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Abstract. Betty's Brain is a teachable agent system in thmain of river eco-
systems that combines learning by teaching andregifiation strategies to
promote deep learning and understanding. Scaffolttee form of hypertext re-
sources, a Mentor agent, and a set of quiz questielp novice students learn
and self-assess their own knowledge. The computtiarchitecture is imple-
mented as a multi-agent system to allow flexiblé smxcremental design, and to
provide a more realistic social context for int¢i@ts between students and the
teachable agent. An extensive study that compimes versions of this sys-
tem: a tutor only version, learning by teachingd dearning by teaching with
self-regulation strategies demonstrates the effectiss of learning by teaching
environments, and the impact of self-regulatioatsgies in improving prepara-
tion for learning among novice learners.

1 Introduction

Advances in computer technology have facilitateel development of sophisticated
computer-based Intelligent Tutoring Systems (IT) The ITS paradigm is problem-
based, and has been very successful in developieg tore technologies: curriculum
sequencing, intelligent analysis of student's gmhst and interactive problem solving
support [2]. At the same time, these systems peolodalized feedback, and do not
emphasize practicing higher-order cognitive skiiscomplex domains, where prob-
lem solving requires active decision-making tolsatning goals and to apply strate-
gies for achieving these goals. Our goal has beéntioduce effective learning para-
digms that advance the state of the art in comghased learning systems and support
students’ abilities to learn, even after they ledke computer environment. To
achieve this, we have adoptedearning by teachingparadigm where students teach
computer agents. This paper discusses the desdymgplementation of a teachable
agent system, Betty’s Brain, and reports the resaflan experiment that manipulated
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the metacognitive support students received whachtag the agent to determine its
effects on the students’ abilities to subsequdatiyn new content several weeks later.

Studies of expertise have shown that knowledge sneetie connected and organ-
ized around important concepts, and these structheuld support transfer to other
contexts. Other studies have established that imagrtearning happens when the stu-
dents take control of their own learning, developtanognitive strategies to assess
what they know, and acquire more knowledge where@eThus the learning process
must help students build new knowledge from existkmowledge (constructivist
learning), guide students to discover learning ofymities while problem solving
(exploratory learning), and help them to definedésy goals and monitor their pro-
gress in achieving them (metacognitive strategies).

The cognitive science and education research titeraupports the idea that teach-
ing others is a powerful way to learn. Researcheriprocal teaching, peer-assisted
tutoring, small-group interaction, and self-expléom hint at the potential of learning
by teaching [3,4]. The literature on tutoring h&®wn that tutors benefit as much
from tutoring as their tutees [5]. Biswas et al] [6port that students preparing to
teach made statements about how the responsibiliieach forced them to gain
deeper understanding of the materials. Other stadecused on the importance of
having a clear conceptual organization of the nglter

Teaching is a problem solving activity [7]. Leargiby-teaching is an open-ended
and self-directed activity, which shares a numifect@mracteristics with exploratory
and constructivist learning. A natural goal foreetive teaching is to gain a good un-
derstanding of domain knowledge before teaching d@thers. Teaching also includes
a process for structuring knowledge in communicdtten, and reflecting on interac-
tions with students during and after the teachask {5]. Good learners bring struc-
ture to a domain by asking the right questionsewetbp a systematic flow for their
reasoning. Good teachers build on the learnersivladge to organize information,
and in the process, they find new knowledge orgditins, and better ways for inter-
preting and using these organizations in problelvirgptasks. From a system design
and implementation viewpoint, this brings up ariasting question: “How do we de-
sign learning environments based on the learningaghing paradigm?” This has led
us to look more closely at the work on pedagogicel intelligent agents as a mecha-
nism for modeling and analyzing student-teacherattion.

2 Learning by Teaching: Previous Work

Intelligent agents have been introduced into le@r@invironments to create better and
more human-like support for exploratory learningl @ocial interactions between tu-
tor and tutee [8,9]. Pedagogical agents are defise¢@dnimated characters designed to
operate in an educational setting for supporting fatilitating learning” [8]. The
agent adapts to the dynamic state of the learningga@ment, and it makes the user
aware of learning opportunities as they arise, maghuman mentor can. Agents use
speech, animation, and gestures to extend thetitnaali textual mode of interaction,
and this may increase students’ motivation and gagent. They can gracefully com-



bine individualized and collaborative learning, dpowing multiple students and their
agents to interact in a shared environment [10)wéler, the locus of control stays
with the intelligent agent, which plays the roletloé teacher or tutor.

