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Intelligent tutoring systems have been successful at increasing student mathematics
learning, but may be further improved with the addition of collaborative activities. We
have extended the Cognitive Tutor Algebra, a successful intelligent tutoring system for
individual learning, with a reciprocal peer tutoring activity designed to increase concep-
tual learning. While using our peer tutoring environment, students take on tutor and
tutee roles, and engage in both problem-solving actions and dialogue. In a classroom
study, we randomly assigned 62 participants to three conditions (adaptive assistance
to peer tutoring, fixed assistance to peer tutoring, and individual learning). All condi-
tions yielded significant learning gains, but there were no differences between conditions
in final outcomes. There were significant process differences, however. We assessed stu-
dent interaction using problem-solving information logged by the intelligent tutoring
system and collaborative dialogue captured in a chat window. Our analysis integrated
these multiple data sources in order to better understand how collaborative dialogue
and problem-solving actions might lead to conceptual learning. This rich data sheds
light on how students benefitted from the reciprocal peer tutoring activity: Peer tutors
learned when they reflected on tutee problem-solving actions, and tutees learned when
the tutor’s help was responsive to those actions.
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1. Introduction

In order to improve mathematical problem-solving skills, it is important to increase
student conceptual understanding, which is crucial for the transfer of learned skills
to new problems (e.g. Rittle-Johnson, & Alibali, 1999). In our work, we combine
two different interventions in an attempt to improve student conceptual math learn-
ing: intelligent tutoring systems and computer-supported collaboration. Intelligent
tutoring systems are systems that compare student actions to a domain model in
order to provide context-sensitive help on problem-solving steps or solutions and
adapt instructional activities to student needs (VanLehn, 2006). Intelligent tutors,
like the Cognitive Tutors developed at Carnegie Mellon University, have been suc-
cessful at increasing math learning in the classroom by approximately one standard
deviation over traditional instruction (Koedinger, Anderson, Hadley, & Mark, 1997).
However, the impact of these systems still falls short of the effects achieved by expert
human tutors (Bloom, 1984). Augmenting intelligent tutoring systems with activi-
ties that encourage monitoring and elaboration such as self-explanation (e.g. Aleven,
& Koedinger, 2002; Weerasinghe, & Mitrovic, 2006), reflection (e.g. Mitrovic, &
Martin, 2002) and help-seeking (e.g. Roll, Aleven, McLaren, & Koedinger, 2007)
may further improve the deep conceptual learning of students. In particular, we are
interested in augmenting intelligent tutoring systems with computer-supported col-
laborative activities. Collaboration has been demonstrated to have a positive effect
on individual and group learning outcomes (Lou, Abrami, & d’Apollonia, 2001),
and in particular to promote deep elaboration of the learning content (Teasley, &
Fischer, 2008). Our work investigates how collaborative learning with intelligent
tutoring support might be more effective at improving domain learning than indi-
vidual learning with intelligent tutoring support.

Simply having students collaborate while using an intelligent tutoring system is
unlikely to be effective. The positive effects of collaboration do not emerge sponta-
neously, but require the careful structuring of the collaboration so that particular
promotive interactions emerge (Johnson, & Johnson, 1990). One effective way of
doing so is by scripting the collaboration, that is, by designating roles and activi-
ties for students to follow (Kollar, Fischer, & Hesse, 2006). Traditionally, computer-
supported collaboration scripts are fized in that they provide the same level of sup-
port for all students. This level of support may be unnecessary for students who
have good internal collaboration scripts or who are already experienced collabo-
rators (Kollar, Fischer, & Slotta, 2005), and thus may overstructure collaboration
for many students, decreasing student control over the learning environment and
motivation (Dillenbourg, 2002). On the other hand, the same scripts may provide
insufficient support for poor collaborators, who, without adequate monitoring and
feedback, often do not execute collaborative activities as planned (Ritter, Blessing,
& Hadley, 2002). Using intelligent tutoring technology to assess student collab-
oration as it occurs and provide assistance when needed may therefore improve
on fixed techniques. Early results in adaptive collaborative learning support are



Integrating Collaboration and Intelligent Tutoring Data 223

promising, demonstrating learning improvements over unsupported collaboration
(Gweon, Rosé, Carey, & Zaiss, 2006) and interaction benefits of adding collabora-
tion to intelligent tutoring (Diziol et al., 2008). However, work on these systems
is generally still at an early stage (see Soller, Jermann, Miihlenbrock, & Martinez,
2005, for a review), and few existing systems have been evaluated for their impact
on learning. Thus, a second research question we investigate in this paper is whether
providing adaptive support to collaboration is indeed more effective than providing
fixed support.

To address our research questions regarding the integration of intelligent tutoring
systems and computer-supported collaboration scripts, we have augmented an exist-
ing intelligent tutoring system, the Cognitive Tutor Algebra (CTA), with a recip-
rocal peer tutoring activity. The resulting system logs fine-grained problem-solving
data like an intelligent tutoring system, but also automatically records collaborative
dialogs. In this paper, we demonstrate that by integrating and analyzing both types
of data we can better explore the effects of adaptive collaborative learning support
on learning. In the background section, we describe the individual version of the
CTA, present the reciprocal peer tutoring background for our intervention, describe
related work on adaptive support for peer tutoring, and then discuss in more detail
the types of data our system produces. Next, in the methods section of the paper,
we describe a study where we compared the effects of peer tutoring with adaptive
assistance to peer tutoring with fixed assistance and individual use of the CTA.
Students in our study engage in different types of activities, go through different
phases, and take on different roles (see the “Context” box of Figure 1). Addition-
ally, they receive either adaptive or fixed assistance (see the “Assistance box of
Figure 1). Our dependent measures spanned learning outcome data, interaction
data, and problem-solving data (see the “Outcomes” and “Interactions” boxes of
Figure 1). In our study, the picture of the results formed by combining the different
measures gave us a greater understanding of what was occurring than each indi-
vidual measure. We discuss the implications of our results for technology enhanced
learning research and practice. We also comment on relevant issues of data analysis
methods and on using multiple measures to build a rich picture of factors that may
lead to robust student learning.

2. Background
2.1. The cognitive tutor algebra

The Cognitive Tutor Algebra (CTA) is an intelligent tutoring system for high-
school Algebra that has been shown to increase student learning by approximately
one standard deviation over traditional classroom instruction (Koedinger et al.,
1997). It maintains a production-rule model of good and bad problem-solving steps,
compares student behaviors to that model, and provides feedback and next-step
instruction as appropriate. It also uses knowledge tracing to assess student skills
and select problems tailored to individual student needs. The CTA is used in over
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CONTEXT

Type
(individual, collaborative)

v

Phase
(preparation, INTERACTIONS OUTCOMES
collaboration)
Problem-solving progress Domain learning
Role (problems attempted, (shallow, deep)
(tutee, tutor) errors made)
Motivation/affect
Feedback given || (frustration, enjoyment,
¥ (marking answers, efficacy)
ASSISTANCE assessing skills)
Collaborative skills
Manner Dialogue (declarative, procedural)
(adaptive, nonadaptive) (help-seeking,
help-giving)
Type

(hints, feedback, K

worked examples)

Figure 1. Types of data collected in our study. Both the CONTEXT of the learning environ-
ment and the ASSISTANCE it provides influence student INTERACTIONS. Particular student
INTERACTIONS may yield changes in the manner, type or content of the ASSISTANCE provided
by the system. The nature and number of student INTERACTIONS then influence learning and
motivation OUTCOMES.

2600 classrooms across the United States (www.carnegielearning.com), making it
an ideal platform for collecting large amounts of data and conducting externally
generalizable research studies.

