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Abstract

Tutorial dialogue has been the subject of in-
creasing attention in recent years, and it has
become evident that empirical studies of hu-
man-human tutorial dialogue can contribute
important insights to the design of computa-
tional models of dialogue. This paper reports
on a corpus study of human-human tutorial
dialogue transpiring in the course of problem-
solving in a learning environment for intro-
ductory computer science. Analyses suggest
that the choice of corrective tutorial strategy
makes a significant difference in the outcomes
of both student learning gains and self-
efficacy gains. The findings reveal that tuto-
rial strategies intended to maximize student
motivational outcomes (e.g., self-efficacy
gain) may not be the same strategies that
maximize cognitive outcomes (i.e., learning
gain). In light of recent findings that learner
characteristics influence the structure of tuto-
rial dialogue, we explore the importance of
understanding the interaction between learner
characteristics and tutorial dialogue strategy
choice when designing tutorial dialogue sys-
tems.

Introduction

ber of systems devised to support a broad range of
conversational phenomena. Systems such as
CIrcsIM (Evens and Michael 2006) EBTLE (Zinn

et al. 2002), the Geometry Explanation Tutor
(Aleven et al. 2003), Why2/Atlas (VanLehn et al.
2002), ITSpoke (Litman et al. 2006), SCOT (Pon-
Barry et al. 2006), ProPL (Lane and VanLehn
2005) and AutoTutor (Graesser et al. 2003) support
research that has begun to the see the emergence of
a core set of foundational requirements for mixed-
initiative natural language interaction that ocdars
the kind of tutorial dialogue investigated here.
Moreover, recent years have withessed the appear-
ance of corpus studies empirically investigating
speech acts in tutorial dialogue (Marineau et al.
2000), dialogues’ correlation with learning
(Forbes-Riley et al. 2005, Core et al. 2003, Rasé e
al. 2003, Katz et al. 2003), student uncertainty in
dialogue (Liscombe et al. 2005, Forbes-Riley and
Litman 2005), and comparing text-based and spo-
ken dialogue (Litman et al. 2006).

Recent years have also seen the emergence of a
broader view of learning as a complex process in-
volving both cognitive and affective states. To
empirically explore these issues, a number of ITSs
such as AutoTutor (Jackson et al. 2007), Betty's
Brain (Tan and Biswas 2006), ITSpoke (Forbes-
Riley et al. 2005), M-Ecolab (Rebolledo-Mendez
et al. 2006), and MRE (del Soldato and Boulay

Providing intelligent tutoring systems (ITSs) with1995) are being used as platforms to investigate th
the ability to engage leamers in rich natural larfmpact of tutorial interactions on affective and-mo

guage dialogue has been a goal of the ITS comndirational outcomes (e.g., self-efficacy) alongtwit

nity since the inception of the field.

Tutoria/Purely cognitive measures (i.e., learning gain).

dialogue has been studied in the context of a nuf€ntral problem in this line of investigation iere



tifying tutorial strategies (e.g., Graesser et al. This paper is organized as follows. Section 2
1995) that can appropriately balance the tradeoffiescribes the corpus study, including experimental
between cognitive and affective student outcometesign and tagging of dialogue and student prob-
(Lepper et al. 1993). While a rich set of cogmtivlem-solving actions. Section 3 presents analysis
and affective tutorial strategies is emerging (e.gand results. Discussion and design implications
Porayska-Pomsta et al. 2004), the precise natureawé considered in Section 4, and concluding re-
the interdependence between these types of stratearks follow in Section 5.

gies is not well understood. In addition, it may b

the case that different populations of learners en-

gage in qualitatively different forms of dialogue2 Corpus Study

Students with particular characteristics may have ,
specific dialogue profiles, and knowledge of sucfi® corpus was gathered by logging text-based

profiles could inform the design of tutorial syseemdialogues between tutors and novice computer sci-
whose strategies leverage the characteristicseof {B1C€ Students. The learing task was to complete a
target population. The extent to which differenf@v@ programming problem that required students
tutorial strategies, and specific instances of tiem ©© @Pply fundamental concepts such as iteration,

certain contexts, may be used to enhance tutor[gpdularization, and sequential-access data struc-

effectiveness is an important question to designgig®s- This study was conducted to compare the

of ITSs. impact of certain corrective cognitive and motiva-
Given that human-human tutorial dialogue ofional tutorial strategies on student learning and