Recently, there have been efforts to implementi¢hening by teaching paradigm
using agents that learn from examples, advice,expthnations provided by the stu-
dent-teacher [11]. A primary limitation of thesesgms is that the knowledge struc-
tures and reasoning mechanisms used by the agenbamade visible to the student,
therefore, they find it difficult to uncover, anab; and learn from their interactions
with the agent. Moreover, some of the systems geweiutcome feedback or no feed-
back at all. It is well known that outcome feedbé less effective in supporting
learning and problem solving thangnitive feedbackL2].

On the positive side, students like interactinghwihese agents. Some studies
showed increased motivation but it was not cleat this approach helped achieve
deep understanding of complex domain material. \Ales fradopted a new approach to
designing learning by teaching environments thapetts constructivist and explora-
tory activities, and at the same time suggestsuiee of metacognitive strategies to
promote learning that involves deep understandimpteansfer.

3 A New Approach: Betty's Brain

Betty’s Brain provides important visual structutbat are tailored to a specific form
of knowledge organization and inference to helgshihe thinking of théearner-as-
teacher In general, our agents try to embody four pritespof design: (i) they teach
through visual representations that organize tlasaeing structures of the domain;
(ii) they build on well-known teaching interactiots organize student activity; (iii)
they ensure the agents have independent performanaeprovide feedback on how
well they have been taught, and (iv) they keepstaet-up costs of teaching the agent
very low (as compared to programming). This ocdoysonly implementing one
modeling structure with its associated reasoninghaeisms.

Betty's Brain makes her qualitative reasoning Vesithrough a dynamic, directed
graph called @oncept majl3]. The fact that the TA environments reprederawl-
edge structures rather than the referent domaéndsparture from many simulation-
based learning environments. Simulations ofterwstie behavior of a process, for
example, how an algal bloom increases the deaffislof On the other hand, TAs
simulate the behavior of a person’s thoughts abaystem. Learning empirical facts
is important, but learning to use the expert stmgtthat organizes those facts is
equally important. Therefore, we have structureel dgents to simulate particular
forms of thought that help teacher-students stradheir thinking about a domain.

Betty's Brain is designed to teach middle schootlshts about the concepts of in-
terdependence and balance in river ecosystemg|[&;it4 1 illustrates the interface of
Betty's Brain. Students explicitly teach Betty, ngitheTeach ConcepfTeach Link
and Edit buttons to create and modify their concept mapbéntop pane of the win-
dow. Once taught, Betty can reason with her knogéeand answer questions. Users
can formulate queries using thek button, and observe the effects of their teaching



by analyzing Betty’s answers. Betty provides exateoms for her answers by depict-
ing the derivation process using multiple modaditieext, animation, and speech.
Betty uses qualitative reasoning to derive her answo questions through a chain of
causal inferences. Details of the reasoning andaeafion mechanisms in Betty's

Brain are presented elsewhere [15].

Figure 1: Betty’s Brain

The visual display of the face with animation ie tower left is one way in which
the user interface attempts to provide engagenrehhtivation to users by increas-
ing social interactions with the system. We shalédify that Betty does not use ma-
chine learning algorithms to achieve automatedniagr Our focus is on the well-
defined schemas associated with teaching that suppprocess of instruction, as-
sessment, and remediation. These schemas helpizegdndent interaction with the
computer.

To accommodate students who are novices in the iddnawledge and in teach-
ing, the learning environment provides a numbesazffolds and feedback mecha-
nisms. The scaffolds are in the form of well-orgaui online resources, structured
quiz questions that support users in systematitaiilging their knowledge, and Men-
tor feedback that is designed to provide hints omain concepts along with strate-
gies on how to learn and how to teach. We adotitedramework okelf-regulated
learning, described by Zimmerman [16] as situations wherdesits are rhetacogni-
tively, motivationally, and behaviorally participenin their own learning process.
Self-regulated learningtrategies involve actions and processes that egndne to
acquire knowledge and develop problem-solving sKill7]. Zimmerman describes a
number of self-regulated learning skills that imtdugoal setting and planning, seeking
information, organizing and transforming, self-ceqsating, keeping records and
monitoring, and self-evaluation. We redesigned dharacteristics of both Betty and
the Mentor agent to help users develop these siglthey teach and learn.



