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Abstract. Students learn by teaching others as tutors. Advancement in the theory
of learning by teaching has given rise to many pedagogical agents. In this paper,
we exploit a known cognitive theory that states if a tutee asks deep questions
in a peer tutoring environment, a tutor benefits from it. Little is known about a
computational model of such deep questions. This paper aims to formalize the
deep tutee questions and proposes a generalized model of inquiry-based dialogue,
called the constructive tutee inquiry, to ask follow-up questions to have tutors
reflect their current knowledge (aka knowledge-building activity). We conducted
a Wizard of Oz study to evaluate the proposed constructive tutee inquiry. The
results showed that the constructive tutee inquiry was particularly effective for the
low prior knowledge students to learn conceptual knowledge.

Keywords: Learning by teaching · Deep questions · Teachable agents · Tutor
learning · Knowledge-building ·Wizard of Oz

1 Introduction

Students often learn by teaching others. This type of learning is called tutor learning [1–
10]. Although learning by teaching is impactful for the tutors, some researchers argue
about the consistency and effect size of the tutor learning [3]. Roscoe [11] sought to
understand how the tutors learn in the learning by teaching environment to leverage
the benefits of tutoring more consistently. In one study, Roscoe et al. [12] found that
tutor learning happens when students (who are tutors) engage in instructional activities
like reflecting on their understanding [13], revisiting the concepts, providing correct
and complete explanations to make sense of solution steps [14, 15], and recovering
from their misconceptions or knowledge gaps [15] while tutoring. These instructional
activities are called knowledge-building activities. When students perform knowledge-
building activities to answer a question, those answers are known as knowledge-building
responses that elicit learning [12]. One of our motivations for the current study is to
evaluate the impact of knowledge-building responses on tutor learning in an Intelligent
Tutoring System (ITS) setting.

Students infrequently engage in knowledge-building activitieswhen they act as tutors
in a peer-tutoring environment. Instead of developing their knowledge, students seem
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more inclined to deliver what they already know or directly dictate solution steps with
little elaboration to their tutees [11, 16, 17]. Researchers found that deep tutee ques-
tions made tutors generate more knowledge-building responses while tutoring [16–23].
Although different types of deep tutee questions have been observed, they all agreed that
not all tutee questions are equally helpful for tutor learning. Despite the advancement
in developing effective teachable agents [24–29], a computational model of deep tutee
questions beneficial for tutor learning is yet to be developed.

In the current study, we develop a synthetic tutee that asks questions to promote
tutors’ knowledge-building responses. We hypothesize that letting the synthetic tutee
ask follow-up questions to remind the tutor to provide knowledge-building responses
facilitates tutor learning. For example, the synthetic tutee may ask tutors to elaborate
their shallow response. We shall call this kind of question asking the Constructive Tutee
Inquiry (CTI). We propose a model of CTI for a tutee to ask follow-up questions. This
is the first attempt to model a synthetic tutee’s follow-up questions to facilitate tutor
learning to the best of our knowledge. As an initial step, we evaluate the effectiveness of
CTI through a Wizard of Oz study (WoZ). In the study, a synthetic tutee embedded into
an artificial peer learning environment called APLUS was controlled by a researcher
who manually typed the tutee questions as if a machine generated them. The study
participants were told that the synthetic tutee was artificial intelligence.

In the traditional APLUS (which does not have CTI), students interactively teach
a synthetic tutee named SimStudent [30] to solve linear algebraic equations. In WoZ,
an extended version of the traditional APLUS, called AskMore APLUS, was used.
In AskMore APLUS, a synthetic tutee named Gabby instantiated follow-up questions
according to the CTI. The result showed that the proposed CTI model helped the low
prior students generate more knowledge-building responses, facilitating their learning of
conceptual knowledge. Our contributions are summarized as follows: (1) We propose a
domain-independent Constructive Tutee Inquiry model that encourages tutors to provide
more knowledge-building responses. (2)We present rigorous analysis to understand how
and why Constructive Tutee Inquiry facilitates tutor learning.

2 Related Work

Many researchers have tested the effectiveness of varying tutee prompts in facilitating
tutor learning. Prior studies revealed a controversial impact of explanation prompt on
tutor learning. While some studies found asking for explanation effective [31, 32], some
studies showed that asking a tutor to explain at all times has a detrimental effect on tutor
learning [23, 33, 34]. In another study, Rittle-Johnson et al. [22] argued that despite the
general effectiveness of explanationprompt for improved learning, explanatoryquestions
divide tutors’ attention to different types of information, negatively impacting tutor
learning. These studies highlight that deep tutee questions are more than just asking for
explanations from the tutor.

