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Abstract. This paper investigates the effect of meta-cognitive help in the con-
text of learning by teaching. Students learned to solve algebraic equations by
tutoring a teachable agent, called SimStudent, using an online learning envi-
ronment, called APLUS. A version of APLUS was developed to provide meta-
cognitive help on what problems students should teach, as well as when to quiz
SimStudent. A classroom study comparing APLUS with and without the meta-
cognitive help was conducted with 173 seventh to ninth grade students. The
data showed that students with the meta-cognitive help showed better problem
selection and scored higher on the post-test than those who tutored SimStudent
without the meta-cognitive help. These results suggest that, when carefully de-
signed, learning by teaching can support students to not only learn cognitive
skills but also employ meta-cognitive skills for effective tutoring.

Keywords: Learning by teaching, teachable agent, SimStudent, Algebra equa-
tion solving, meta-cognitive help.

1 Introduction

The effect of learning by teaching has been well known [1, 2] in many disciplines for
diverse student populations and skill levels. Many empirical studies observe that
when students tutor each other, not only tutees but also tutors learn—often called the
tutor-learning effect. Yet it is only recently that researchers have started to investigate
why and how students learn by teaching. This scholarly development is largely due to
the growing maturity of advanced learning technologies that allow students to interac-
tively tutor a synthetic peer, commonly called a teachable agent [3]. The teachable
agent technology allows researchers to collect detailed interaction data to understand
the relationship between tutoring activities and the tutor-learning outcome [4, 5].

Learning by teaching is a complicated phenomenon that includes many factors to
be considered, which are often hard to control [2, 6]. Therefore, researchers conduct
exploratory studies that focus on particular aspects of tutor learning and the functio-
nalities of the learning by teaching environment. The current paper focuses on the
effect of the meta-cognitive help for learning by teaching.
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Biswas et al. examined the effect of the meta-cognitive assistance for tutor learning
[7]. Students taught Betty’s Brain, the teachable agent, about river ecosystems. There
was a mentor agent who provided both cognitive help (e.g., corrective feedback on
the errors that Betty’s Brain made on the quiz) and meta-cognitive help (e.g., how to
gauge what Betty’s Brain knows about the river ecosystems). In the classroom study,
they found no effect of the mentor agent on tutor learning. In the current study, how-
ever, since students need to learn both procedural skills and conceptual knowledge,
we might see different effect of the meta-cognitive help.

Walker et al. [8] compared “adaptive” and “fixed” meta-cognitive help for tutor
learning in Algebra equations where pairs of students teach each other. The “adap-
tive” help was contextualized, whereas the “fixed” help was provided randomly. The
results from a classroom study showed that the “adaptive” meta-cognitive help is
more effective for tutor learning than the “fixed” meta-cognitive help. The current
study will build on these findings to further investigate the effect of the meta-
cognitive help for tutor learning.

Our previous studies showed that students often failed to select appropriate prob-
lems to tutor [4]. Therefore, we hypothesized that providing students with scaffolding
on how to select problems to tutor would facilitate tutor learning. On the other hand,
to select appropriate problems to tutor, students need to gauge their tutees’ proficien-
cy. Therefore, we further hypothesized that providing students with scaffolding on
how to gauge tutee’s proficiency would amplify the effect of the meta-cognitive help
on problem selection, which would result in better tutor learning. To test these hypo-
theses, we used the online learning environment (called APLUS) where students learn
to solve algebra equations by teaching a teachable agent called SimStudent.

2 SimStudent and APLUS

2.1 SimStudent

SimStudent is a computational model of learning, realized as a machine-learning
agent, which can be interactively tutored. It is implemented with various Al tech-
niques including programming by demonstration in the form of inductive logic pro-
gramming, version space, and iterative-deepening search [4].

SimStudent learns cognitive skills in the form of production rules by generalizing
positive examples (showing when to apply a particular skill, e.g., adding a constant to
both sides) and negative examples (showing when not to apply a particular skill).