This has produced a number of unique charactegigtithe learning environment.
For example, when a student begins the teach fiiyasenstructing the initial concept
map, both the Mentor and Betty make suggestionslibastudenset goalson what to
teach, and make efforts to gain the relevant knogéeby studying the river ecosys-
tem resources. The Mentor continues to emphaleeeiading and understanding of
resources, whenever students have questiomowanto improve their learning The
user is given the opportunity gvaluate her knowledgehile studying. If she is not
satisfied with her understanding, she magk further informatioby asking the Men-
tor for additional help. While teaching, the stutlas teacher can interact with Betty
in many ways, such as asking her questigogiying, and getting her to talguizzes
to evaluate her performance. Users are given aceht predict how Betty will an-
swer a question so they can check what Betty lebagainst what they were trying to
teach.

Some of the self-regulation strategies manifesbubh Betty’s persona. These
strategies make Betty more involved during thelgattase, and drive her interactions
and dialog with the student. For example, duringcept map creation, Betty sponta-
neously tries to demonstratbains of reasoningand the conclusions she draws from
this reasoning process. She may query the user,samgtimes remark (right or
wrong) that an answer she has derived does not seemke sense. This is likely to
make users reflect on what they are teaching, anthps, like good teachers they will
assess Betty's learning progress more often. Adrdimes, Betty will prompt the user
to formulate queriedo check if her reasoning with the concept mapipces correct
results. There are situations when Betty emphdficafuses to take a quiz because
she feels that she haet been taught enougbr that the student has not given sef-
ficient practice by asking querié®fore making her take a quiz.

After Betty takes a quiz offered by the Mentor @gshe discusses the results with
the user. Betty reports: (i) her view of her perfance on the particular quiz, and if
her performance has improved or deteriorated flwridst time she took the quiz, and
(ii) the Mentor's comments on Betty's performancetihe quiz, such asHi, I'm
back. I'm feeling bad because | could not answeneauestions in the quiz. Mr.
Davis said that you could ask him more about rieep-system$The Mentor agent’s
initial comments are general, but they become repeeific (You may want to study
the role of bacteria in the rive)'if errors persist, or if the student seeks furthelp.
Specific mentor feedback explaioBains of eventt help students better understand
Betty’'s reasoning processes. The online resouneesteuctured to make explicit the
concepts of interdependence and balance. A hypeirtg{ementation and an ad-
vanced keyword search technique provide easy ate@s®rmation.

Overall, we believe that the introduction of selfulation strategies provides the
right scaffolds to help students learn about a dexndomain, while also developing
metacognitive strategies that promote deep undetistg, transfer, and life-long
learning. All this is achieved in an exploratorywieanment, with the student primarily
retaining the locus of control. Only when the stidseems to be hopelessly stuck,
does the Mentor intervene with specific help.



4 A Computational Architecture for Betty’s Brain

With time, as we refined the system, it becamerdieat an incremental, modularized
design strategy was required to keep to a minimherchanges to be made to the code
as and when we felt the need to further refinesystem. We turned to multi-agent
architectures to achieve this goal. The currentiraglent architecture in Betty’s Brain
is organized into four agents: the teachable adastty, the mentor agent, Mr. Davis,
and two auxiliary agents, the student agent ancethiironment agent. The last two
agents help achieve greater flexibility by makibgasier to update the scenarios in
which the agents operate without having to recb@ecommunication protocols. The
student agent represents the interface of the istudacher into the system. It pro-
vides facilities that allow the user to manipulatevironmental functions and to teach
the teachable agent.

All agents interact through the Environment Agemitich acts as a “Facilitator.”
This agent maintains information about the othem#gyand the services they provide.
When an agent sends a request to the EnvironmesitAg decomposes the request if
different parts are to be handled by different &g@amd sends them to the respective
agents, and translates the communicated informatiomatch an agent’s vocabulary.

