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Enhancing Scientific Reasoning and 
Discussion with Conversational Agents

Gregory Dyke, David Adamson, Iris Howley, and Carolyn Penstein Rosé

Abstract—This paper investigates the use of conversational agents to scaffold on-line collaborative learning discussions 
through an approach called Academically Productive Talk (APT). In contrast to past work on dynamic support for collaborative 
learning, which has involved using agents to elevate the conceptual depth of collaborative discussion by leading students in 
groups through directed lines of reasoning, this APT based approach lets students follow their own lines of reasoning and 
promotes productive practices such as explanation of reasoning and refinement of ideas.  Two forms of support are contrasted, 
namely Revoicing support and Feedback support.  The study provides evidence that Revoicing support resulted in significantly 
more intensive reasoning exchange between students in the chat and significantly more learning during the chat than when that 
form of support was absent.  Another form of support, namely Feedback support increased expression of reasoning while 
marginally decreasing the intensity of the interaction between students and did not affect learning. 

Index Terms—collaborative learning, intelligent agents, psychology.
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1 INTRODUCTION
 large body of work has shown that certain forms of 
classroom interaction, termed Accountable Talk, or 
Academically Productive Talk (APT), are beneficial for 

learning with understanding in subjects such as math and 
science [17]. In this paper we explore how we can achieve 
some of the benefits of this form of learning support with-
in small online groups engaged in learning scientific con-
tent supported by technology. 

In prior work using intelligent conversational agents to 
support collaborative learning, the agents have provided 
social support, affording the agents a more credible social 
standing in the group and helping to diffuse tension and 
create a productive learning environment [14].  Further-
more, they have provided conceptual support, designed 
to elicit more depth by leading students through directed 
lines of reasoning, referred to as knowledge construction 
dialogues (KCDs) [2][13][14]. KCDs have been shown to 
increase learning gains in Science [19], Math [12], and 
Engineering [13], particularly in situations where the 
conversational agents also provide social support [2][14].  
However, the necessity of designing them statically, with 
a pre-defined line of reasoning in mind, both makes them 
hard to adapt to new subject material and does not fully 
exploit the benefits of collaborative learners following 
their own spontaneous lines of reasoning. 

We have therefore drawn on and integrated extensive 
work related to the support of classroom discourse, in 

order to investigate the use by conversational agents of 
facilitation moves that promote Academically Productive 
Talk [17].  The aim of APT facilitation moves is to increase 
the amount of displayed reasoning and transactivity [5], 
which is the extent that learners build on the ideas of oth-
ers. The extent to which learners build on each other’s 
contributions rather than simply talking about their own 
ideas can be thought of as a desirable intensity in the in-
teraction.  This is achieved by dynamically reacting to 
student discussions and directing them to listen to and 
respond to each other in constructive ways. Furthermore, 
as APT refers both to learners’ social positioning with 
respect to each other and their conceptual positioning 
with respect to knowledge, it provides us with a theoreti-
cal framework to better integrate the social and conceptu-
al support aspects of conversational agents in a general-
izable and scalable way. 

In this paper, we first discuss the theoretical founda-
tion for our work from the classroom discourse and com-
puter supported collaborative learning communities.  We 
then describe a new architecture for enabling the flexible 
development of orchestrated, APT-based dynamic collab-
orative learning support.  Finally, we describe a class-
room study involving students from seven 9th grade biol-
ogy classrooms that provides evidence of significant posi-
tive effect of multiple forms of APT-based support. 

2 THEORETICAL FRAMEWORK 
The theoretical foundation for the work reported in this 
paper comes from three areas.  Specifically, we first draw 
from the literature on Academically Productive Talk.  
Next we draw from the literature on scripted collabora-
tion from the Computer Supported Collaborative Learn-
ing community.  Finally, we draw from the recent litera-
ture on Dynamic Support for Collaborative Learning. 
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2.1 Academically Productive Talk
Academically Productive Talk has grown out of frame-
works that emphasize the importance of social interaction 
in the development of mental processes, and has devel-
oped in parallel to similar ideas from the computer-
supported collaborative learning community. Michaels, 
O’Connor and Resnick [17] describe some of the core dia-
logic practices of Academically Productive Talk along 
three broad dimensions: 

1. Students should be accountable to the learning 
community, listening to the contributions of oth-
ers and building on them to form their own. 