On one hand, in vivo experiments (cf. Koedinger, Aleven, Roll, & Baker, in
press) within the classroom setting of the CTA may reduce the chance of reliably
extracting a signal that the treatment matters from the noise of multiple classroom
sources of variability. On the other hand, such experiments facilitate the logging of
detailed ecological data and patterns that do emerge are likely to be more robust to
the variability of real classrooms. Student interface actions are logged as selection-
action-input triples, representing the element of the interface with which students
interact, the action students took, and the input to the action (Ritter, & Koedinger,
1997). For example, entering 25 in a table would be represented as (selection = cell
A1, action = enterValue, input = “25”). They also log the correctness of the action
(e.g. evaluation =INCORRECT), the skills related to the action inferred using the
student model (e.g. “substitution for variable”), and any system feedback and hints
a student receives (e.g. “The value you should have entered in the table is 247).
The system also keeps track of the student’s current problem, section, and unit as
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they progress. Using this problem-solving data, researchers can assess learning as
it is occurring, using counts of incorrect attempts or help requests on a particular
skill. This type of analysis has led to important results demonstrating the effects of
particular modifications to the cognitive tutors, including adding worked examples
(Salden, Aleven, Renkl, & Schwonke, 2008) and adding multiple representations
(Butcher, & Aleven, 2007). We have applied such analysis to evaluating the effects
of adding collaboration to intelligent tutoring systems.

2.2. Reciprocal peer tutoring

We explored the potential advantages of adding collaboration to the CTA using a
reciprocal peer tutoring script. In reciprocal peer tutoring, students of similar abili-
ties take turns tutoring each other on course material. The reciprocal schema is one
of the basic schemas proposed by Dillenbourg and Jermann (2008) in their SWISH
design model for collaborative learning. Dillenbourg and Jermann argue that the
nature of the reciprocal task leads students to interact and construct shared under-
standing, that is, learn collaboratively. We chose this activity as our research focus
for several reasons. We chose this activity as our research focus for several reasons.
This type of peer tutoring has been shown to be an effective way of increasing learn-
ing in a realistic classroom environment. For example, Fantuzzo, Riggio, Connelly,
and Dimeff (1989) found that students in a condition engaging in reciprocal peer
tutoring activities learned significantly more than students in both an unstruc-
tured collaboration condition and an individual learning condition. Not only did
peer tutoring yield increased academic achievement, but it also lowered students’
reported distress. Because students in reciprocal peer tutoring take on both the role
of tutor and the role of tutee, it is a practical classroom activity, as all students
have the chance to benefit from both roles. Further, students in CTA classrooms
are very familiar with the concept of being tutored, and it seemed like they would
enjoy the role reversal of being able to tutor another student in a similar manner
as the CTA.

There are many ways that tutors and tutees benefit from peer tutoring. Roscoe
and Chi (2007), in their review of the literature on learning from peer tutoring,
concluded that peer tutors benefit from knowledge-building activities, where they
reflect on the current state of their knowledge and use it as a basis for constructing
new knowledge. During tutoring, peer tutors must monitor their own and their
partner’s knowledge. If they become aware of gaps in their own knowledge, they
will move to repair those gaps, improving their mastery of the domain (Ploetzner,
Dillenbourg, Preier, & Traum, 1999). Additionally, peer tutors develop structured
networks of knowledge by asking and answering questions and giving and receiving
explanations, leading them to make inferences about the subject material and better
integrate their knowledge (Roscoe, & Chi, 2007). Further, some researchers argue
that peer tutors attend more to the domain knowledge that they are to learn because
they need to explain it to someone else, and for these reasons, having students
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prepare to tutor can in itself increase learning (Ploetzner et al., 1999; Renkl, 2007).
Tutoring in general also has a positive effect on tutee domain learning, particularly
at times when the tutee reaches an impasse, is prompted to find and explain the
correct step, and is given an explanation if they fail to do so (VanLehn, Siler,
Murray, Yamauchi, & Baggett, 2003). However, for these beneficial processes to
occur, peer tutors must have sufficient knowledge about the correct solution to the
problem to help their partner (Webb, 1989). Otherwise, there may be cognitive
consequences (tutees cannot correctly solve problems) and affective consequences
(students feel that they are poor tutors and become discouraged; Medway, & Baron,
1977). Even though only the tutee solves the complete problem, with the peer tutor
acting as a regulator, peer tutoring among students of similar abilities has much
in common with other collaborative learning scenarios. The ultimate goal of peer
tutoring is for both students to develop a deep understanding of domain concepts,
just as in other forms of collaborative learning. To that end, tutees and tutors
construct domain knowledge in the process of either solving or explaining problem
steps. Additionally, both students take initiative, creating a transactive interaction:
The peer tutor determines when to give help by monitoring tutee problem-solving,
but the tutee must monitor their own understanding in order to know when to
request help or question peer tutor explanations. In reciprocal peer tutoring, where
students take turns being tutees and tutors, all students have the opportunity to
engage in the same cognitive activities.

As peer tutors do not often show positive tutoring behaviors spontaneously
(Roscoe, & Chi, 2007), providing the peer tutor with assistance on tutoring skills
and domain knowledge can help them to achieve more positive learning outcomes.
As described in the introduction, collaborating students are often supported using
fixed scripts that outline roles and activities that relate to the desired interactive
behaviors. Scripting has also been used successfully in the context of peer tutor-
ing. For example, King, Staffieri, and Adelgais (1998) found that having tutors ask
their tutees a series of questions at different levels of depth had a significantly pos-
itive effect on tutor learning. Even relatively limiting scripts that leave peer tutors
with little freedom in their interactions have had beneficial effects on tutor learning
in the classroom (Fantuzzo, King, & Heller, 1992). Another way of increasing the
benefits of peer tutoring is to provide students with pre-collaboration training on
good tutoring behaviors. Fuchs et al. (1997) trained students to deliver conceptual
mathematical explanations and give elaborated help, and showed that their math-
ematical learning was significantly better than training on elaborated help alone or
an individual learning control.

In addition to assessing learning gains by means of posttests, student learning
from peer tutoring interactions is often analyzed by collecting tutor and tutee dia-
logues, using video or audio recording. Dialogues are transcribed, and researchers
code the interaction for particular help-giving and help-seeking behaviors. For
instance, Webb, Troper, and Fall (1995) have developed an extensive coding scheme
for specific and general help requests made by tutees, and levels of elaborated help



Integrating Collaboration and Intelligent Tutoring Data 227

given by tutors. Similarly, Roscoe, and Chi (2007) use a coding scheme that distin-
guishes between knowledge-telling and knowledge-building behaviors. These types
of analyses allow researchers to infer from student dialogue that particular cognitive
processes are occurring, link those processes to learning, and link a given interven-
tion to those processes. However, collecting interaction process data in the context
of the classroom and in a complex learning setting (e.g. with alternating individual
and collaborative phases) is extremely difficult. In addition, these types of dialogue
analyses are very time costly and can often only be performed for a small frac-
tion of the process data. Therefore, on top of the potential pedagogical benefits of
providing adaptive assistance to peer tutoring, combining intelligent tutoring and
peer tutoring might give the researcher access to the rich problem-solving log data
common in intelligent tutoring systems, which is not generally recorded in peer
tutoring interventions. Using this computer-mediated data would both place the
student interaction in context and potentially make it easier to automate parts of
the data analysis.

2.3. Integrating intelligent tutoring and peer tutoring

One benefit of integrating intelligent tutoring and peer tutoring is the potential
learning improvement due to the increased reflective and elaborative demands of
the peer tutoring activity. The idea of placing a student in the tutor role in an
intelligent tutoring system and providing adaptive support has been explored in
the areas of learning companion and simulated student research. Chan, and Chou
(1997) outlined the space of possibilities for interactions between real learners, real
tutors, virtual learners, and virtual tutors, and described two relevant scenarios: One
where an agent tutors a human tutoring a human, and one where an agent tutors
a human tutoring an agent. They then implemented a distributed reciprocal tutor-
ing system involving two students alternating between learner and tutor roles. Peer
tutors were provided with a scaffold, based on a domain model, which helped them
to diagnose errors made by the tutee and select a relevant hint. An evaluation of
this scenario with five learners showed promising posttest scores. Another “helping
the helper” system has been implemented by Vassileva, McCalla, and Greer (2003),
where computer agents use peer learner and helper profiles to negotiate tutoring
partnerships between students. A further addition to this system provides the helper
with more information about the request context, a plan for providing help, and
even information about the learner’s preferred delivery method (Kumar, McCalla,
& Greer, 1999). Finally, people have investigated a human teaching an agent (e.g.
Uresti, 2000), or even reciprocal learning scenarios between a human and an agent
(e.g. Scott, & Reif, 1999), but many of these systems have not implemented adaptive
assistance for the peer tutor. One exception is the Betty’s Brain system (Leelawong,
& Biswas, 2008), where a human student tutors “Betty”, a computer agent, with
the help of another agent “Mr. Davis”. This scenario has been found to be effec-
tive at promoting learning compared to a traditional intelligent tutoring scenario.
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Based on these results, there is promise in developing adaptive domain assistance
for human-human tutoring for the purpose of improving student interaction and
learning.