fers a promising model for effective communicaSelf-éfficacy in human-human tutoring. ~ Specifi-
tion (Chi et al. 2001), our methodology is to stud;‘??”y’ the s_tudy considered the motivational strate
naturally occurring tutorial dialogues in a task9i€S Of praise and reassurance (Lepper et al. 1993)

oriented learning environment to investigate th@Nd the category of informational tutorial utter-
relationship between the structure of tutorial dig2"CeS termed cognitive feedback (Porayska-Pomsta
logue, the characteristics of learners, and the iit & 2004, Tan and Biswas 2006) that followed
pact of cognitive and motivational correctiveq“?St'onable student problem-solv!ng action. Fol-
tutorial strategies on learning and self-efficac)PWing the approach of Forbes-Riley (2005) and
(Boyer et al. in press). A text-based dialoguerint others (Marineau et al. 2000),_ utterances from a
face was incorporated into a learning environmeGPTPUS Of human-human tutorial dialogues were
for introductory computer science. In the envidnnotated with dialogue acts. Then, adopting the
ronment, students undertook a programming ta§PProach proposed by Ohlisson et al. (2007), statis-
and conversed with human tutors while designin§¢@ modeling techniques were employed to quan-
implementing, and testing Java programs. ify the relative impact of these different tutdria
The results of the study suggest that thecehoiStrategies on the outcomes of interest (in thiecas
of corrective tutorial strategy has a significamt i 1€arning and self-efficacy gains).
pact on the learning gains and self-efficacy of stu
dents. These findings reinforce those of oth
studies (e.g., Lepper et al. 1993, Person et 85,19

Keller et al. 1983) that indicate that some coggiti gypjects were students enrolled in an introductory
and motivational goals may be at odds with ongomputer science course and were primarily
other because a tutorial strategy designed to magisshman or sophomore engineering majors in dis-

mize one set of goals (e.g., cognitive goals) cafjplines such as mechanical, electrical, and com-
negatively impact the other. We contextualize oW ter engineering.

findings in light of recent results that learneach The corpus was gathered from tutor-student
acteristics such as self-efficacy influence theGtr jnteractions between 43 students and 14 tutors dur-
ture of task-oriented tutorial dialogue (Boyer kt ing a two-week study. Tutors and students were
2007), and may therefore produce important integompletely blind to each other's characteristics as
action effects when considered alongside tutorighey worked together remotely from separate labs.
strategy. Tutors observed student problem-solving actions

J1 Experimental Design



(e.g., programming, scrolling, executing programd)ad incorrect code in place. Finally, periods of

in real time. Tutors had varying levels of tutgrin consecutive scrolling were also markgdestion-

experience, and were not instructed about specifible because in a problem whose entire solution

tutorial strategies. fits on one printed page, scrolling was almost uni-
Subijects first completed a pre-survey inclgdinformly undertaken by a student who was confused

items about self-efficacy, attitude toward computeand looking for answers in irrelevant skeleton code

science, and attitude toward collaboration. Sulprovided to support the programming task.

jects then completed a ten item pre-test over spe-

cific topic content. The tutorial session was

controlled at 55 minutes for all subjects, aftef-3 Dialogue Act Tagging

which subjects completed a post-survey and pozé- " icate th h ot
test containing variants of the items on the pr ecause utterances  communicate - fnrough  two