2. Students should be accountable to accepted 
standards of reasoning, emphasizing logical con-
nections and drawing reasonable conclusions. 

3. Students should be accountable to knowledge, 
making arguments that are based explicitly on 
facts, written texts or other public information. 

 
Such practices are unfamiliar in many classrooms. Not 

only must they be introduced to students, it is also neces-
sary to provide teachers with the means to scaffold and 
support these interaction forms. Drawing on over 15 
years of observation and study, Michaels, O’Connor and 
Resnick propose a number of core “moves” that teachers 
can draw upon in order to encourage the development of 
academically productive classroom discussion. This set of 
moves includes: 

 
1. Revoicing a student statement: “So let me see if 

I’ve got your thinking right. You’re saying XXX?”  
2. Asking students to apply their own reasoning to 

someone else’s reasoning: “Do you agree or  
disagree, and why?”;  

3. Prompting students for participation: “Would 
someone like to add on?”;  

4. Asking students to explicate their reasoning: 
“Why do you think that?”  

 
The teacher’s facilitation plays a key role in encourag-

ing students to display their reasoning and build on each 
other’s reasoning, and, importantly, does not lead to a 
teacher-centered discussion. Instead, the teacher uses Ac-
ademically Productive Talk to hold students accountable 
for their own knowledge and reasoning, and to remind 
them to hold themselves and each other accountable 
likewise. In studies where teachers used approaches like 
Academically Productive Talk, students have shown 
steep changes in achievement on standardized math 
scores, transfer to reading test scores, and retention of 
transfer for up to 3 years [1]. 

 
2.2 Script-Based Support for Collaboration
The Computer Supported Collaborative Learning com-
munity shares many of the same values related to desired 
conversational practices in student group discussions. For 
example, externalizations of reasoning and connections to 
prior reasoning, as captured by the Transactivity con-
struct [5], have been shown to be positively correlated 
with learning in collaborative environments [3].  This en-

couragement toward connected displays of reasoning is 
quite similar to APT’s aims of accountability to group and 
individual knowledge and reasoning. What is different is 
that a teacher is normally not present to support practices 
within an online collaborative setting.  Thus, it is neces-
sary to design environments with affordances that play 
the same role, to whatever extent is possible. The most 
popular approach to providing such affordances in the 
past decade has been that of script-based collaboration 
[11]. 

A collaboration script may describe any of a wide 
range of features of collaborative activities, including its 
tasks, timing, the distribution of roles, and the methods 
and desired patterns of interaction between the partici-
pants. Scripts can be classified as either macro-scripts or 
micro-scripts [7].  Macro-scripts are pedagogical models 
that describe coarse-grained features of a collaborative 
setting, which sequence and structure each phase of a 
group's activities by attributing roles and tasks in order to 
foster collaboration. Micro-scripts, in contrast, are models 
of dialogue and argumentation that are embedded in the 
environment, and are intended to be adopted and pro-
gressively internalized by the participants. Examples of 
macro-scripts include the classic Jigsaw activity, as well 
as more tailored approaches like ArgueGraph and Con-
ceptGrid [10].  Micro-scripting can be implemented by 
offering prompts or hints to the user to guide their contri-
butions [21], which may depend on the current phase of 
the macro-script. Traditional collaboration scripts such as 
these can support both conversational and reasoning 
practices, but fall short of providing the active facilitation 
described by the APT literature. 
 