More recently, Baker et al. [35] found a positive impact of asking contrasting prompts
to draw tutors’ attention towards identifying similarities or dissimilarities between con-
tradictory scenarios on tutor learning. On the contrary, Sidney et al. [36] claimed that
contrasting questions alone on their own was not beneficial for tutor learning; instead, it
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was both the explanation and contrasting prompts that together facilitated tutor learning
[36]. This analysis indicates that any question type alone is insufficient for tutor learning.

Looi et al. [37] investigated the design of the synthetic tutee’s question prompts
to engage the tutors in knowledge-building activities on an online learning environ-
ment named Betty’s Brain. These questions were one-sided questions with no follow-up
regime in case of failure to engage tutors in knowledge-building activities. We hypoth-
esize that deep questions are not just a single one-sided question; rather, it is an accu-
mulation of subsequent follow-up questions on a certain topic. On the other hand, their
proposed method requires the synthetic tutee to be equipped with a complete expert
model, making it a domain-dependent question generation model. Our proposed model
is domain-independent because no path of the CTI algorithm requires specific knowl-
edge about the domain to generate the subsequent follow-up questions. Our model also
does not assume that the synthetic tutee needs to bemore knowledgeable than the tutor to
engage them in knowledge-building activities. Therefore, our model arguably captures
the naturalistic scenarios for tutee inquiries in a classroom setting.

3 The Traditional APLUS with SimStudent

Our study extends the SimStudent project [38], which we call traditional APLUS. Tra-
ditional APLUS is an intelligent learning environment where students (who are tutors)
teach SimStudent how to solve linear algebraic equations. SimStudent learns through
demonstration. When the tutor teaches a step, SimStudent learns generalized production
rules that look like, “if [preconditions], perform [transformation]”. In APLUS, trans-
formation allows four basic math operations: add, subtract, divide, and multiply by a
number. SimStudent keeps adding or modifying the production rules in its knowledge
base according to the tutor’s feedback. Besides demonstrating solution steps, tutors can
interact with SimStudent and give textual explanations using the chat panel. In traditional
APLUS, SimStudent only asks why questions in some particular scenarios. For example,
“Why did you perform [transformation] here?” or “I performed this [transformation]
due to a previously taught production rule. Why do you think I am wrong?”. SimStudent
never follow-up after the tutor’s response to the why questions. Additionally, tutors can
quiz SimStudent anytime they want to check its knowledge status. Quiz topics include
equations with one-step, two-steps, variables on both sides, and a final challenge con-
taining variables on both sides. Traditional APLUS also has resource tabs like problem
bank, unit overview, and worked-out examples for tutors to review at any time.

4 Overview of the Constructive Tutee Inquiry

4.1 Motivation

Prior studies have highlighted that tutors learn most effectively when they engage in
knowledge-building activities [12, 16, 39]. In this paper, we call the tutors’ responses to
the tutee’s questions that required them to engage in knowledge-building activities the
knowledge-building responses (KBR). As an example, suppose the tutee asked, “Why
do we perform a transformation on both sides?”. Tutor’s reply, “An equation is like a
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balanced weight scale. You do the same thing on both sides to keep it balanced at all
times,” is KBR because the tutor provided a complete and correct explanation to make
sense of a solution step, which is a knowledge-building activity.

Roscoe et al. [12] grouped KBR broadly into two categories: elaboration and sense-
making (Table 1). The elaboration response provides extended explanations or novel
examples to clarify a concept of interest. For example, the tutor’s answer “one needs
to undo all the operations performed on the variable term to solve an equation” when
asked how to know an equation is solved is KBR because the tutor provides an extended
explanation to clarify the concept of equation solving. On the other hand, the sense-
making response reflects that the tutor realized their errors or realized new inferences
based on their prior knowledge. For example, the tutor may mention that he has just
learned that “subtracting a positive number is the same as adding a negative number.”

Table 1. A summary of knowledge-building response category and its sub-categories. The types
of prompt Gabby uses as follow-up tutee inquiry is also shown.