In parallel, there has been growing interest in the computer-supported collab-
orative learning community in determining the best way to adaptively support
collaborating students (Rummel, & Weinburger, 2008) in order to improve on fixed
support methods. While the majority of these systems have focused solely on stu-
dent interaction (see Soller et al., 2005, for review), the most effective adaptive
collaborative learning support has leveraged individual domain models in order to
augment their collaborative models. Interestingly, these systems tend to be evalu-
ated more thoroughly than other adaptive collaborative learning systems, poten-
tially because individual components of the systems have already been developed
and tested. For example, COLLECT-UML, which focuses on UML modeling as
the learning domain, uses individual tutoring components to augment its collabo-
rative tutoring components, and has been shown to lead to greater collaborative
knowledge over an individual learning system (Baghaei, Mitrovic, & Irwin, 2007).
Similarly, CycleTalk combines automated topic detection with a tutorial dialog
system that was designed for individual use, in order to adaptively support a col-
laborative dialog. This system has been shown to be better than fixed support at
increasing domain learning (Kumar, Rosé, Wang, Joshi, & Robinson, 2007). Our
work involves the analysis of study data drawn from a system constructed using
this approach of building upon existing models and systems for individual domain
learning.

In particular, our system adds a reciprocal peer tutoring activity to the CTA,
and then adaptively supports the peer tutor using the CTA problem-solving mod-
els. In an ideal interaction, students being tutored by a peer would benefit from
the instruction at least as much as students using the CTA individually, assuming
they receive help from the peer tutor at critical problem-solving impasses. Students
who are tutoring should benefit further from the additional conceptual demands of
reflecting on tutee steps and articulating their reasoning. Thus, one of our hypothe-
ses is that reciprocal peer tutoring using the CTA interface should be better for
domain learning than individual use of the CTA. However, because peer tutors are
also in the process of learning the domain material, they may not be able to provide
the tutee with feedback that is timely or correct. The tutee may then be unable
to successfully complete the curriculum problems, and will not benefit from the
instruction. Here, a meta-tutor that provides adaptive domain support to the peer
tutor during the collaboration has the potential to improve the tutoring quality
of the peer, and thus the learning of both students. In traditional peer tutoring
activities, domain assistance generally takes the form of preparation on the prob-
lems and scaffolding during tutoring (e.g. by giving the tutors the answers to the
problems; Fantuzzo et al., 1989). However, adaptive domain support based on an
individual learning model, such as that found in the CTA, could form the basis for
providing more sophisticated domain assistance to the collaborating partners. Thus,
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our second hypothesis is that adaptive domain support provided to the peer tutor
will improve student interaction, and consequently domain learning, compared to
fixed domain support. In the experimental classroom study described in this paper,
we evaluate whether the adaptive domain support to peer tutoring is better than
fixed domain support to peer tutoring and individual learning using the CTA. It
is the combined collaborative dialog and problem-solving data that allows us to
thoroughly investigate our hypotheses.

2.4. Integrating intelligent and peer tutoring data analysis techniques

In order to get a full picture of the effects of collaboration and adaptive support
to collaboration on student learning, we need to be able to link different experi-
mental interventions to student interactions and learning outcomes (as described
in Strijbos, Martens, & Jochems, 2004). In our study, where students go through
multiple phases of learning (individual and collaborative) and take on multiple
roles (tutor and tutee), the data is particularly complex. By integrating intelligent
tutoring support with a computer-supported collaborative learning activity, it is
possible to view the study data at multiple levels of analysis. While such an in-
depth approach was not historically possible in a classroom environment, the com-
bined logging capabilities enabled by intelligent tutoring systems and computer-
supported collaborated learning offer us a unique opportunity. Figure 2 displays
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Figure 2. Analysis of interactions possible in ACLS. Interactions consist of both human-human
and human-computer exchanges. They can be examined on different levels of granularity, using
analyses found in CSCL or ITS approaches.



230 E. Walker, N. Rummel € K. R. Koedinger

the different types of data collected by our system. Each level of analysis consists
of student interactions with each other and with the system, which is common in
computer-mediated collaboration. However, it also consists of the system assessment
of the student problem-solving actions, which has been refined particularly in intel-
ligent tutoring system approaches. The highest level of analysis is activities, which
is a collaborative scripting concept that consists of learning settings (e.g. individual
and peer tutoring), phases (e.g. preparation and collaboration) and roles (e.g. peer
tutor and peer tutee). Each activity is then composed of several problems, which
students attempt to solve in sequence. The next level, attempts, is influenced by
the problem-decomposition approach of intelligent tutoring systems. Each problem
is divided into several steps, and students might make several erroneous attempts
at a step before completing it correctly. Finally, the lowest level of analysis involves
student interactions, and is influenced both by collaboration scripts and by intel-
ligent tutoring systems. In order to make an attempt, students interact with each
other both in natural language and using the affordances of the interface. These
chat and interface actions, and the relationships between them, can be analyzed.
Also on this level, the system interacts with the collaborators, providing hints and
feedback on the different attempts. The student and system inputs at each level
provide insight into what is occurring in the collaboration, and how it might relate
to domain learning.

3. Method
3.1. Experimental design

To investigate the effects of collaboration and adaptive support, we conducted an
experimental classroom study comparing three conditions: (1) Students used the
CTA individually (individual condition), (2) Students tutored each other with fixed
domain support in addition to the peer tutoring script (fized collaboration condi-
tion), and (3) Students tutored each other with adaptive domain support in addition
to the peer tutoring script (adaptive collaboration condition). Both the adaptive and
fixed collaboration conditions included peer tutoring; both the adaptive collabora-
tion condition and individual learning condition included adaptive domain support.
We expected the adaptive collaboration condition to learn more than the fixed col-
laboration condition because of the addition of the domain support, and to learn
more than the individual learning condition because of the richness of the peer
tutoring activity.

For all conditions, students solved problems from the literal equation solving
unit of the CTA, which was identified by classroom teachers as one that was par-
ticularly difficult for students to master. In this unit, students are given a prompt
like “Solve for z,” and then given an equation like “az 4y = bx + ¢.” To solve these
problems, students must be able to manipulate an equation to move constant (e.g.
y) and variable terms (e.g. bx) from one side of an equation to another, factor =, and
divide by a coefficient (e.g. a — b). In addition to learning these procedural steps,
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they must conceptually be able to recognize the difference between constant and
variable terms, the difference between positive and negative terms, the distinction
between the four major operators on the equation (multiplication, addition, divi-
sion, subtraction), and the conceptual basis for factoring. Below, we describe each
condition in more detail.

3.1.1. Individual learning condition

In the individual learning condition, students went through the literal equation solv-
ing unit of the CTA exactly as they would during regular classroom instruction. In
the CTA, students use the interface displayed in Figure 3 to solve the problems in
this unit. They use the menus to select which operation they would like to perform
on the equation, and sometimes have to type in the result of the operation as well.
They can ask for a hint from the cognitive tutor and receive feedback after errors.
Their skills are displayed in the interface in a Skillometer (a visualization of the
likelihood that students have mastered the skills required to solve the problems in
a given section), and their advancement through the unit relates to the system esti-
mates of their skills. During the study, students proceeded through the six sections
that compose this unit. If they finished all the sections before the study was over,
they were allowed to move on to other class work.