When SimStudent is used as a teachable agent, the affirmative feedback from the
student for steps performed by SimStudent and the steps demonstrated by the student
as a hint become positive examples, whereas the negative feedback becomes negative
examples. A hint from the student on how to perform the next step also becomes a
positive example. The next section provides details about the interaction between the
student and SimStudent. See [4] for more technical details.

2.2 APLUS

Figure 1 shows an example screenshot of APLUS. To teach SimStudent, shown as an
avatar (g), a student enters an equation in the first row, e.g., 2x+4 = 2 (c). When a
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problem is entered, SimStudent attempts to solve it step-by-step (d) by applying al-
ready learned productions. If SimStudent was able to perform a step, it asks the stu-
dent about the correctness of the step performed. The student then provides yes/no
feedback. When the student’s feedback is negative (i.e., “no,” which means the stu-
dent thinks that the step performed by SimStudent is incorrect), then SimStudent
makes another attempt, if able.

If there is no production applicable to perform a step, SimStudent asks the student
what to do for the next step. The student provides help by actually performing the
next step in the tutoring interface (i.e., entering the text in the next empty cell) (e).

Resources are available at the top left corner of the APLUS interface for students
to review in order to prepare for tutoring (b). The [Introduction Video] tab shows a
10-minute video clip explaining how to use APLUS. The [Unit Overview] tab sum-
marizes how to solve equations with worked-out examples. It also shows suggestions
of problems to be used for tutoring. The [Examples] tab shows worked-out examples
in the tutoring interface with detailed explanations about how to perform each step.

The quiz has four sections ordered by difficulty: 1 one-step equation, 3 two-step
Equations, 4 equations with variables on both sides, and Final Challenge that has 8
equations with variables on both sides. Quiz sections are “locked” until the previous
section is passed (i.e., all equations in the section are solved correctly). When the

(a) Tutoring Interface (d) Step performed by SimStudent
(b) Resources for Student (e) Step performed by Student as Hint
| (c) Problem entered by Student (f) Press to quiz SimStudent
Y SYEN W N ——T . CAU —
M nyli lmnnlul.m.- .\'uu o | Unit Overview Examples Quiz
Equation | | Transformation
2544 = |2 divide 2 e hotien Cn.ﬁ = l;'
x+2 = |1 subtract 2 1 Mandy's Skillometer:
. = | .
_ One Step Equations
= Two Step Equations
- g Equations with Variables on Both Sides
Problem is Solved
Ask Mr. Williams
5 o What should | do now?
Mandy: Well.. E
Mandy: Let's
:Imd\ Is putting -1 on the right-hand side a good idea”
\Iq:hj\ L()k
Mandy: 1 LULku\ the Problem is Solved button. Do you think
ed ed! ‘What are we doing next? Mr.
Williams |m 2ht ha |\; a suggestion if you are not sure
(g) SimStudent avatar (h)Teacher agent, “Mr. Williams™

Fig. 1. Annotated sample screenshot of APLUS



Investigating the Effect of Meta-cognitive Scaffolding for Learning by Teaching 107

student quizzes SimStudent (f), SimStudent attempts to solve quiz problems by apply-
ing learned productions. Mr. Williams, the teacher agent shown in the lower right
corner (h), then summarizes SimStudent’s performance on the quiz. The student can
review the exact solutions made by SimStudent one by one in the tutoring interface.

In the meta-tutor version of APLUS, students can click on Mr. Williams to ask him
for help. The next section explains details about the meta-cognitive help.

2.3  Meta-tutor with Meta-cognitive Help

In a version of APLUS, Mr. Williams performs as a meta-tutor who provides meta-
cognitive help when asked. For the current version, two types of meta-cognitive help
are available: (1) the quiz help suggests to students when to quiz their SimStudent and
explains why (e.g., “It's a good strategy to quiz Mandy, because it would help you to
understand what Mandy already knows. Click the Quiz button.”), and (2) the problem
help suggests to students what problem should be tutored next and explains why (e.g.,
“Since Mandy was wrong on the quiz, you may want to give 4y-8=10 to Mandy.”).