versions channels, a cognitive channel and a motiva-
’ tional/affective channel, each utterance was
annotated with both a required cognitive dialogue
2.2 Problem-Solving Tagging tag (Table 1) and an optional motiva-
tional/affective dialogue tag (Table 2). While no
The raw corpus contains 4,864 dialogue movesingle standardized dialogue act tag set has been
1,528 student utterances and 3,336 tutor utterancifentified for tutorial dialogue, the tags applied
As a chronology of tutorial dialogue interleavechere were drawn from several schemes in the tuto-
with student problem-solving (programming) acrial dialogue and broader dialogue literature. A
tions that took place during the tutoring sessiongoding scheme for tutorial dialogue in the domain
the corpus contains 29,996 programming keyf qualitative physics influenced the creation o t
strokes and 1,277 periods of scrolling — all petag set (Forbes-Riley et al. 2005), as did the-four
formed by students.  Other problem-solvingategory scheme (Marineau et al. 2000). A more
actions, such as opening and closing files or ruexpansive general dialogue act tag set also centrib
ning the program, were sparse and were therefareed commonly occurring acts (Stolcke et al.
eliminated from the analyses. Of the 3,336 tut@000). The motivational tags were drawn from
utterances, 1,243 occur directly after “questiorwork by Lepper (1993) on motivational strategies
able” student problem-solving action. (The notiomf human tutors.
of “questionable” is defined below.) This subseto Table 1 displays the cognitive subset of this
tutorial utterances serves as the basis for the tutlialogue act tag set, while Table 2 displays the mo
rial strategy comparison. tivational/affective tags. It should be noted that
Student problem-solving actions were loggedognitive tag was required for each utterance,
throughout tutoring sessions. Two actions werghile a motivational/affective tag was applied only
under consideration for the analysis: typing i@ thto the subset of utterances that communicated in
programming interface and scrolling in the prothat channel. If an utterance constituted a $trict
gram editor window. To interpret the raw loggednotivational/affective act, its cognitive channel
student problem-solving actions, these events wekgs tagged with EX (EXtra-domain) indicating
automatically tagged using a heuristic measure feiere was no relevant cognitive content. On the
correctness: if a problem-solving action was a pr@ther hand, some utterances had both a cognitive
gramming keystroke (character) that survived untdomponent and a motivational/affective compo-
the end of the session, this event was taggeth- nent. For example, a tutorial utterance of, “That
ising, to indicate it was probably correct. If a probtooks great!” would have been tagged as positive
lem-solving act was a programming keystrok¢eedback (PF) in the cognitive channel, and as
(character) that did not survive until the endia# t praise (P) in the motivational/affective channki.
session, the problem-solving act was taggees- contrast, the tutorial move “That’s right,” woule b
tionable Both these heuristics are based on thagged as positive feedback (PF) in the cognitive
observation that in this tutoring context, studentshannel and would not be annotated with a motiva-
solved the problem in a linear fashion and tutonsonal/affective tag. Table 3 shows an excerpt
did not allow students to proceed past a step thfadbm the corpus with dialogue act tags applied.



Cognitive Channel Acts

Act

Table 1: Cognitive Channel Dialogue Acts

Description

Average Count Per Session
(Standard Deviation)

Tutor and Student
Example Utterances

Student

Tutor

Question (Q)

Evaluative
Question (EQ)

Statement (S)

Acknowledgement

(ACK)

Extra Domain (EX)

Positive
Feedback (PF)

Lukewarm
Feedback (LF)

Negative
Feedback (NF)

Questions about goals to
pursue, domain concepts,
etc.

Questions that explicitly
inquire about student
knowledge state or
correctness of problem-
solving action.

Declarative assertion.

Positive acknowledgement
of a previous statement.

A statement not related to
the computer science
discussion.

Unmitigated positive
feedback regarding problem
solving action or student
knowledge state.

Partly positive, partly
negative feedback
regarding student problem
solving action or student
knowledge state.

Negative feedback
regarding student problem
solving action or student
knowledge state.

“Where should we start?”
“How do | declare an
array?”

“Do you know how to
declare an array?”
“Is that right?”

“You need a closing
bracket there.”

“I am looking for where this
method is declared.”

“Okay.” or “Yeah.”
“Alright.”

“Hello” or “You’re Welcome”

“Can | use my book?”

“Yes, | know how to
declare an array.”
“That is right.”

“Sort of.”
“You’re close.” or “Well,
almost.”

“No.”
“Actually, that won’t work.”

6.5
(4.2)

9.7
(7.1)

4.9
@.1)

3.8
(5.0)

1.0
(2.1)

2.7
(2.5)

0.7
(1.2)

2.1
(1.8)

0.6
(0.8)

7.0
(5.0)

46.2
(21.0)

2.5
(1.9)

12.0
(7.6)

The entire corpus was tagged by a single hum3n Analysis and Results
annotator, with a second tagger marking 1,418 of _ ' _
the original 4,864 utterances. The resulting kapgaverall, these tutoring sessions were effective:

statistics were 0.76 in the cognitive channel arifiey yielded learning gains (difference between
posttest and pretest) with mean 5.9% and median

0.64 in the motivation channel.