Skill
display

Menu-based
interaction

Solve fory

ay+by+m=n

ay+by+m-m = pn-m Subtract e from both sides

ay+by+m-m=n-m

ay+by = n-m ooty
ay+dby _ a-m In Lay+ by is divided by b . How do you undo

) division? ‘ Divide hoth sidesby b @
= ¢ |

i y
Semantic

Problem \ [ Close || <=Previous Hint ][ MextHint== | labels
steps
Y
Multi-level
feedback

Figure 3. Interface to the CTA in the individual learning condition. As students solve the problem
using a menu-based interaction, they receive hints and feedback from the cognitive tutor and
information on skills mastered.
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3.1.2. Fized collaboration condition

In the fixed collaboration condition, students were placed in pairs, and went through
two phases: a preparation phase and a collaboration phase. In the preparation phase,
students individually solved the problems they would later tutor (each pair member
solved a separate set of problems), using the CTA. Therefore, as in the individual
learning condition, students used an equation solver, were given immediate feedback
from the CTA when making a mistake, and could ask for a hint from the CTA at
any time. After each problem in the preparation phase, we gave students a reflection
question to prepare them for tutoring (e.g. “A good question asks why something
is done, or what would happen if the problem was solved a certain way. What is a
good question to ask about the problem?”). These questions were given on paper,
and students did not receive feedback on their answers.

During the collaboration phase, students worked with each other at different
computers in the same classroom, taking turns being peer tutors and tutees on alter-
nating problems. Students were seated far apart and discouraged by the classroom
teacher from talking to each other out loud. Peer tutees solved the same problems as
their tutor had solved in the preparation phase, using the same equation solver tool.
However, the tutee could additionally see a chat tool and an enlarged skillometer
window. Peer tutors were able to see the peer tutee’s actions, but could not solve
the problem themselves (see Figure 4). Instead, the peer tutor took the role of the
cognitive tutor, marking the peer tutee’s actions right or wrong in the solver and

Carnegie Learning's = | ..§

Chat | Your Partners Solution | vour Solution
Help your partner solve the problem Increase and decrease your
Give them hints and explanations, partner's skill values
peer tutee says: is that right so far? Mark each of your partner's steps right or wrong Add to both sides 30%
peer tutor says: so far, now how do you get % L
the z on the other size? Solve forz Multiply both sides 85%
peer tutee says | think | just messed up cz+dz+ j = k e L
" : Addfsubtract terms 5%
peet tutor says: | am a litle confused... | czdz+j-k = K=K Subtract & from both sides: Step 1 v e T
would have thought that you would have = sk
started at the beginning by subtracting the J, czHoz+j-k = k-k Simplify fractions 3%
bt yau dld i kwhieh ook me of uard w e Divide both sidesbyz'Step 2 @ Simplify signs 5%
czedzej-k  _ k- [Distribute =~~~ | 3%
: = A&
Chat Tool Equation Solver Tool Skillometer
Tutees ask questions & Tutees take problem Tutors monitor tutee
self-explain; tutors give steps; tutors mark them knowledge & increase or
hints & explanations. right or wrong. decrease skill bars.
T

Figure 4. Interface to the peer tutor. Both the peer tutor and tutee see the solver, skillometer, and
chat windows. As tutees solve the problem in the equation solver, peer tutors can chat with them,
mark their steps, and raise or lower their skill assessments. Peer tutors cannot solve the problem
themselves. Tutees can respond to chats in the chat window, and can view the feedback given to
them in the solver and skillometer windows.
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adjusting the values of the tutee’s skill bars in the skillometer. These activities were
designed to trigger the reflective processes that generally lead to peer tutor benefits.
In the chat tool, tutees could ask questions, tutors could give conceptual hints and
explanations, and students could follow-up on what had been said. We hypothe-
sized that the potential for elaborated interaction in the chat window would be an
improvement over the hint-after-request and feedback-after-incorrect-step mecha-
nisms of the individual CTA. In case peer tutors did not have sufficient expertise
to help their tutees, even after the preparation phase, we provided them with fixed
cognitive support, consisting of answers to the problem located in a separate tab
in the interface (labeled “Your Solution” in Figure 4). Peer tutors could access the
tab at any time. Because the support was nonadaptive, if both the tutee and tutor
agreed that the problem was finished the students could move to the next problem,
even if they had not yet successfully completed the current problem.

3.1.3. Adaptive collaboration condition

The adaptive collaboration condition was mostly the same as the fixed collaboration
condition, except for the addition of intelligent tutoring support. Peer tutors were
given help from the intelligent tutoring system in two cases. First, the peer tutor
could request a hint from the CTA and relay it to the tutee. Second, if the peer tutor
marked something incorrectly in the interface (e.g. they marked a wrong step by
the tutee correct), the intelligent tutor would highlight the answer in the interface,
and present the peer tutor with an error message. Hints and error messages were
composed of a prompt to collaborate and the domain help the tutees would have
received had they been solving the problem individually (see Figure 5). If both

Mark each of your partner's steps right or wrong.
Sobve tor y
View of | “ter+2er =3 et 100 2o Peer tutor marks
rad! ms in — e ¥ . N
tutee - steps, highlight
. =fiAy =2 Calculate new equation . .
actions T indicates tutor
-y =1 Divide both sides by 7.1
Y= -Li‘ Caleulate new sguation error.
Feedback b Lt et Prompt to collaborate
In this equation, ¥ is multiplied by =7.1 . Dividing by 7.1 Doma |n h e I p
presented to :ll;’; vl ’:';:u :;II I‘;‘Cd to um‘:a: the IP::IQMNO sign. It
% bebher o L =71, since al woul eave y
the peer tutor

Figure 5. Feedback presented to the peer tutor after the peer tutor marked an incorrect step
correct. It consisted of a prompt to collaborate, and the domain help tutees would have originally
received.
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students agreed the problem was done, and were incorrect, the peer tutor would
be notified and told to ask for a hint about how to complete the problem. Unlike
in the fixed condition, students were not allowed to move to the next problem
until the current problem was successfully completed. Messages from the intelligent
tutoring system were presented only to the peer tutor, and it was the peer tutor’s
responsibility to explain them to the tutee. CTA feedback was based on the peer
tutor’s actions, and not solely on the peer tutee’s actions. Therefore, students did
not receive CTA feedback at the same rate as students in the individual learning
condition. As with the fixed support, peer tutors had access to the problem answers
in the interface.

3.2. Participants

Participants were 62 high-school students (34 male, 28 female) from five second-
year algebra classes at a vocational high school in the United States, taught by the
same teacher. There were 10 students in 10th grade, 41 students in 11th grade, and
11 students in 12th grade. Students spent half the day at this high school taking
math and various technical subjects (e.g. nursing, electronics). The other half of
the day was spent at their “home school” learning conventional subjects. The high
school used the individual version of the CTA as part of regular classroom practice.
The literal equation solving unit was a review unit for the students, and one that
they had already covered in their first algebra class. Based on the assessment of
the classroom teacher, the concepts in the unit were difficult for the students to
understand, and review was necessary. Students in the collaborative conditions were
put in pairs by the classroom teacher, who was told to pair students of similar
abilities who would work well together. Because students benefit from being tutors
in addition to tutees, and even low-ability students benefit from being placed in
the tutor role (see Robinson, Schofield, & Steers-Wentzell, 2003, for review), it was
important to pair students who felt like they could tutor their partner. Pairing
students of similar abilities ensured that students could plausibly function as both
tutors and tutees.