Meta-tutor’s help is thus available only when a problem is completed or a quiz is
done. When the student asks for help by clicking on Mr. Williams, Mr. Williams
shows only one menu item saying, “What am I supposed to do now?” (Figure 1-h);
otherwise, Mr. Williams says, “You should complete the problem.”

We use a model-tracing technique [9] to control the meta-tutor. That is, we have a
(meta)cognitive model of how to tutor SimStudent, written as a set of production
rules. Each production has associated hint messages. A student’s tutoring activities
are model-traced using the (meta)cognitive model so that when the student asks for
help, the meta-tutor can provide just-in-time suggestions. Currently, there are six
production rules: three for quiz and three for problem help.

3 Evaluation Study

3.1  Research Questions and Hypotheses

The goal of the evaluation study was to understand the effect of the meta-cognitive
help provided by the meta-tutor. In particular we address the following two research
questions: (1) Does the meta-tutor providing the quiz and problem help facilitate tutor
learning? (2) If so, how does each type of help affect tutor learning?

We hypothesized that selecting problems based on the quiz results is an effective
strategy, because it allows students to address specific weaknesses of their SimStu-
dent’s learning. Therefore, providing a meta-cognitive hint on problem selection
based on quiz results should facilitate tutor learning—the problem hint hypothesis. To
make the quiz-based problem selection work, students need to quiz SimStudent with
appropriate timing. Thus, we also hypothesized that a meta-cognitive hint on when to
quiz, in combination with the problem hint, should further facilitate tutor learning—
the quiz hint hypothesis.

3.2 Methods

A classroom (in-vivo) study in the normal Algebra I classes at an urban public middle
school in Pittsburgh, Pennsylvania was conducted with assistance of Pittsburgh
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Science of Learning Center. The study was a randomized controlled trial with two
conditions. The Meta-Tutor condition used the version of APLUS with the meta-tutor
described in section 2.3. The baseline condition used the basic version of APLUS,
which also had Mr. Williams but it did not provide the meta-cognitive help.

The study was five 42 minutes classroom periods over five consecutive days. On
the first day, all students took an online pre-test (section 3.4) and then watched the
introduction video available in APLUS. Students were then randomly assigned to a
study condition. On the second through the fourth day, students used the assigned
version of APLUS. On the fifth day, students took an online post-test.

Students were told that their goal was to have SimStudent pass the quiz, and SimS-
tudent must learn how to solve equations with variables on both sides to pass the quiz
(which is also mentioned in the Unit Overview). We will therefore call equations with
variables on both sides as the rarget equation hereafter.

3.3  Participants

One hundred seventy-three (173) 7th through 9th grade students in nine Algebra-I
classes participated in the study. A classroom-level randomization was applied to
eight classes, and a within-class randomization for the remaining class. Out of those
173 students, 151 were present in the class on the first day and took the pre-test, 127
participated all three days for tutoring SimStudent, and 121 took the post-test.

As the result, 112 out of 173 students took both pre- and post-tests and participated
in all three days of tutoring sessions. Those 112 students (53 in the Meta-Tutor condi-
tion and 59 in the Baseline condition) are included in the following data analysis. No
other criteria for inclusion were used.

3.4  Measure

The online test consisted of two parts—Procedural Skill Test and Conceptual Know-
ledge Test. The Procedural Skill Test consisted of three sections: (1) The equation
section had 10 equation problems with four one-step equations, two two-step equa-
tions, and four target equations. (2) The effective next step section had two problems
each showing an equation with four options for a next step: add or subtract a term
from both sides, or multiply or divide both sides by a constant. Students were asked to
indicate whether each option was correct or not. (3) The error detection section had
three problems each showing an incorrect solution for a given equation with multiple
intermediate steps that contained one (and only one) incorrect step. Students were
asked to identify the incorrect step. 53% (8 out of 15) of Procedural Skill Test items
were about the target type of equation (with variables on both sides).