7.9%, which were

statistically

significant

(p=0.038), and they produced self-efficacy gains



Table 2: Motivational/Affective Channel Dialoguet@

| (difference between pre-survey and post-surveyere predictors in the model. The binarization
scores) with mean 12.1% and median 12.5%pproach followed by multiple logistic regression
which  were also statistically significantwas chosen over multiple linear regression on a
(p<0.0001). Analyses revealed that statisticallgontinuous response variable because the learning
significant relationships hold between tutorialnstruments (10 items each) and self-efficacy ques-
strategy and learning, as well as between tutoriibnnaires (5 items each) yielded few distinct val-
strategy and self-efficacy gains. ues of learning gain, meaning the response variable
(learning gain and self-efficacy gain, respectiyely
would not have been truly continuous in nature.
3.1 Analysis Logistic regression is used for binary response

. . . .___variables; it computes the odds of a particular out
First, the values of learning gain and self-efficac P P

gain were grouped into binary categories (“Low”Come over another (e.g., “Having high leaming

AN ; ain versus low learning gain”) given one value of
H'gh ) ba_sed on thf median v_alue. _We then "?‘qqhe predictor variable over another (e.g., “The cor
plied multiple logistic regression with the gain

) . rective tutorial strategy chosen was positive cogni
category as the predicted value. Tutorial strate 9y P g

) ; : . Wve feedback instead of praise”).
incoming self-efficacy rating, and pre-test score



Table 3: Dialogue Excerpts

3.2 Results self-efficacy gain does not appear to be impacted
either way
After accounting for the effects of pre-test score Among students with low incoming self-
and incoming self-efficacy rating (both of whichefficacy, observations in which the tutor employed
were significant in the model with<0.001), ob- 3 standalone motivational act were 300% as likely
servations containing tutorial encouragement wegg pe in the high self-efficacy gain group as obser
56% less likely to result in high learning gainfthayations in which the tutor employed a purely cog-
observations without explicit tutorial encouragenitive statement or a cognitive statement combined
ment 0=0.001). On the other hand, an analogougith encouragemenp€0.039). In contrast, among
model of self-efficacy gain revealed that tutoriakyydents with high initial self-efficacy, a purely
encouragement was 57% more likely to result imotivational tactic resulted in 90% lower odds of
high self-efficacy gain compared to tutorial repeing in the high self-efficacy gain group. These
sponses that had no explicit praise or reassuranegits suggest thatandalone praise or reassur-
(p=0.054). These models suggested thatpres- ance may be useful for increasing self-efficacy
ence of tutorial encouragement in response tgain among low initial self-efficacy students, but
questionable student problem-solving action mayay decrease self-efficacy gain in high initiaffsel
enhance self-efficacy gain but detract from learnefficacy students.
Ing gain Considering strictly cognitive feedback, posi-
Another significant finding was that observative feedback resulted in 190% increased odds of
tions in which the tutor used COgnitive feedbaChigh student Se|f-efficacy gain Compared to the
plus praise were associated with 40% lower likeligther cognitive strategiesp£0.0057).  Positive
hood of high learning gain than observations iBognitive feedback did not differ significantly fro
which the tutor used purely cognitive feedbacksther types of cognitive strategies in a Chi-square
No impact was observed on self-efficacy gaircomparison with respect to learning gains
These results suggest that in response to questigh=0.390). The models thus suggest when dealing
able student problem-solving actioty achieve jth questionable student problem-solving action,
learning gains, purely cognitive feedback is prepositive cognitive feedback is preferable to other
ferred over cognitive feedback plus praise, whilfypes of cognitive feedback for eliciting self-
efficacy gains, but this type of feedback is not



found to be better or worse than other cognitivetudents made more declarative statements, or as-
feedback for effecting learning gains sertions, than low self-efficacy students. In addi
tion, tutors paired with high self-efficacy student

_ _ gave more conversational acknowledgments than
4 Discussion tutors paired with low self-efficacy students, de-

] _spite the fact that tutors were not made aware of
The study found that the presence of direct tutorigny |eamer characteristics before the tutoring ses

praise or encouragement in response to questiQfisn - additional dialogue profile differences
able student problem-solving action increased ”@?nerged between high and low-performing stu-

odds that the student reported high self-efficagyonts” as well as between males and females. To-
gain while lowering the odds of high learning 9aiNgether these two studies suggest that learner