2.3 Dynamically Scripted Support

Early approaches to scripted collaboration, as de-
scribed above, have been static, offering the same script 
or supports for every group in every context. Such non-
adaptive approaches can lead to over-scripting [6], or to 
the interference between different types of scripts [22]. A 
more dynamic approach that triggers micro-scripted sup-
ports or the appropriate phases of macro-scripts in re-
sponse to the automatic analysis of participant activity 
[20] would be preferable. This analysis could occur at a 
macro-discourse level, following the state of the activity 
as a whole, or it could be based on the classification of 
individual user contributions. Further, the benefits of fad-
ing the support over time [21] could be more fully real-
ized, as the timing and degree of such fading could be 
tuned to the group's level of internalization. The collabo-
rative tutoring agents using the Basilica agent architecture 
described by Kumar and Rosé [15] were among the first 
to implement dynamic scripting in a CSCL environment 
and demonstrate gains over otherwise equivalent static 
support. More recent work by Baghaei et al [4] and Diziol 
et al [8] similarly show that while the field of adaptive 
support for collaborative environments is still in its infan-
cy, such supports can produce effects on student interac-
tion and learning. 
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3 CONVERSATIONAL AGENT ARCHITECTURE
Just as human teachers orchestrate elements of collab-

orative learning in their classrooms, a conversational 
agent-as-facilitator must concurrently manage several 
differently-scoped supports and behaviors, including col-
laborative macro-scripts, social cues, and adaptive facili-
tation. The Basilica agent architecture [15] was among the 
first to implement support for the modular composition 
of tutor behaviors within a CSCL environment. The open-
source Bazaar architecture described in this paper builds 
upon Basilica to address the challenge of orchestration, 
replacing the former’s ad-hoc inter-behavior communica-
tion with a framework specifically designed for coordi-
nating multi-dimensional collaborative agents.  

In the next two sections, we describe the behavioral 
components implemented to provide Academically Pro-
ductive Talk (APT) facilitation for this study. In Section 
3.3, we describe the remaining components of our agent, 
and briefly outline the way Bazaar explicitly addresses 
orchestration between behaviors. 

 
TABLE 1

AGENT FACILITATION EXCERPT

T  
script 

What changes do you think you'll see in this condi-
tion? Agree on a prediction for what you'll observe 
over time, *and* an explanation that everyone un-
derstands. 

S01 yeah it creaced after time went on and more glucose 
moved through the strip 

S01 i think after time goes by glucose wont enter ther 
distilled water 

T  
feedback 

Thanks for starting a prediction, S01. 

S02 maybe you'll see that the color of the strip changes 
because the glucose passes through the membrane of 
the cell therefore decreasing the amount outside and 
leaving little to none for the indicator to pick up 

T  
revoice 

Maybe you could state that as "the glucose can pass 
through the cell membrane." 

S02 yeah you could say that 
T  
social 

I wonder what S03 has to say. 

S01 would that be our explanation ? 
S02 lets see what S03 has to say first then we'll get an 

explaination 

3.1 Automatic Revoicing
One of the forms of support evaluated in this paper is a 
Bazaar component that performs a form of APT referred 
to as Revoicing. The agent compares student statements 
against a list of conceptually correct statements devel-
oped with teachers. In the study described in this article, 
64 such statements were developed and validated against 
pilot data. For each student turn, we calculate a measure 
of “bag of synonyms” cosine similarity against each ex-
pert statement, based on the method described by Fer-
nando and Stevenson [9]. If this similarity value exceeds a 
set threshold, we consider the student's turn to be a pos-
sible paraphrase of the matched statement, and thus “re-
voicable”. If the matched entry has not triggered a revoice 

before, the Revoicing component responds by offering it 
as a paraphrase of the student's turn, for example “So 
what I hear you saying is XXX. Is that right?” An example 
of this behavior is displayed in context in Figure 1, with 
the text of the interaction contained in Table 1. All oc-
curences of revoicable turns are logged for later process 
analysis, independent of the agent's performance of re-
voicing moves. 