Students from each class were randomly assigned to one of the three conditions.
Eleven students were excluded from the analysis because either they were absent
during a collaborative part of the intervention, or their partner was absent and
they could not be re-paired with another student. Another 12 participants did
not take the delayed posttest, but were included for all other analyses. The total
number of participants included in the analysis was thus 51 for the pre- and posttest
(17 students in the adaptive peer tutoring condition, 14 students in the fixed peer
tutoring condition, and 20 students in the individual use condition), and 39 students
for the delayed posttest (11 in the adaptive peer tutoring condition, 10 in the fixed
peer tutoring condition, and 18 in the individual use condition). There were an odd
number of students in the adaptive condition because we retained students in the
analysis who had an absent partner during an intervention day but were placed
with a new partner in the same condition.
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3.3. Procedure

The study took place over the course of five weeks. Students were given a 15 minute
pretest on Monday or Tuesday of the first week, depending on their class schedules.
The intervention then took place on two days where students would typically be
using the CTA, over two 70 minute class periods. The first intervention day was on
Thursday or Friday of the first week, the second was on Thursday or Friday of the
following week. On both intervention days, students in the peer tutoring conditions
spent half the period in the preparation phase and spent the remaining classroom
time taking turns tutoring each other in the collaboration phase. Students switched
roles between tutor and tutee after every problem. Students in the individual use
condition used the CTA throughout the preparation and collaboration phases. The
week after the intervention, students were given a 15 minute posttest. Two weeks
later, students were given a 15 minute delayed posttest to assess their long-term
retention. On non-intervention days, students continued with their typical algebra
curriculum, which involved different units than the literal equation solving unit.
This approach was similar to regular classroom practice, where students worked at
their own pace while using the CTA, but all received instruction on the same unit
during lectures.

3.4. Measures
3.4.1. Outcome measures

To assess students’ individual learning we used counterbalanced pre-, post-, and
delayed posttests, each containing 8 questions. The tests were developed by the
experimenter and approved by the classroom teacher (see Table 1). The first two
questions were scaffolding questions, in that students were either given a problem
solution and asked to label each step or given a sequence of step labels and asked to
provide the problem solution. The next three questions were parallel to the questions
solved during instruction. The final three questions were transfer questions, and
asked students to apply their skills in a different context. The questions across the
different test versions were parallel but used different numbers and symbols. The
tests were administered on paper. We scored answers on the three tests by marking
whether the solutions were correct or incorrect. If students got a completely correct
solution or reached a nearly correct solution but made a copying error, they received

Table 1. Examples of the three question types used as learning measures. The
scaffolding example is a subset of the actual question, which asked the student
to label several steps in sequence and provided a sample label.

Question Type Example
Scaffolding Label the following step: az 4+ bc = ¢z — az = ¢z — be
Parallel to Instruction Solve for z: az + bc = cz + df

Transfer Solve for z: 22 —a? = ¢2 — 2¢cb
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a 1. If students performed one or more conceptual steps incorrectly they received a
0. Points on all the questions were summed. We computed normalized gain scores
(Hake, 1998) between the pre- and post-tests and pre- and delayed tests by using the
formula gain = (post-pre)/(1-pre). If posttest scores were lower than pretest scores,
we used the formula (post-pre)/pre.

3.4.2. Problem-solving process measures

In order to analyze student collaborative process, we logged all tutee actions, peer
tutor actions, and intelligent tutor responses. We computed the number of prob-
lems solved by students in each phase on each study day, the amount of time it
took to solve each problem, and whether each problem was successfully completed,
unsuccessfully completed (only possible in the fixed condition), or interrupted by
the end of the classroom period. Then, for each problem, we computed the num-
ber of correct and incorrect problem-solving steps students took. For each step, we
computed the number of hint requests to the cognitive tutor that students made,
and the amount of feedback from the cognitive tutor that students received. We
also calculated the number of tutoring-related interface actions: such as the number
of times peer tutors marked a step right or wrong (and whether they were correct
in their assessment), and the number of times they consulted the problem answers.
All these metrics are data typically available in intelligent tutoring systems.

3.4.3. Collaborative dialogue coding

Next, we adapted an approach widely used in collaborative learning research and
classified all tutee and tutor chat actions. In general, we segmented the dialog by
chat messages, creating a new segment every time students hit enter. However,
consecutive lines of chat where the student was uninterrupted by another interface
action were classified as the same segment (e.g. a student typed “do you need”
and then immediately typed “help”, with no other action being logged between
the two chat actions). The experimenter and a second trained rater then indepen-
dently coded the chat dialogs on two dimensions: help-seeking behavior (Cohen’s
kappa = 0.80) and help-giving behavior (Cohen’s kappa = 0.86). The coders trained
on 20% of the data and agreement was computed on the remaining 80%. Disagree-
ments on all data were resolved through discussion. The different dimensions are
described below.

Our first step was to categorize tutee help-seeking behavior. While in the indi-
vidual learning condition students could click a hint button to request help, in the
collaborative condition students had to make verbal requests to the peer tutor. For
our coding, we adapted the coding scheme by Webb, Troper, and Fall (1995), who
coded help requests as any statement that was a request for help or indicated con-
fusion. Our data did include direct requests, where it was clear that the tutee was
expecting an immediate response, often because a question was posed or help was



Integrating Collaboration and Intelligent Tutoring Data 237

Table 2. Coding scheme for tutor and tutee dialogue. We used two codes that related to both
students, two additional tutee-specific codes, and three additional tutor-specific codes.

Role Category Description Examples
Tutee  Request Statement relating to the problem that “how do I get b by
requires a response from the tutor itself”, “help”
Tutee Problem-related  Tutee statements containing “so I get w on one side”,
statement problem-related content “I'm lost”
Tutor  Elaborated help  Explanation of a step, hint on how to “now get m by itself”
complete a step, describing an error
Tutor Unelaborated Direct instruction on how to complete “factor out t”, “then
help all or part of the next step divide”
Tutor Feedback Indication of whether a step was right “good”, “no”
or wrong
Both Activity-related ~ Coordination and activity-related “what are you doing?”
statement statements
Both Off-topic Statements not related to the problem “He’s dating her”

or activity

demanded (see Table 2 for examples of all codes). However, tutees also made several
problem-related statements, where the tutee was not demanding a response from the
tutor, but where an on-topic response would be appropriate, such self-explanations
or statements of confusion. All other tutee statements were divided into activity-
related and off-topic categories, depending on whether or not they related to the
collaborative activity. Next, we defined help given, expanding on Webb’s definition
of elaborated and unelaborated help (Webb, Troper, & Fall, 1995). Webb divided
help received into several degrees of elaboration, ranging from a fully labeled ver-
bal explanation to simply delivering the answer. While these levels mapped to our
data, we chose to simply label these forms of help as unelaborated or elaborated,
because from a preliminary inspection students either tended to give straightfor-
ward instructions or more complex tutoring advice. We also coded hints, where peer
tutors provided an explanation for the problem step but did not directly instruct
the tutees on what to do, as elaborated help. Our categorization of tutor utterances
had five codes: elaborated help, unelaborated help, feedback, activity-related, and
off-topic (see Table 2).

4. Results

We began by evaluating our primary hypothesis that the adaptive support condition
is better for student domain learning than the fixed support condition and individual
learning condition. We then looked at the process data on each level discussed in the
above section, moving toward finer and finer granularity. We analyzed the data by
individual, so that a given student’s actions can be linked to his or her own learning
gains and his or her partner’s learning gains. For example, the number of errors
committed by a student while in the tutee role can be correlated with learning, but
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so can the number of errors viewed by a student while in the tutor role. At the end
of this analysis, we should have a complete picture of the similarities and differences
between the paths to learning in each condition.

4.1. Domain learning

We conducted a two-way repeated-measures ANOVA with condition (fixed or adap-
tive) as a between-subjects factor and test-time (pretest, posttest, or delayed test)
as the repeated measure. There was a significant effect for test-time (F[2,72] =
41.303, p < 0.001), but there were no significant differences between conditions
(F'[2,36] = 0.881, p = 0.423), and no interaction (F[2,36] = 0.859, p = 0.432).
A priori contrasts revealed that the effect was due to the difference between the
pretest and the other two tests (¢[36] = 69.541, p < 0.001) and not due to the
difference between the posttest and the delayed test (¢[36] = 2.544, p = 0.119).
Thus, the different conditions did not have different effects on delayed or immedi-
ate learning, and overall students did not show differences between the delayed and
immediate measures. For the correlational analyses in this paper described in the
following sections, we use the student gain scores between the pretest and posttest
and pretest and delayed test, computed as described in Sec. 3.4.1. Table 3 contains
the absolute scores of the students who took all three tests, and Table 4 contains
their gain scores. It is interesting to note that pretest scores were near floor, despite
students’ prior familiarity with the unit.