The study also found that, with regard to learningp,racteristics influence the structure of tutorial
gains, purely cognitive feedback was preferable {§50gue, and that the choice of tutorial strategy

cognitive feedback with an explicitly motivationalmay impact student subgroups in different ways.
component. These empirical findings are consis-

tent with theories of Lepper et al. (1993) who
found that some cognitive and affective goals i5 Conclusion
tutoring are “at odds.” As would be predicted, the
results also echo recent quantitative results froirhe work reported here represents a first step to-
other tutoring domains such as qualitative physiagard understanding the effects of learner charac-
(Jackson et al. 2007) and river ecosystems (T&eristics on task-oriented tutorial dialogue and th
and Biswas 2006) that, in general, overt motivaise of feedback. Results suggest that positive cog
tional feedback contributes to motivation but cognritive feedback may prove to be an appropriate
nitive feedback matters more for learning. strategy for responding to questionable student
Of the corrective tutorial strategies thatreve problem-solving actions in task-oriented tutorial
exhibited in the corpus, positive cognitive feedsituations because of its potential for addressing
back emerged as an attractive approach for rére sometimes competing cognitive and affective
sponding to plausibly incorrect student problemaeeds of students. For low self-efficacy students,
solving actions. Responding positively (e.gwas found that direct standalone encouragement
“Right”) to questionable student actions is an exzan be used to bolster self-efficacy, but care must
ample of indirect correction, which is recognizede used in correctly diagnosing student self-
as a polite strategy (e.g., Porayska-Pomsta et efficacy because the same standalone encourage-
2004). A qualitative investigation of this phe-ment does not appear helpful for high self-efficacy
nomenon revealed that in the corpus, tutors genatudents. These preliminary findings highlight the
ally followed positive feedback in this context it importance of understanding the interaction be-
more substantive cognitive feedback to address ttveeen learner characteristics and tutorial strategy
nature of the student’s error. As such, the pasiti as it relates to the design of tutorial dialogus-sy
feedback approach seems to have an implicit, yietms.
perceptible, motivational component while retain- Several directions for future work appear prom
ing its usefulness as cognitive feedback. ising. First, it will be important to explore tlie-
This study found that explicit motivational sct fluence of learner characteristics on tutorial
when applied as corrective tutorial approaches, hdihlogue in the presence of surface level informa-
different impacts on different student subgroupsion about students’ utterances. This line of gve
Students with low initial self-efficacy appeared tdigation is of particular interest given recentules
benefit more from praise and reassurance than sindicating that lexical cohesion in tutorial dialeyg
dents with high initial self-efficacy. In a prioeor- with low-performing students is found to be highly
pus study to investigate the impact of learnagorrelated with learning (Ward and Litman 2006).
characteristics on tutorial dialogue (Boyer et alSecond, while the work reported here has consid-
2007), we also found that learners from differergred a limited set of motivational dialogue acts,
populations exhibited significantly different dia-namely praise and reassurance, future work should
logue profiles. For instance, high self-efficacyarget an expanded set of affective dialogue acts t



facilitate continued exploration of motivationaldan Vincent Aleven, Bruce McLaren, Ido Roll, and Kertnet
affective phenomena in this context. Finally, the Koedinger. 2004. Toward tutoring help seeking:
current results reflect human-human tutoring APPlYing cognitive modeling to meta-cognitive
strategies that proved to be effective; however, it SKilIS- J. C. Lester, R. M. Vicari, and F. Paragua
remains to be seen whether these same strategiegEdS')’ProceeoIIngS of the 7th International Confer-

. . . ence on IntelligenfTutoring Systemspp. 227-239.
can be successfully employed in tutorial dialogue gg i Springer Verlag.

systems. Continuing to identify and empiricallynpert Bandura. 2006. Guide for constructing self
compare the effectiveness of alternative tutorial efficacy scales. T. Urdan and F. Pajares (E&)-

strategies will build a solid foundation for choos- Efficacy Beliefs of Adolescentsp. 307-337. Infor-
ing and implementing strategies that consider mation Age Publishing, Greenwich, Connecticut.
learner characteristics and successfully balanee tilichelene T. H. Chi, Nicholas De Leeuw, Mei-Hung
cognitive and affective concerns surrounding the Chiu, and Christian LaVancher. 1994. Elicitingfse
complex processes of teaching and learning explanations improves understandirgognitive Sci-

through tutoring. ence 18:439-477. : . .
9 9 Michelene T. H. Chi, Stephanie A. Siler, Heisawn
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