3.2 Academically Productive Feedback
Another manipulation implemented using Bazaar and 
evaluated in this study is a component that provides posi-
tive feedback for APT. Student input is matched against a 
list of expressions indicating the performance of transac-
tive reasoning and APT moves, based on the descriptions 
by Michaels, O’Connor, and Resnick [17], including ex-
planation, challenge, revoicing, and requests for others to 
provide each of the same. If a student statement matches, 
the agent publicly praises the student's move, and (when 
appropriate) encourages the other students to respond.  
All students who participated in the study reported in 
this paper received instruction about APT in the form of a 
cartoon illustrating the discussion moves prior to the 
online collaborative activity.  Rather than perform APT 
based facilitation itself, as the Revoicing behavior did, the 
Feedback behavior was meant to indirectly support the 
prevalence of APT in the discussions by rewarding stu-
dents for taking this facilitation role.  
 
3.3 Orchestrating Agent Behavior 
The revoicing prompts and APT feedback behaviors ma-
nipulated in this study were performed by the agent in 
tandem with other forms of support that were common 
across all conditions. One such support was a static col-
laborative macro-script that structured the overall timing 
and flow of the activity, providing prompts for each prob-
lem set and updating the figures displayed on the white-
board at predetermined intervals. Another shared com-
ponent inserted dymanically-triggered social prompts 
designed to encourage participation and group cohesion, 
as employed in earlier work by Kumar [14]. 

 The orchestration of multiple supports is enabled by 
the Bazaar architecture. The user-facing actions proposed 

Fig. 1. The collaborative environment used in the studies described. 
At left, items for discussion are displayed. At right, students interact 
with each other and the agent through text chat. 
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by each behavioral component are delivered to the archi-
tecture’s Output Coordinator, which periodically selects 
and enacts these proposals from a priority queue. Accept-
ed proposals can install "advisors" that temporarily influ-
ence the priority of future proposals, allowing a compo-
nent to "hold the floor" or promote other types of fol-
lowup actions. 

This facet of the Bazaar architecture is illustrated in 
Figure 2 – in the example configuration shown, when the 
Revoice move is accepted, it installs an advisor that 
blocks additional proposals long enough for the students 
to process the move and respond. The Social proposal is 
meant as an immediate response to a particular student 
turn, and thus was defined with a short timeout and a 
low priority – it will likely expire before the Revoice advi-
sor releases the floor. Similarly, the macro-script compo-
nent may propose the next segment of timed dialogue 
while the Revoice advisor is still active – but (in this par-
ticular configuration) as the script move's precise timing 
is less important, it is defined with a longer timeout, and 
will wait for the revoicing exchange to finish before pro-
gressing with the script. This flexible coordination of in-
dependent conversational behaviors allows the quick 
composition of dynamic experimental manipulations 
with standard collaborative supports. 

4 METHOD
In accordance with the literature on APT used as a class-
room facilitation technique, in this study we test the hy-
pothesis that appropriate APT support in a computer-
supported collaborative learning setting will: 

Intensify the exchange of reasoning between stu-
dents during the collaborative activity 
Increase learning during the activity 
Better prepare students for subsequent learning 
outside of the small group environment 

 
4.1 Instructional Content and Study Procedure
 
Participants: This study was conducted in seven 9th grade 

biology classes of an urban school district. The classes 
were distributed across two teachers (with respectively 3 
and 4 classes) for a total of 78 consenting students, who 
were randomly assigned to groups of 3.  Groups were 
randomly assigned to conditions.   
 
Experimental Manipulation: This study was run as a 2x2 
between subjects factorial design in which the APT agents 
provided some behaviors in common across conditions, 
but other behaviors were manipulated experimentally.  
Across all conditions, the agent provided the same macro 
level support by guiding the students through the activity 
using the same phases introduced in such a way as to 
control for time on task.  It was the microscripting behav-
iors that were manipulated experimentally in order to 
create the four conditions of the 2X2 factorial design.  The 
first variable for manipulation was the presence or ab-
sence of the Revoicing behavior described in Section 3.1. 
The second variable was the presence or absence of the 
APT Feedback behavior described in Section 3.2. 

In addition, in each classroom session, a group was 
provided with “Wizard of Oz” support in which a human 
experimenter performed both revoicing and feedback.  
We did this in order to assess whether any deficiency in 
positive effect of either factor might be due to technical 
failure rather than poor design.  Results in the Wizard 
conditions on all measures were always within the same 
range as in the fully automatic support conditions. 
 
