is that we have not considered how additional external factors such as
student familiarity with the system and topic familiarity may have impacted these perceptions due to
scope. While our survey measures consider Mr. Davis in isolation, it is likely that more general
perceptions about the system also have an impact here. More research is needed to determine how
students’ perceptions of Mr. Davis interact with other parts of the learning process (such as broader
self-regulation), as is more research on what factors impact whether students prefer more polite and
supportive pedagogical agents. However, this study demonstrates how even minor changes at the
pragmatics level of conversation (i.e., changes that effect the perception of politeness and intent) may
impact students’ interactions with a learning system, suggesting that researchers should explore how
politeness may interact with other parts of the design of computer-based learning environments.
This study also demonstrates the importance of exploring new methodologies for collecting
feedback on student-tutor interactions. In particular, it suggests that rapidly collected qualitative data,
such as those collected in the interviews prompted by the QRF app, might be useful for rapid design
iteration and improvement in real-world settings. This is especially true in situations when
implementing in a new context (e.g., with students in a new age group, or implementing in a new
language). We often rely on quantitative data or formally coded interviews to drive design work, but
this is often costly and time-consuming, meaning that relatively minor changes to educational software
can take considerable time. This work presents a useful substitute for laboratory-based usability studies
when those are impractical to conduct or may change students’ attitudes towards the learning
experience. While it sometimes difficult to anticipate what tutorial moves students will respond well to
and exactly how to write tutorial dialogue, it can be very easy for a human interviewer to identify when
a student responds poorly to a tutor’s responses, allowing for timely adjustments to correct course.
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