4.2. Problems
Our next level of analysis involved the number of problems completed per hour

by each condition during the intervention. Because students learned equal amounts

Table 3. Absolute scores on pretest, posttest, and delayed test.
Each test had a maximum score of 8.

Condition Pretest Posttest Delayed Posttest
M SD M SD M SD
Individual 1.28 1.60 3.00 1.75 3.67 1.78
Fixed 0.90 0.88 3.50 2.17 3.60 2.17
Adaptive 0.82 1.08 236 1.57 2.82 1.78

Table 4. Normalized gain scores between pretest and
posttest and pretest and delayed test.

Condition  Pre-Post Gains  Pre-Delayed Gains

M SD M SD
Individual 0.20 0.38 0.26 0.50
Fixed 0.37 0.30 0.30 0.51

Adaptive 0.82 0.40 0.29 0.19
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across the three conditions, one might expect that the problem-solving rate of each
condition would be similar. However, students working collaboratively tend to solve
problems slower than students working individually. We further expected the fixed
condition to solve fewer problems successfully than the adaptive condition, since
it had less relevant domain support. Problems solved may have an impact on the
immediate posttest, but is less likely to relate to long-term retention, which is a
sign of deeper learning.

We conducted a one-way (condition: individual, fixed, adaptive) ANOVA on the
number of problems successfully completed per hour in the collaboration phase of
the study (which, for individual learners, was simply the second half of the period).
For this particular analysis, we grouped the students in the collaborative conditions
by dyad, as the number of problems that one pair member completes is dependent
on the number of problems the other pair member completes. Condition was indeed
significantly related to problems solved (F'[2,34] = 8.76, p = 0.001), where the
adaptive collaboration condition (M = 17.7, SD = 6.69) and fixed collaboration
condition (M = 13.3, SD = 7.71) solved fewer problems per hour than the individ-
ual conditions (M = 47.0, SD = 30.2). However, there were no differences between
the fixed and adaptive conditions. In order to determine if problems completed were
related to learning, we correlated total problems successfully completed per hour
by each student as a tutee with their posttest and delayed test gain scores. Indeed,
across all conditions, problems successfully completed per hour were marginally cor-
related with student learning on the posttest (r[49] = 0.233, p = 0.100), but not on
the delayed test (r[37] = 0.020, p = 0.906).

Looking more closely at the collaborative conditions, we can see that differences
in the design of the two conditions also led to differences in the number of problems
unsuccessfully completed. In the fixed condition, students were able to move to the
next problem when they thought they were done, regardless of whether they were
actually done. Tutees claimed that they were done, and tutors agreed, a mean of 2.50
times (SD = 1.61). The mean percentage of times that this exchange occurred out
of the number of total problems seen (M = 8.00%, SD = 2.63%) was negatively cor-
related with the immediate learning gains of the tutee (r[12] = —0.597, p = —0.024)
and the delayed learning gains of the tutee (r[8] = —0.714, p = 0.020). It was also
negatively correlated with the delayed learning gains of the tutor (r[7] = —0.686,
p = 0.040), but not the immediate learning gains of the tutor (r[10] = —0.214,
p = 0.504). In the adaptive collaboration condition, the counterpart of incorrectly
moving to the next problem would be the tutee attempting to move to the next
problem, the tutor agreeing, and then both being blocked from doing so by the sys-
tem. Students acting as tutees faced this situation a mean of 2.18 times (SD = 2.56).
The percentage of times tutees witnessed this exchange out of total problems seen
(M = 5.00%, SD = 2.09%) was negatively correlated with learning gains on the
delayed posttest (r[9] = —0.667, p = 0.025), but not on the immediate posttest
(r[15] = —0.007, p = 0.980). Surprisingly, being the tutor during this exchange
was positively correlated with learning gains on the delayed posttest (r[9] = 0.652,
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p = 0.030), but not on the immediate posttest (r[15] = 0.280, p = 0.275). It would
seem that being faced with these impasses in the adaptive condition led peer tutors
to reflect more on how to overcome them and move to the next problem, an oppor-
tunity that they did not have in the fixed condition.

In summary, we found that progress as tutee was correlated with learning
on the posttest but not on the delayed posttest. Further, moving on without solving
the previous problem was negatively related to learning on the delayed test. On the
other hand, witnessing one’s tutee getting blocked from moving on, which was only
possible in the adaptive condition, was correlated with peer tutor’s learning gains.
While struggling with the problem may have been detrimental to tutees, viewing
this process may have been beneficial for tutors. It may be critical for tutor learn-
ing that tutees reach these problem-solving impasses. In the following section, we
further explore the relationships between student progress, impasses, and learning.

4.3. Problem-solving steps

One explanation for the difference in problems solved was that students struggled
with the problems more in the collaborative conditions than in the individual con-
dition, because they did not have the same level of support from the intelligent
system. Further, it seems that students in the fixed support condition might com-
mit more errors than students in the adaptive support condition, again due to a
lack of sufficient domain assistance. To investigate this hypothesis, we looked at the
average number of errors (or incorrect attempts) students made per problem dur-
ing the collaboration phase. We conducted a one-way (condition: individual, fixed,
adaptive) ANOVA, with pretest as a covariate. Pretest was significantly predictive
of errors per problem (F[1,47] = 5.41, p = 0.025), but there were no significant
effects of condition (F[2,47] = 1.738, p = 0.187). The number of errors made by
students in the fixed and adaptive peer tutoring conditions were not significantly
different from errors made by students working alone (see Table 5, Row 1). We
then looked at how the errors made related to learning. As each error was a learn-
ing opportunity, we focused on the total error counts, rather than the per problem
average. Total errors made were not related to gains on the immediate posttest or
delayed test. Viewing errors as a tutor was also not correlated with learning gains
on the immediate posttest. However, viewing errors was positively correlated with
delayed learning gains (although non-significantly). It appeared that viewing errors
related to learning from tutoring, just as observing your tutee unable to proceed
to the next problem related to learning from tutoring. These two correlations put
together suggest that peer tutors are indeed benefiting from the reflective aspects
of tutoring: viewing impasses and considering what might be necessary to overcome
them.

4.4. Helping behaviors

Our next level of analysis involved the interaction between the tutee, the peer tutor,
and the tutoring system. First, we looked at tutee help-seeking behaviors. Active
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help-seekers may have been better learners because they were more likely to receive
help when it was most appropriate. Additionally, as errors made were related to
learning from tutoring, it is possible that tutee help-seeking actions were also related
to learning from tutoring. We only used hint requests from the individual condi-
tion which occurred during the time period of the collaboration phase (see Table 5,
Row 2). We conducted a one-way (condition: individual, fixed, adaptive) ANOVA
on hints requested per problem, and found that the number of hints requested in
the individual condition was not significantly different from the number of hints
requested in chat in each collaborative condition (F[2,50] = 1.68, p = 0.198). We
then determined if we could link making and receiving hint requests to learning
gains. Making hint requests was not correlated with immediate or delayed learn-
ing gains. Receiving hint requests as a tutor, while not correlated with immediate
posttest gains, was marginally correlated with delayed posttest gains (r[18] = 0.429,
p = 0.059). Perhaps the help requests prompted the same reflective processes in the
peer tutor as viewing impasses.