KBR category KBR Sub-category Follow-up Tutee Inquiry prompts

Elaboration Providing extended clarification for a
concept of interest

Explanation prompt [Pumping]
“Can you elaborate?”

Providing more examples for
clarification

Example prompt [Pumping]
“I know little about [x], tell me
more?”

Sense-making Realizing own errors or
misconceptions

Error realization prompt [Splicing]
“I acted according to the rule I have
learnt from you. Why am I wrong?”

Realizing new inferences based on
prior knowledge

Inference prompt [Pumping]
“How to convert the unfamiliar form
to the familiar one you’ve taught me
before?”

We hypothesize that when a tutee’s inquiry did not induce the tutors’ KBR, having
the tutee ask a follow-up question will increase the tutors’ chance of committing KBR.
We, therefore, propose Constructive Tutee Inquiry (CTI) as a sequence of follow-up
inquiries to guide the tutor to KBR. CTI consists of an initial tutee inquiry followed by
a chain of follow-up inquiries based on tutors’ responses to the previous inquiry. The
initial inquiries are the same as the ones that SimStudent asks in traditional APLUS.

4.2 Mechanism of the Follow-Up Tutee Inquiry

A follow-up tutee inquiry can be one of the following prompts: (1) explanation, (2)
example, (3) error realization, and (4) inference, as shown in Table 1.

The mechanism of the follow-up tutee inquiry is inspired by how the teacher and
students jointly improve the quality of an answer in the classroom proposed by Graesser
et al. [10]. Teachers follow pumping, splicing and, summarization techniques introduced
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in [10] to improve the quality of their students’ answers. Teacher asking for more infor-
mationwhen students’ answer is not informative or vague is pumping. If students’ answer
is error-ridden, a teacher may split the answer into correct and incorrect parts and ask
for information about the incorrect part, called splicing. Finally, a teacher summarizes
the gathered information to the students, called summarization.

CTI implements pumping, splicing and, summarization to operate the follow-up
tutee inquiries. The follow-up tutee inquiry starts after tutors’ response to an initial tutee
inquiry and ends with the tutee’s summarization. The following algorithm operates the
subsequent follow-up tutee inquiries:

IF [tutor’s response is vague] THEN [use the explanation prompt (which is pump)]
ELSE IF [tutor’s response contradicts with already perceived knowledge] THEN [use
the error realization prompt (which is splice)]
ELSE IF [tutor’s response agreeswith alreadyperceivedknowledge]THEN[use example
generation prompt (which is pump)]
ELSE IF [tutor’s response reveals tutor is stuck] THEN [use the inference generation
prompt (which is pump)]
ELSE [summarize and move to the next scenario]

Figure 1 shows an example ofCTI. It startswith an initial tutee inquiry, like traditional
APLUS. Since the tutor provided a vague answer to the initial tutee inquiry,Gabbypumps
using the explanation prompt. Gabby ends the follow-up tutee inquiry by summarizing
because tutor’s response to the explanation prompt was not vague and did not contradict
any perceived knowledge.

Fig. 1. An example of Constructive Tutee Inquiry

5 Method

This paper explores the following research questions: (1) Does Constructive Tutee
Inquiry (CTI) inspire tutors to generate more knowledge-building responses while
tutoring? (2) If so, do increased knowledge-building responses facilitate tutor learning?

We conducted a Wizard of Oz experiment (WoZ) to gather early-stage evidence of
our proposed Constructive Tutee Inquiry (CTI) effectiveness as a randomized controlled
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trial with two conditions: AskMore APLUS as the experimental and Traditional APLUS
as the control condition. In WoZ, a human researcher controlled Gabby in AskMore
APLUS and manually typed questions according to the CTI model as if a machine
generated them. To save the cost of system implementation, AskMore APLUS was
built as a chat app running on a standard Web browser by mimicking the appearance
of traditional APLUS. We used the same interface to simulate traditional APLUS to
avoid any confounding issue due to the difference in the appearance of the interface
and system interaction. When participants were using simulated traditional APLUS, the
human researcher controlled SimStudent and manually typed questions the same way
SimStudent would ask in traditional APLUS. Participants were redirected to another
screen containing traditional APLUS whenever they clicked the quiz tab in the chat
application. A sessionmanager fed all the tutor demonstrated steps to traditional APLUS
to ensure that the quiz reflects the synthetic tutee’s knowledge status.