The Conceptual Knowledge Test consisted of 24 true/false items with seven items
asking about variable terms, six items asking about constant terms, six items asking
about like terms, and five items asking about equivalent terms.

After the study, the reliability of the test items was evaluated using Cronbach’s al-
pha. For the Procedural Skill Test, the equation section showed a = .87, the effective
next step section had o = .76, and the error detection section had o = .57. Due to the
low reliability index, we decided to exclude the error detection section from the anal-
ysis (and refer the average of other two sections as the score for the Procedural Skill
Test). For the Conceptual Knowledge Test, o = .89.
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Table 1. Means (and standard deviations) for the Conceptual Knowledge Test (CKT) and the
Procedural Skill Test (PST) by condition

CKT PST
Pre-test Post-test Pre-test Post-test
Baseline 43(.25) .54(.21) .69(.24) T1(.25)
Meta-tutor 43(.30) 49(.22) 71(.23) .78(.19)
Total A43(.27) 52(.21) .70(.24) 74(.23)

In the analysis below, we also used the process data in addition to the learning out-
come data (i.e., test scores). APLUS automatically logged detailed interaction be-
tween the student and the system included the problems used for tutoring, frequency
of quiz, status of the resource and meta-tutor usage, and suggestions from the meta-
tutor, etc. The correctness of steps suggested by SimStudent, and the accuracy of
feedback and hints that students provided to SimStudent were also logged. Cognitive
Tutor Algebra-1 [10] was embedded into the system to compute accuracy of feedback
and hints for the purposes of logging.

4 Results

4.1 Test Scores

Table 1 shows the test scores. For the Procedural Skill Test, there was a reliable con-
dition difference on the post-test scores—a one-way ANCOVA with the pre-test score
as a covariate revealed a statistically significant difference on the post-test; F(1,110) =
3.99, p < 0.05. The effect size, Cohen’s d, was 0.30. A post-hoc analysis revealed that
only the Meta-Tutor condition showed a significant increase from pre- to post-test;
paired-1(52) = -2.96, p < 0.01. No pre- and post-test difference was observed for the
Baseline condition; paired-1(58) = -0.68, p = 0.45.

For the Conceptual Knowledge Test, there was no reliable condition difference ob-
served, but the difference between pre- and post-test scores (when aggregated across
all students in the two conditions) was statistically significant; M, = .43 (SD = 0.27)
vS. M, = .52 (SD = 0.22). A two-way repeated measures ANOVA with test-time
(pre vs. post) as a within-subject variable and condition as a between-subject variable
revealed a main effect of test-time; F(1,110) = 18.32, p <0.001.

4.2  Meta-tutor Help

On average, students in the Meta-Tutor condition (N=53) asked Mr. Williams for help
5.5 times (SD = 7.1). The distribution was very skewed—11 (21%) students did not
ask Mr. Williams at all, while 24 (45%) of students asked up to three times. Data also
showed that different students apparently had different biases on the timing of hint
requests—45% of students did not receive meta-tutor’s message for the problem help
at all, whereas 49% did not receive the message for the quiz help at all.

Despite the surprisingly low frequency of meta-tutor use, there was a reliable dif-
ference on the Procedural Skill post-test between conditions. Since the meta-tutor
only provided quiz help and problem help, we predicted a difference in the way stu-
dents quizzed SimStudent and selected problems to tutor that affected tutor learning.
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A regression analysis showed the number of help asked was not a reliable predictor
of the Procedural Skill post-test score; F(1,50) = 0.05, p = 0.82. The probability of
following meta-tutor’s advice had no correlation with the post-test score either.