In the individual condition, the kind of help given to tutees did not vary, but
in the collaborative conditions, the peer tutor chose what kind of help to give, and
when to give it. First, we examined the role that verbal yes-no feedback played
in the student interaction (Table 5, Row 3). We conducted a one-way (condition:
individual, fixed, adaptive) ANOVA on yes-no feedback per problem, and found no
significant differences between conditions (F[1,29] = 0.925, p = 0.334). Feedback
given by the tutor was marginally correlated with learning gains as a tutor on the
immediate posttest, and significantly correlated with learning gains as a tutor on the
delayed test. Feedback received by the tutee was not related to tutee learning gains.
Here, because the peer tutor was simply providing yes or no responses, it is not likely
that it was the content of the responses that related to learning benefits, but rather
the reflective processes that led them to produce the responses. In general, responses
with better content were not directly related to learning gains. For example, giving
elaborated help was not predicitive of gains on the delayed test for tutors (r[19] =
0.191, p = 0.407), nor was receiving elaborated help for tutees (r[18] = 0.108,
p = 0.649).

Although giving and receiving elaborated help was not important in isolation, it
may be that the quality of the help interacted with the tutee’s need for help in order
to produce learning gains. In the individual condition, students always received help
or feedback after an error or help request, but in the collaborative conditions, that
may not be the case. Here, we examine the two extreme examples of the quality
and timing of help. First, giving elaborated help after a help request is likely an
extremely productive behavior: The tutee needs the help, and using the elaborated
help given, the tutee should be able to overcome his or her impasse and complete
the next problem step. Table 6 displays the percent requests that tutees made that
were answered by the peer tutor with elaborated help, out of total requests made.
While this value was not significantly different between conditions (F'[1,29] = 0.136,
p = 0.715), answering requests with elaborated help was significantly correlated
with learning as a tutor, unlike overall instances of elaborated help. However, as
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the tutee, having requests answered was not correlated with learning gains. On the
other hand, tutees are unlikely to need help immediately after making a correct
step, and in particular, they do not need an unelaborated instruction on how to
complete the next step. This help is unlikely to be beneficial, and may in fact
hinder tutees by preventing them from reflecting on the next step. While the percent
unelaborated help when not needed was also not significantly different between
conditions (F[1,27] = 0.011, p = 0.918), it was significantly negatively correlated
with tutee delayed learning. To summarize: Giving good help when needed was
indeed positively related to tutor learning, while receiving poor help when not
needed was negatively related to tutee learning. Interestingly, it is unclear which
features of help had a positive effect on tutee learning, potentially because of the
rareness of good help.

4.5. Effects of domain support

We conducted a more exploratory comparison of the effects of cognitive support
on learning, using only the adaptive condition. The adaptive condition had both
fixed and adaptive feedback available, and thus we could conduct a finer-grained
examination of the uses of both types of support. Out of 17 tutors in the adaptive
condition, 12 received hints and error feedback from the computer. The other five
did not ask for hints or mark the problem steps of their tutees, focusing instead
on chat communication. Out of an average of 3.50 instances of CTA help (SD =
3.15), tutors communicated the help to the tutee 63% of the time (SD = 42%).
In general, percent feedback communicated was positively correlated with tutee
learning gains on the delayed posttest (r[10] = 0.852, p = 0.015) for the 12 students
that used the adaptive feedback. When feedback from the intelligent system was
not communicated to tutees, it appeared to lead to damaging confusion on the
part of the tutee. Similarly to the adaptive feedback, 13 students used the fixed
feedback provided. These students viewed the problem solution a mean of 8.38 times
(SD = 7.96), over twice the amount of time students received adaptive assistance.
45.8% of the fixed assistance accessed by the tutor was communicated to the tutee
(SD = 32.2%), but the percent fixed assistance communicated from the tutor was
not correlated with learning from being the tutee. However, communicating fixed
assistance was correlated with tutor learning gains on the delayed posttest (r[11] =
0.683, p = 0.062), suggesting that when students actively processed the problem
answers they benefitted (or that the good students were more likely to actively use
them).

4.6. Integrating results across data sources

As a final step, we conducted two regression analyses to better compare the abil-
ities of the variables discussed to predict student delayed learning. We focus here
on delayed learning because it indicates long-term retention, and thus is likely
a better indicator of deep learning than the immediate posttest. The inferential
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statistics on the regression results should be taken as suggestive, not conclusive,
both because of the small sample (Tabachnick, & Fidell, 1996) and because of
the correlational nature of the data. Nevertheless, the results can be used to
generate causal hypotheses that can then be tested with further experimental
manipulation.

First, we constructed a model to predict domain learning using the three vari-
ables common to tutees in all conditions: problems completed per hour, errors made,
and help requested. We further included whether the learning was individual or col-
laborative as a dummy coded variable (condition; individual = 0, collaborative=1),
and added the interaction terms between condition and all the other variables, as the
individual condition differed from the collaborative conditions in several ways. As a
whole, the model explained roughly 30% of the variance in delayed gain (R? = 0.299,
F[7,38] = 1.891, p = 0.105). Four variables significantly predicted delayed gain:
errors made ( = 0.620, ¢[38] = 2.281, p = 0.030), hints requested (5 = —0.465,
t(38) = —2.104, p = 0.044), condition by errors made (5 = —1.134, ¢[38] = —3.191,
p = 0.003), and condition by hints requested (4 = 0.730, ¢[38] = 2.466, p = 0.019).
While these results are correlational, it appears that errors made were positively
related to delayed gain, but hints requested were negatively related to delayed gain.
Interestingly, from the direction of the interaction coefficients it appeared that it is
better to try steps in the individual condition than in the collaborative conditions,
but better to ask for a hint in the collaborative conditions than in the individual
conditions.

Next, we conducted a second regression analysis to predict delayed learning in
the two collaborative conditions. We included all the variables that were some-
what correlated with delayed learning and were found in both conditions: errors
viewed, help requests received, feedback given, elaborated help given when needed,
and unelaborated help received when not needed. We also included errors made
and help requests made, as those were significantly predictive of learning in the
first regression. The model accounted for a significant proportion of the variance
in the delayed gain (R? = 0.783, F[7,19] = 6.190, p = 0.003), although due to
the small sample size it is likely that this value is inflated (Tabachnick, & Fidell,
1996). Table 7 contains the beta values, ¢ statistics, and p-values for each variable.
Elaborated help given when needed was the only variable that was not significantly
predictive of delayed gains as a tutor. The variable that was most significantly
predictive of delayed gains as a tutor was the yes-no feedback given. Again, these
results are correlational, but two interesting elements stand out from this analy-
sis. First, given the postive relationship between learning gains and errors viewed,
requests received, and feedback given, students appeared to benefit more from the
reflective aspects of tutoring than the articulation of their thoughts. Second, based
on the negative relationships between errors made, unelaborated help when not
needed, and learning gains, in general tutees may have not received the support
they needed to overcome the problem-solving impasses they encountered. In the
following section, we will discuss the implications of these results with respect to



Integrating Collaboration and Intelligent Tutoring Data 245

Table 7. Regression results used to predict student delayed learning in
collaborative conditions.

Variable B8 t(19) D
Errors made —0.354 —2.225 0.046
Errors viewed 0.365 2.336  0.038
Requests made 0.353 2.245  0.044
Requests received 0.332 2.091  0.059
Feedback given 0.647 4.403  0.001
Elaborated help given when needed 0.262 1.676  0.120

Unelaborated help received after correct step  —0.375 —2.203  0.048

which aspects of peer tutoring might most benefit from the introduction of adaptive
support.

5. Discussion

While we had hypothesized that the adaptive support condition would be better
than the fixed support condition and individual use conditions at increasing domain
learning, we found that students learned equally across all conditions. However,
using both collaborative dialog and problem-solving data we were able to see dif-
ferences in the effects each condition had on the path students took to learning.
Further, we could take a deeper look at which aspects of student interaction related
to learning outcomes. This increased information about how students learned then
can be used to inform future designs for adaptive support.