A variation of the FIPA ACL agent communication daage [18] is used for agent
communication. Each message sent by an agent nsratalescription of the message,
message sender, recipient, recipient class, andachel content of the message.
Communication is implemented using a Listener fat®, where each agent listens
only for messages from the Environment Agent ardBhvironment Agent listens for
messages from all other agents.

The system is implemented using a generic agehitacture shown in Fig. 2. Each
agent has a Monitor, Decision Maker, Memory, andEaecutive. The Monitor listens
for events from the environment, and using a pattexcker, converts them to the ap-
propriate format needed by the agent. The decisiaker, the agent’s brain, contains
two components: theeasonerand theemotion generatort performs reasoning tasks
(e.g., answering questions) and updates on the stahe agent. The Executive posts

Decision Maker _
Monitor Executive
— — Agent View
Pattern Tracker Agent Reasoner J e

Agent Emotions

Environment Agent

Figure 2: Agent Cimponent



multimedia (speech, text, graphics, animation) rimiation from an agent to the envi-
ronment. This includes the agent's answer to atigne€xplanation of an answer and
other dialog with the user. The Executive is mageofi Agent Speech and Agent
View, which handle speech and visual communicatiespectively.

5 Experiments

An experiment was designed for fifth graders inashille school to compare three
different versions of the system. The version lehias system (ITS) did not involve
any teaching. Students interacted with the meor Davis, who asked them to con-
struct concept maps to answer three sets of questopms. The quiz questions were
ordered to meet curricular guidelines. When sttglenbmitted their maps for a quiz,
Mr. Davis, the pedagogical agent, provided feeddzacked on errors in the quiz an-
swers, and suggested how the students may colreictdoncept maps to improve
their performance. The students taught Betty inviision 2 and 3 systems. In the
version 2 (LBT) system, students could ask Bettiat@ a quiz after they taught her,
and the mentor provided the same feedback as ifiTBesystem. Here the feedback
was given to Betty because she took the quiz. ®rsian 3 (SRL) system had the
new, more responsive Betty with self-regulationdedr (section 3), and a more ex-
tensive mentor agent, who provided help on hoveazlh and how to learn in addition
to domain knowledge. But this group had to exgligifuery Mr. Davis to receive any
feedback. Therefore, the SRL condition was sebugetelop more active learners by
promoting the use of self-regulation strategiese TFS condition was created to con-
trast learning by teaching environments from tutgrenvironments. The two other
groups, LBT and SRL, were told to teach Betty aalp ther pass a test so she could
become a member of the school Science club. Bathpgr had access to the query
and quiz features. All three groups had accesddntical resources on river ecosys-
tems, the same quiz questions, and the same docdbssMentor agent, Mr. Davis.

The two primary research questions we set out $ovanwere:

1. Are learning by teaching environments more #&ffecin helping students to
learn independently and gain deeper understandindomain knowledge than peda-
gogical agentsMore specifically, would LBT and SRL students gaibetter under-
standing of interdependence and balance amongntitee® in river ecosystems than
ITS students? Further, would SRL students demadestieeper understanding and
better ability in transfer, both of which are hadlrks of effective learning?

2. Does self-regulated learning enhance learnindearning by teaching environ-
ments?Self-regulated learning should be an effective raark for providing feed-
back because it promotes the development of highdar cognitive skills [17] and it
is critical to the development of problem solvirgjligy [13]. In addition, cognitive
feedback is more effective than outcome feedbackdérision-making tasks [10].
Cognitive feedback helps users monitor their lesgmeeds (achievement relative to
goals) and guides them in achieving their learrabgectives (cognitive engagement
by applying tactics and strategies).



Experimental Procedure

The fifth grade classroom in a Nashville Metro sahweas divided into three equal
groups of 15 students each using a stratified samphethod based on standard
achievement scores in mathematics and languagestlidents worked on a pretest
with twelve questions before they were separatetyoduced to their particular ver-
sions of the system. The three groups worked fodStminute sessions over a period
of three weeks to create their concept maps. Alugs had access to the online re-
sources while they worked on the system.