Learning Content: The study was carried out during a 
module introducing the concepts of selective permeabil-
ity, diffusion, osmosis and equilibrium. In this module, 
students observe that glucose, water and iodine mole-
cules all diffuse through dialysis tubing while starch mol-
ecules do not. The activity naturally lends itself to observ-
ing a variety of distinct cell models involving dialysis 
tubing containing an inside environment immersed in a 
beaker containing the outside environment. In each, a 
choice must be made for which liquid will be placed out-
side and which liquid will be placed inside.  Four were 
used in the study: 

1. Model A includes a starch suspension inside di-
alysis tubing and iodine solution outside (the io-
dine serves as an indicator for starch). 

2. Model B is the opposite of A, having the iodine 
solution within the dialysis tubing and the starch 
suspention outside. 

3. Model C includes a glucose solution on the in-
side of the tubing and distilled water outside. 

4. Model D is the opposite of C, with distilled water 
in dialysis tubing and glucose solution outside. 

In the case of cell models A and B, movement of the 
starch suspension and iodine solution can be detected 
through a change in color of the inside or outside envi-
ronment.  In the other two models, indicator strips that 
change color in the presence of glucose can detect wheth-
er the glucose solution has mixed with the water. 

The collaborative task content, the macro-scripts that 
supported it, and the list of key concepts used for revoic-
ing were all developed iteratively with feedback from 

Fig. 2.  Overview of Bazaar component architecture.
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teachers and content experts. 
 
Study Procedure: The study was conducted over three 
phases, which occurred as single class periods over two 
school days. 

The first phase (“day 1”) involved the teachers running 
a lab as a demonstration of building a cell model with 
their students as they would normally with cell model A, 
the condition of starch suspension inside dialysis tubing 
and iodine solution outside.  The students observe the cell 
model as it is constructed and then 24 hours later. The 
students took a pre-test at the end of this first phase. 

The second phase (“day 2”) was centered around a 20 
minute collaborative computer-mediated activity during 
which the experimental manipulation took place.  The 
students did the activity in groups of 3 students, scaffold-
ed by Academically Productive Talk agents.  Students 
within classes were randomly assigned to groups and 
then groups to conditions  This activity was introduced 
by a cartoon depicting the use of APT, a reminder of the 
results of the previous day (with cell model A) and an 
introduction to the “new” information: glucose and glu-
cose test strips. The conversational agent led the students 
through two new models:  cell models B and C.  

For each of these models, the agent showed the out-
comes after 1 and 24 hours in terms of the colors inside 
and outside (indicating whether starch and glucose had 
diffused in or out) and the weight of the tubing (indicat-
ing whether water had travelled). For each observation, 
the agent asked the students to come up with an explana-
tion. The agent then presented the students with cell 
model D, glucose outside and water inside (the opposite 
of model C) and asked the students to collaboratively 
come up with a prediction for what they would observe, 
and an explanation for their prediction. They were in-
structed to write down their prediction and explanation 
when they were in agreement and were informed that 
there would be prizes for the best explanations. To assist 
them in this activity, students were given a worksheet 
summarizing the setup for each condition and providing 
space to write down their prediction and explanation for 
cell model D. At the end of this second phase, the stu-
dents took the Post-Activity test. 

The computer activity was intended to equip the stu-
dents with enough empirical data and attempts at reason-
ing to prepare them for the third phase (“day 3”), a full 
class APT discussion with their teacher, during which 
they would reconcile their different understandings and 
explanations. At the end of this discussion, they took a 
Post-Discussion Test. 

4.2 Measurement
Domain knowledge was measured at three time points 

using a paper based test.  Each of the three tests (Pre-Test, 
Post-Activity Test, Post-Discussion Test) followed a simi-
lar format: a multiple choice question, a fill in the blank 
question, and what we refer to as a concept cartoon, which 
displayed a scenario that a student was required to gen-
erate an explanation about. In particular, the idea of the 
concept cartoon is to present a contextualized situation 

with three statements which can all be true given certain 
assumptions. Respondents are asked to pick the state-
ment they are most in agreement with and to explain why 
they agree. As an example, the text from the post-activity 
test’s concept cartoon question is given below. 