Although learning gains between the individual and collaborative conditions
were parallel, students in the two different types of conditions took different paths
to learning. It took students in the collaborative conditions far fewer problems to
achieve the same learning gains than students in the individual condition (although
an equivalent amount of time). This result is in line with other collaborative results
that suggest that learning in collaborative conditions is more efficient than learning
individually (e.g. Diziol et al., 2008). In domains where problem-authoring is diffi-
cult, collaborative conditions may require fewer problems to be designed in order to
facilitate student learning. On the other hand, it is possible that had we controlled
for the number of problems solved and not for time, students in the individual
conditions would have learned as much as students in the collaborative conditions
in a shorter amount of time. Further, other than the stark differences between the
problems completed in each condition, the individual and collaborative conditions
were remarkably similar on the surface. Students made parallel numbers of errors
and asked for help at the same rate.

Against our initial prediction, the adaptive and fixed collaboration conditions
led to similar domain learning gains. However, each collaborative condition had par-
ticular design elements that had unique effects on student interaction. For example,
preventing students from moving to the next problem until the previous problem
was complete in the adaptive condition may have had an indirectly beneficial effect
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on tutor learning by leading them to reflect on their misconceptions at these criti-
cal moments. Allowing students to move to the next problem without finishing the
previous problem appeared to be a design flaw in the fixed condition, as it did not
give students the opportunity to reach these beneficial impasses. Even though peer
tutors appeared to benefit from adaptive feedback given by the cognitive tutor, not
forcing them to communicate it to their tutees may also have been a design flaw,
as this event was negatively correlated with tutee learning. Surprisingly, communi-
cating fixed feedback was not related to benefits for the peer tutee, but was related
to benefits for the peer tutor. It may be important to give tutors access to materi-
als that they can use to construct conceptual elaborated explanations, and future
designs should encourage this behavior.

The problem-solving and collaborative dialog data collected in each condition
gave us insight into how students benefitted from being tutors and tutees across
both collaborative conditions. Viewing errors, fielding help requests, and giving
feedback were all correlated with tutor delayed learning, suggesting the tutors ben-
efitted from the reflective processes triggered by tutee problem-solving actions. The
evidence supporting the theory that tutors benefitted from constructing help was
more mixed. Although learning was related to communicating fixed support and
giving good help when needed, tutors did not benefit from giving good help in gen-
eral or communicating adaptive assistance received from the CTA. It is possible
that increased domain learning led to these good tutoring behaviors, rather than
the other way around. Roscoe and Chi (2007) hypothesized that while tutors ben-
efit from knowledge-building, they do not benefit from communicating knowledge
that they already know, and it is possible that when looking at student elaborated
help, we cannot distinguish knowledge-building from knowledge-telling. Addition-
ally, the benefits of being a tutor may have been offset by the disadvantages of
being tutored by a peer. It is potentially problematic that the same elements that
led tutors in the collaborative conditions to learn (viewing errors and fielding help
requests) are elements that signify a lack of tutee knowledge. Further, we did not
find many relationships between collaborative process and tutee learning, although
we did find some evidence that receiving help when needed related to tutee learn-
ing. It is possible that tutors did not exhibit a sufficient number of positive tutoring
behaviors to have a noticeable beneficial effect on tutee learning. It is striking that
students in the peer tutor role benefitted from the same interactions that related
to less learning for students in the tutee role. It may have been the design of the
peer tutoring script itself that lead to the lack of differences between the individual
and collaborative conditions in the current experiment. These results do not corre-
spond to other collaborative learning experiments that have demonstrated benefits
for collaboration (Lou, Abrami, & D’Appolonia, 2001).

Given the above interpretation of the results, one logical conclusion might be to
replace the tutee with a simulated student (e.g. Leelawong, & Biswas, 2008). Here,
the peer tutor (assisted using adaptive support) would be able to engage in the
same reflective processes as we observed in our study, but there would be no tutee
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to suffer from the peer tutor’s lack of expert help. Further, with a simulated student
the experimenter could carefully structure the interaction to create situations where
peer tutors are likely to engage in beneficial behaviors. While this is an entirely valid
approach in its own right, the benefits gained by replacing the human tutee might
be counterbalanced by the additional constraints placed on the interaction. The
process of receiving requests for help and constructing relevant explanations has
been shown in several studies to contribute to peer tutor learning (e.g. Webb, &
Mastergeorge, 2003), and using the agent as a tutee would limit the expressiveness
of the dialog to the limitations of the technology. Further, it might be that students
are more motivated to engage in reflective and elaborative processes when they are
interacting with a classmate than when they are interacting with a computer. For
example, the feelings of social responsibility for your partner that can lead to greater
learning from reciprocal peer tutoring activities (Fantuzzo et al., 1992) may not be
engaged if students are aware they are interacting with a computer. In general, the
nature of an interaction between a peer tutor and a simulated student would likely
be very different than an interaction between a peer tutor and a peer tutee.

Another design direction that we are currently exploring is to provide the peer
tutor with additional support in helping the tutee. It appears that peer tutors
already naturally engage in the reflective processes that lead to learning, but may
need more support engaging in elaborative processes and giving good help to their
tutees. Thus, we first need to support peer tutors in constructing conceptual, elab-
orated help, by automatically detecting when their help is unelaborated (e.g. “sub-
tract 2”), and then by providing assistance at this critical moment. It may be
necessary to both remind tutors that they should be giving better help and provide
them with sufficient scaffolding to ensure they are capable of doing so. Second, we
need to support peer tutors at providing relevant help at moments when tutees have
reached impasses. It may be necessary to automatically detect these points where
tutees need help, determine whether tutors have provided relevant help, and if not,
scaffold them in constructing help that targets tutee misconceptions. In this manner,
peer tutors may be able to surpass the helping abilities of intelligent tutors; they
will be giving tutees help when they need it, but the help might be more tailored
the tutee’s level of understanding. However, without sufficient support, peer tutors
might continue to fall short in providing support to tutees. Of course, assessing the
quality of peer tutoring as it is occurring and determining how to provide assistance
that students can use to improve their interaction is a difficult goal that will require
many iterative steps to achieve. Nevertheless, there is promise in the approach of
increasing the effectiveness of intelligent tutoring systems by augmenting them with
supported collaborative activities.

6. Conclusion

In this paper, we described a peer tutoring addition to the Cognitive Tutor Algebra
(CTA). We evaluated the effects of the system in a classroom setting by comparing
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it to a peer tutoring condition with no adaptive support and individual learning
using the CTA. In evaluating collaborative learning interventions, it is important to
relate process data to outcome data, but relevant process data is often challenging
to collect in a classroom environment. Our study set up a complex learning setting,
spanning individual and collaborative learning, different phases of learning, and
different student roles. By combining intelligent tutoring technology with computer-
supported collaboration we were able to collect a variety of process data, ranging
from the correctness of problem-solving steps to the dialog between the peer tutor
and tutee.

Multiple data sources improved our understanding of the benefits of peer
tutoring and adaptive assistance. We were able to specifically link tutor gains to
problem-solving behaviors that would logically trigger reflection, such as errors,
help-requests, and tutor feedback. Further, the most interesting results required
data sources to be combined in a single analysis. Help needed (which links tutee
problem-solving and tutor help) and assistance communicated (which links cog-
nitive tutor feedback and tutor help) are the two clear examples of this. These
empirical results are not common in other work, potentially because this data is
rarely available in an integrated form.

In summary, although there were no outcome differences between conditions, we
used the integrated data we collected to develop a more complete picture of how
students learned in our environment. We explored the process differences and sim-
ilarities between individual and collaborative learning, and between learning using
fixed and adaptive assistance. We found results in line with existing theories of how
peer tutors and tutees benefit from tutoring. Additionally, because of the richness
of our data, we were able to contribute to the literature in learning by tutoring
in two ways: connecting tutee problem-solving actions to learning by tutoring, and
assessing whether tutor help was delivered when it was needed. We are also one
of the few studies to analyze how a variety of tutoring processes might relate to
learning in our environment, rather than focusing in on a single process. None of
these analyses would have been possible without integrating data from multiple
sources, and we hope to see these techniques applied in other collaborative learning
domains.
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