5.1 Structure of the Study

30 middle school students (11 male and 19 female) of 6th–8th grade from various middle
schools participated in the study. Participants visited our lab individually and received
$15/h as monetary compensation for their participation.

Participants took a pre-test for 15 min before the intervention. Then they were ran-
domly assigned to one of the conditions ensuring an equal balance of the average pre-test
scores between two conditions. 16 participants were assigned to AskMore and 14 to the
Traditional APLUS condition. A two-tailed unpaired t-test on the pre-test score con-
firmed no condition difference between the mean pre-test scores;MAskMore = 9.9 ± 5.4
vs. MTraditional = 10.6 ± 4.1; t(28) = −0.44, p = 0.66. Participants watched a 10-min
video tutorial on the given intervention before using the assigned app. In the video,
participants were informed that their goal was to have SimStudent / Gabby pass the
quiz. A single intervention session took about 90 min, depending on how quickly the
participants achieved their goals. Most of our participants (23 out of 30) came in for the
second-day intervention session. Only 18 out of 30 participants met the goal of having
their synthetic tutee pass the quiz: 10 for AskMore and 8 for Traditional APLUS. Our
data analysis considered all 30 participants irrespective of their synthetic tutee pass the
overall quiz. Upon completion of the intervention, participants took 15min post-test. The
tutoring sessions were audio and video recorded, and students were asked to think aloud
in both conditions. All interface actions taken by participants and the tutee inquiries and
participant responses were logged.

5.2 Measures

The pre- and post-test questions were isomorphic. Both pre- and post-tests consist of
2 tests: (1) The Conceptual Knowledge Test (CKT) contains 9 questions - 2 multiple
choice questions and 7 single-choice questions that address various misconceptions of
linear algebraic equation solving. An example of a single-choice question that addresses
the misconception of zero while solving equations is “The equation 7x + 14 = 0 is
same as 7x = 14 because the RHS is 0” with Agree/Neutral/Disagree as options. (2)
The Procedural Skill Test (PST) contains 10 questions – solving one-step (1 question),
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two steps (3 questions), and with variables on both sides (6 questions) equations. An
example of two steps equation is “Solve for x: 4x + 15 = 3”. The answers were scored
as either 1 for overall correctness or 0 for incorrect or incomplete answers. The highest
score any participants could achieve in CKT is, therefore, 9 and in PST is 10.

The participants entered a total of 4605 responses while tutoring the synthetic tutee.
Two human coders categorized those responses into “knowledge-building” and “non-
knowledge-building” responses. Based on Cohen’s Kappa coefficient, the inter-coder
reliability for this coding showed κ = 0.81.

6 Results

6.1 Test Scores

Table 2 shows a summary of average test scores—overall, procedural skill test (PST),
and conceptual knowledge test (CKT)—both for Traditional and AskMore APLUS.

We ran a mixed design analysis for both CKT and PST with test-time (pre vs post)
as within subject variable and condition (AskMore vs Traditional) as a between subject
variable. There was no condition difference for post-test scores in CKT (MAskMore = 5.9
± 1.8, MTraditional = 6.0 ± 2.0, F(1,28) = 0.30, p = 0.60) and PST (MAskMore = 6.3 ±
3.8, MTraditional = 7.0 ± 2.2, F(1, 28) = 0.14, p = 0.71). However, test-time (pre vs.
post) was a main effect for both CKT (MPre = 4.7 ± 2.1, MPost = 6.0 ± 2.0, F(1,28)
= 9.56, p < 0.01) and PST (MPre = 5.5 ± 3.3, MPost = 6.6 ± 3.1, F(1, 28) = 5.53, p
< 0.05). Tutors in both conditions showed an equal amount of learning from pre to post
tests on both CKT and PST.

Table 2. Average pre- and post-test scores in AskMore and Traditional APLUS condition.