On average, students in each condition tutored 32.9+9.7 (Baseline) and 29.8+7.3
(Meta-tutor) problems. The number of problems tutored per se was not a reliable pre-
dictor of the Procedural Skill post-test. However, the type of problems (i.e., one- step,
two-step, and target equations, which are equations with variables on both sides) tu-
tored was a reliable predictor for the Procedural Skill post-test. The percent ratios of
each problem type to all problems tutored were used as independent variables to pre-
dict the Procedural Skill post-test score. All three independent variables turned out to
be statistically reliable predictors: PSTpo = —0.48XPong + 0.99xPrwo + Prgrx0.63 (r2
= 0.93) where PST. means the Procedural Skill post-test score; Pong, Prwo, and
Prgr show the percent of one-step, two-step, and target equations tutored, respective-
ly; for Poxg, F(1,109) = 902.97, p < 0.001; for Prwo, F(1, 109) = 580.20, p < 0.001;
and for Prgr, F(1,109) = 117.98, p < 0.001.

We then hypothesized that the meta-tutor’s advice affected the way students se-
lected problems, and in particular, students in the Meta-Tutor condition made quicker
transitions from one-step equations to more advanced types of equations than
the Baseline students. The data in Figure 2 support our hypothesis. In the figure, we
“ranked” the types of problems that students used for tutoring: the rank is “1” for
one-step equations, “2” for two-step equations, and “3” for target equations. The x-
axis shows the chronological number of problems tutored. The y-axis shows the aver-
age “rank” of the problem tutored aggregated across all students in each condition. As
we hypothesized, the Meta-Tutor condition showed a steeper slope that reached to 2.5
on the 8th problem, meaning that the majority of the students started to tutor target
problems on and then after the 8th problem. On the other hand, it was around the 14th
problem before the Baseline students started tutoring the target problems.

A regression analysis confirmed that our hypothesis was supported. Since two con-
ditions did not reach the 2.5 rank-level in the same way, we computed the regression
slope for the first 8 problems for the Meta-Tutor (MT) condition and the first 15 prob-
lems for the Baseline (BL) condition. The regression analysis revealed a significant
difference between the slopes for the two conditions: Byr = 0.22 vs. fgL = 0.11,
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F(1, 1298) = 33.60, p < 0.001. * = 0.25. The Meta-Tutor students made a quicker tran-
sition from the entry-level problems to the target problems than the Baseline students.

We also examined the effect of quiz help. Since the meta-tutor (if asked) suggested
quizzing SimStudent before tutoring, we hypothesized that the Meta-Tutor (MT) stu-
dents showed a higher probability of starting the tutoring session with quiz than the
Baseline (BL) students. This hypothesis was not supported. There was no difference
in the probability of starting with quiz; Myr = .08 (SD = .07) vs. Mg, = .07 (SD =
.06), 1(107) = 1.98, p = 0.88. We also computed the probability of “appropriate” tutor-
ing actions, which, by definition, is the ratio of selecting problems based on the quiz
results and quizzing after tutoring to all tutoring activities (which the meta-tutor also
suggested upon a request). Again, there was no condition difference in their averages:
My =0.33 (SD =.16) vs. My, = 0.33 (SD = .13), #(104) = 0.22, p = 0.83.

4.3  Accuracy of Tutoring

On average, 70% (SD = 22%) of Hints and 73% (SD = 10%) of Feedback that stu-
dents provided to SimStudent were correct. To measure the overall accuracy of tutor-
ing, we computed the Response Accuracy as 2xHAXFA/(HA+FA), where HA means
the accuracy of Hints and FA means the accuracy of Feedback. The overall mean
Response Accuracy was .70 (SD = .17).