At the end of the six sessions, every student togost-test that was identical to
the pretest. Two other delayed posttests were atedwabout seven weeks after the
initial experiment: (i) anemory testwhere students were asked to recreate their eco-
system concept maps from memory (there was nodreiptervention when perform-
ing this task), and (ii) areparation for future learning transfer testhere they were
asked to construct a concept map and answer gunestlwout the land-based nitrogen
cycle. Students had not been taught about thegeitraycle, so they would have to
learn from resources during the transfer phase.

In this study, we focus on the results of the twetagled tests, and the conclusions
we can draw from these tests on the students’ilgaprocesses. As a quick review of
the initial learning, students in all conditionspraved from pre- to posttest on their
knowledge of interdependenqeg<.01, paired T-tests), but not in their understagdin
of ecosystem balance. There were few differencesdas conditions in terms of the
quality of their maps (the LBT and SRL groups hdukter grasp of the role of bacte-
ria in processing waste at posttest). However etlhregre notable differences in their
use of the system during the initial learning phase

Queries composed

Resource requests Quizzes requested

Figure 3: Resource Requests, Queries Composedaiades Requested per session

Fig. 3 shows the average number of resource, qaed/quiz requests per session
by the three groups. It is clear from the plotd tha SRL group made a slow start as
compared to the other two groups. This can priméd attributed to the nature of the
feedback; i.e., the ITS and LBT groups receivedciigecontent feedback after a
quiz, whereas the SRL group tended to receive meneric feedback that focused on
self-regulation strategies. Moreover, in the SRhdition, Betty would refuse to take
a quiz unless she felt the user had taught hergénand prepared her for the quiz by
asking questions. After a couple of sessions the &Rup showed a surge in map
creation and map analysis activities, and thealftoncept maps and quiz perform-
ance were comparable to the other groups. It seSRL group spent their first few
sessions in learning self-regulation strategies,dnece they learned them their per-
formance improved significantly. Table 1 presetts imean number of expert con-
cepts and expert causal links in the student mapthé delayed memory test. Results
of an ANOVA test on the data, with Tukey's LSD t@ka pairwise comparisons



showed that the SRL group recalled significantlyreniinks that were also in the ex-
pert map (which nobody actually saw).
Table 1: Results of the Memory Test

Student Map SRL LBT ITS
Included: Mean (se) Mean (se) Mean (se)
Expert Concepts 6.1.6) 6.4 (.5) 5.8 (.6)
Expert Causal Links 323(.6) 1.7 (.6) 2.0 (.6)

2 Significantly greater than LBTh < .05;

We thought that the effect of SRL would not bertgpiove memory, but rather to
provide students with more skills for learning sedpsently. Wherone looks at the
results of the transfer task in the test on prejmardor future learning, the differences
between the SRL group and the other two groupsigréficant. Table 2 summarizes
the results of the transfer test, where studerad resources and created a concept
map for the land-based nitrogen cycle with vetjelibelp from the Mentor agent (and
which they had not studied previously). The Memtgent's only feedback was on the
correctness of the answers to the quiz questiotidh#ee groups received the same
treatment. There are significant differences in taenber of expert concepts in the
SRL versus ITS group maps, and the SRL group lgrdfisiantly more expert causal
links than the LBT and ITS groups. The effectsesching self-regulation strategies
had an impact on the students’ abilities to leanewa domain.

Table 2: Results of the Transfer Study

. SRL LBT ITS
Student Map Included: Mean (sd) Mean (sd) Mean (sd)
Expert Concepts 62 (.6) 52 (.5) 4.1 (.6)
Expert Causal Links 11 (.3) 0.1 (.3) 0.2 (.3)

3 Significantly greater than IT$,< .05;” Significantly greater than LB < .05

6 Conclusions

The results demonstrate the significant positifieot$ of SRL strategies in under-
standing and transfer in a learning by teachingrenment. We believe that the dif-
ferences between the SRL and the other two grogpsgdvhave been even more pro-
nounced if the transfer test study had been coreducver a longer period of time.
Last, we believe that the concept map and reasmthgmes have to be extended to
include temporal reasoning and cycles of behawoffacilitate students’ learning
about the concept of balance in ecosystems.
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