Condition Overall
(pre)

Overall
(post)

PST
(pre)

PST
(post)

CKT
(pre)

CKT
(post)

AskMore 9.9 ± 5.4 12.2 ± 5.3 5.4 ± 3.7 6.3 ± 3.8 4.4 ± 2.2 5.9 ± 1.8

Traditional 10.6 ± 4.1 13.0 ± 3.5 5.6 ± 3.0 7.0 ± 2.2 5.1 ± 2.0 6.0 ± 2.0

An aptitude treatment interaction (ATI) found for the conceptual knowledge test
(CKT). Figure 2 shows a scattered plot with the centered conceptual pre-test score on
the x-axis and conceptual post-test score on the y-axis. In the plot, among those who
scored below average on the pre-test, AskMore tutors outperformed Traditional tutors on
the post-test. We ran a two-way ANOVA with the conceptual post-test as the dependent
variable, conceptual pre-test and condition (AskMore vs. Traditional APLUS) as the
independent variables. The interaction between conceptual pre-test and condition was
statistically significant; F(1, 26) = 5.70, p < 0.05. However, an ATI was not observed
for the procedural skill test. The same two-way ANOVA, as shown above, did not show
a statistically significant interaction term among the procedural pre-test score and con-
dition; F(1, 26) = 0.05, p = 0.83. Tutors with lower prior competency (below-average
pre-test score) learned more conceptual knowledge when using AskMore APLUS than
Traditional APLUS.
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16 datapoints in triangle 
represent AskMore APLUS 
tutors and 14 datapoints in 
circle represent Traditional 
APLUS tutors. There are many 
overlapping datapoints due to 
more than one tutors achieving
the same test scores.
For tutors with the below-
average pre-test score (left on 
the dotted vertical line), 
AskMore tutors outperformed 
Traditional tutors on the post-
test.

Fig. 2. Centered pre- vs. post-test score for CKT between AskMore vs. Traditional tutors.

6.2 Effect of Responding to the Follow-Up Tutee Inquiries

We hypothesized that simply answering more tutee inquiries (regardless it induced
knowledge-building responses or not) facilitated conceptual learning. A simple regres-
sion model with the normalized learning gain on CKT, i.e., (posttest – pretest)/(1 –
pretest), as a dependent variable and the number of inquiries tutor answered as an inde-
pendent variable did not reveal the number of inquiries answered as a reliable predictor
for the learning gain on CKT; F(1,14) = 0.21, p = 0.66. Simply answering more tutee
inquiries did not predict conceptual learning.

6.3 Learning to Generate Knowledge-Building Responses

We investigated if generating more KBR promoted conceptual learning. A regression
analysis fitting the conceptual post-test with the conceptual pre-test and normalized
KBR count confirmed that normalized KBR is a reliable predictor; F(1, 27) = 14.11, p
< 0.01. The regression model suggests that if tutors committed one more knowledge-
building response than the average, they would have ended up with a 1.0% increase in
their conceptual post-test score. However, the equivalent regression analysis suggests
that committing to more knowledge-building responses did not help procedural learning;
F(1, 27) = 1.55, p = 0.22.

Fig. 3. Boxplot of average % knowledge-building responses generated by tutors due to initial
tutee inquiries and follow-up tutee inquiries in both conditions.
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We also found a significant positive correlation between the number of follow-up
tutee inquiries asked and KBR generated by tutors; r = 0.51, p < 0.01. About 24% of
the follow-up tutee inquiries yielded knowledge-building responses.

To further understand the process of generating KBR between the conditions, we
divided total tutee inquiries into twoparts (1) initial tutee inquiries (ITI) and (2) follow-up
tutee inquiries (FTI). ITI was available in both conditions where FTI was only available
in AskMore APLUS. We tagged the KBR generated by AskMore APLUS tutors into
two categories (1) KBR due to initial tutee inquiries (KBR-ITI) and (2) KBR due to
follow-up tutee inquiries (KBR-FTI).

The boxplot in Fig. 3 shows that 12% of the total responses by the AskMore tutors
were KBR, whereas, for the Traditional tutors, it is only 4%. A t-test confirmed that
AskMore tutors had a higher ratio of generating KBR than the Traditional tutors; t(21)
= −4.89, p < .01. The boxplot also revealed that the percentage of KBR-ITI was fairly
equal in both conditions. A t-test confirmed that there was no difference between the
average percent KBR (MAskMore = .04, MTraditional = .04) due to initial tutee inquiry
between conditions t(28) = .09, p = .93.

The above observations suggest that the follow-up tutee inquiry resulted in increased
knowledge-building responses (i.e., KBR-FTI) generated by AskMore tutors, which
further facilitated conceptual learning.