It turned out that the Response Accuracy (RA) was a reliable predictor of the Pro-
cedural Skill post-test score (PST); F(1,109) = 10.7, p = 0.001; even when the PST
pre-test score was controlled; F(1,109) = 56.9, p < 0.001; the model equation PST
= 0.55xPST + 0.34xRA + 0.12 (> = 0.56). The Response Accuracy was also a reli-
able predictor of the Conceptual Knowledge post-test score (CKT); F(1,109) = 30.42,
p < 0.001; even when the CKT pre-test score was controlled; F(1, 109) = 5.55, p <
0.05; the model equation CKT s = 0.40XCKTe + 0.26XRA + 0.16 (r2 =0.41).

4.4  Resource Usage

There was no notable condition difference in the way students used the resources—in
general, students did not use resources as often as we expected. Table 2 shows aver-
age frequency and duration. Example problems were reviewed 29 times on average
per student, but the average total duration on examples was only about 10 seconds per
student. Regression analyses revealed that both frequency and duration of resource
usage were not reliable predictors of the post-test score for the Procedural Skill and
Conceptual Knowledge Tests.

Table 2. Average frequency (top) and duration (bottom) of resource usage

Video Unit Overview Examples
Frequency 2234 4.1 (8.3) 29.3 (33.6)
Duration 7.3s (38.25) 6.6 (11.55) 10.6s (13.1s)
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5 Discussion

The data showed that the ability to tutor the farget problems correctly (operationa-
lized as the ratio of target problems tutored and the response accuracy as shown in
sections 4.2 and 4.3) had a strong predictive power for the Procedural Skill post-test
score, regardless of the availability of the meta-tutor. This finding is a replication of
our previous study [4] that used the same version of APLUS that was used in the con-
trol condition of the current study.

The data also showed that the meta-cognitive help provided by the meta-tutor posi-
tively affected tutor learning. In particular, suggestions provided by the meta-tutor
allowed students to make appropriate transition in tutoring from entry-level equations
to the target equations. This finding supports the previous observation that learning by
teaching is not an automated process, but rather requires careful scaffolding [4].

Despite the meta-tutor’s assistance, many Meta-Tutor students failed to tutor a suf-
ficient number of target equations. Ironically, it might be the case that the lack of
teaching a sufficient number of target equations was due to the advice of the meta-
tutor—since students were not able to manage tutoring the entry-level problems cor-
rectly, their SimStudents did not pass the entry-level quiz sections (i.e., one- and two-
step equations), hence why the meta-tutor kept suggesting to students to continue
teaching those entry level equations.

The challenge for the meta-tutor, therefore, is how to encourage students to teach a
sufficient number of target equations with appropriate accuracy. For those students
who have trouble teaching entry-level equations, the meta-tutor should provide assis-
tance on skills to solve those equations (which are a prerequisite for learning the tar-
get equations). We have recently started to extend the meta-tutor (for our future stu-
dies) to provide cognitive help on feedback and hints that students provide to their
SimStudents. With this extension, when students are not sure about the correctness of
the steps performed by SimStudent, they will be able to ask Mr. Williams if their
judgments are correct (before providing feedback to SimStudent). Additionally, when
students do not know how to perform a next step for which SimStudent asks for help,
students will be able to ask the meta-tutor what they should do next.

The meta-tutor should also encourage students to use resources more often as
needed. For example, when students continue to ask for help on what to do next, then
the meta-tutor might suggest that student should review the unit overview. If students
repeatedly fail to have their SimStudents pass the quiz, then the meta-tutor might
suggest that students should review example problems.

6 Conclusion

We found that the availability of the meta-tutor facilitated tutor learning on procedur-
al skills for solving algebra equations. The data suggested that the meta-cognitive help
given by the meta-tutor positively allowed students to select appropriate problems that
affected both SimStudents’ and hence students’ learning.

Our data suggest that learning by teaching with meta-cognitive tutoring supports
students in employing meta-cognitive skills on how to better tutor their peers that may
not be available in traditional classroom instructions. At the same time, the data also
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suggest that to make learning by teaching more effective, the learning environment
must be carefully designed so that students can tutor their tutees appropriately, which
involves scaffolding both on how to teach (meta-cognitive help) and what to teach
(cognitive help).
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