Table 3 shows that the AskMore low prior tutors were asked 26 initial tutee inquiries
on average, whereas Traditional low prior tutors were asked 25. A t-test revealed low
prior tutors in both conditions (MAskMore = 2,MTraditional = 3) generated equal number
of KBR-ITI on average; t(9)= 1.60, p= 0.14. However, AskMore low prior tutors were
additionally asked 49 follow-up tutee inquiries on average that resulted in an additional
5 more KBR (i.e., KBR-FTI) during the entire tutoring session.

Table 3. Average number of initial tutee inquiries (ITI) and follow-up tutee inquiry (FTI); and
the average number of resultant KBR due to ITI (KBG-ITI) and KBR due to FTI (KBR-FTI)

Total inquiries Total KBR

Prior Condition ITI FTI KBR-ITI KBR-FTI

Low AskMore 26 49 2 5

Traditional 25 – 3 –

High AskMore 21 30 2 4

Traditional 28 – 2 –

In sum, it was the follow-up tutee inquiries in AskMore APLUS that assisted the low
prior tutors to generate more knowledge-building responses, which in turn facilitated
their conceptual learning.

However, the same finding does not apply to the high prior tutors even though they
generated 6KBRon averagewhile tutoring.We hypothesized that different types ofKBR
(Table 1) affect tutor learning differently. However, the current study was not designed
to collect data to test this hypothesis. A future investigation is needed.
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6.4 Learning to Review Resources

Our study revealed that reviewing the resources positively impacts conceptual learning
regardless of the condition. A regression analysis with conceptual gain as the dependent
variable and resource usage as the independent predictor confirmed that resource usage
is a reliable predictor; F(1, 28) = 4.39, p < 0.05.

Did follow-up tutee inquiries inspire the lowprior tutors to review the resourcesmore,
and did more frequent resource reviews result in better conceptual learning? Follow-up
tutee inquiries inspired the AskMore low prior tutors to review the resource tabs 11.9
times, whereas Traditional low prior tutors reviewed the resources 8.8 times on average
while tutoring. However, the t-test revealed no condition difference in resource review
count; t(13) = −1.01, p = .33. A qualitative analysis of dialog data disclosed that
the low prior tutors in AskMore APLUS tended to review the resources more often
to better answer Gabby’s inquiries. Figure 4 shows an example conversation in which
an AskMore low prior tutor reviewed the resources while answering follow-up tutee
inquiries. The tutor reviewedUNITOVERVIEW, one of the resources available for tutors
in APLUS. Although UNIT OVERVIEW does not contain a direct answer to Gabby’s
inquiry, it contains information like “To solve an equation you need to do mathematical
transformations until at the end you have “x = a number” The tutor elaborated on this
information to come up with a better answer to Gabby’s inquiry.

7 Discussion

Our current data showed an interesting ATI—generating more knowledge-building
responses (KBR) in AskMore APLUS facilitated learning conceptual knowledge only
for the low prior tutors. Our hypothesis that CTI encouraged low prior tutors to generate
more KBR was supported. About 24% of the follow-up tutee inquiries (asked by Gabby)
yielded knowledge-building responses (by the tutors).

Our data also revealed that conceptual learning is highly correlated with reviewing
the resources in the application. We further hypothesized that CTI inspired the low
prior tutors to review the resources more often, which is another reason for the ATI we
found. This hypothesis was not supported. However, conversational data showed low
prior tutors frequently reviewed the resources to come up with a better answer to the
follow-up tutee inquiry.

All these findings apply to the low prior tutors only. The number of KBR did not
have a notable impact on the high prior tutors’ learning. We hypothesize that different
types of KBR (Table 1) have different contributions to learning. The current data do not
allow us to conduct rigorous analysis on this hypothesis due to the limited number of
participants. We aim to investigate this hypothesis at length in our future work.

8 Conclusion

We found that Constructive Tutee Inquiry (CTI) helped low prior students provide more
knowledge-building responses (KBR) by prompting them to elaborate the confusing
explanations and motivating them to commit sense-making reflections. The data also
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Fig. 4. Example of reviewing resources after follow-up tutee inquiries

showed that the KBR further facilitated learning conceptual knowledge. Understanding
how CTI could assist in procedural skills learning is within the scope of our future work.
Our focus of interest also goes to the high prior students who did not get the advantage
of CTI as effectively as the low prior students. We believe that learning by teaching,
with the advanced teachable agent technology, can offer rich learning opportunities to
diverse students. Understanding how KBR types affect tutor learning differently would
allow us to investigate how to make the CTI more effective.
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