“We fill the same sort of dialysis tubing from our earlier ex-
periments with pure water, and place it in a pitcher of Kool-
Aid. Which of the statements about the next 24 hours do 
you agree with the most? Explain your reasoning. 
A: The liquid inside the tubing will taste sweeter than the 

liquid on the outside. 
B: The liquid inside the membrane won’t taste sweet at all. 
C: The liquid inside will taste just as sweet as the liquid on 

the outside.“ 
Each test covered the same knowledge but used different 
scenarios. The knowledge to be covered by each test was 
established in coordination with the teachers, with teach-
er trainers who identified common misconceptions, and 
with test results from a pilot run the previous year. 

Each of the concept cartoon explanations was graded 
along four dimensions: the number of science terms used 
properly in a way that demonstrates understanding (e.g. 
“diffuse through the membrane” as opposed to “went 
through the bag”) and the degree to which their explana-
tion addressed each of the three learning objectives of the 
activity: concepts of the scientific method, movement of 
molecules, and the behavior of semi-permeable mem-
branes. Thus, for each test, we compute a per-objective 
score for each learning objective, and a total score, which 
is the sum across learning objectives. After an initial 
round of concensus coding by two graders on a sample of 
each test to establish a coding manual, all the tests were 
graded by a single grader.  

4.3 Process Analysis
The goal of the intervention was to engage students in 

a more intensive exchange of explanations, which we re-
ferred to above as revoicable assertions.  By more inten-
sive, we do not mean that students utter more explana-
tions per se, but that the expanations they utter are di-
rected towards and building on those of their partner 
students.  Anecdotally, we observed that in some conver-
sations, there were bursts of explanation behavior where 
this kind of intensive knowledge exchange was taking 
place.  The purpose of our quantitative process analysis 
was to measure the extent to which this kind of bursty 
behavior was occurring within discussions as a result of 
the manipulation. 

In order to accomplish this, the chat logs were seg-
mented into 5 minute intervals such that one observation 
is extracted per student for each interval.  In each obser-
vation, we counted the number of revoicable assertions 
contributed by the student and the number of revoicable 
assertions contributed by other group members.  Conver-
sations with more bursty behavior patterns should have a 
higher correlation between these two variables, which 
would signify that students are more active in the conver-
sation when their partner students are also active. 

Thus, for the process analysis, we evaluate the effect of 
condition on the correlation within time slices between 
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occurrences of revoicable assertions of a student with 
those of the other students in the same group.  For this 
analysis, we used a multi-level model to analyze the re-
sults in order to account for non-independence between 
instances.  We expect to see that the correlation is signifi-
cantly higher in the condition with the intervention.  We 
do the analysis separately for each of the two interven-
tions, namely the Revoicing agent and the Feedback 
Agent.  Specifically, we used what is referred to as a ran-
dom intercept and slope model, which allows estimating a 
separate latent regression line for a student’s behavior in 
relation to that of their partner students within time slic-
es. In this model, each student trajectory is characterized 
by a regression with latent slope and intercept.  

To do this analysis, we used the Generalized Linear 
Latent and Mixed Models (GLLAMM) [18] add-on to 
STATA. The dependent measure was number of re-
voicable assertions by the student within the time slice.  
The independent variable was the number of revoicable 
assertions contributed by the other students in the group 
within the same time slice.  The condition variable was 
added as a fixed effect, and as an interaction term with 
the independent variable.  A significant interaction be-
tween condition and independent variable in this case 
would indicate a significant difference in correlation be-
tween a student’s contribution of revoicable assertions 
and that of their partner students, which would be indica-
tive of an intensification of the interaction between stu-
dents.  A significant difference in intercept between con-
ditions would indicate that the intervention raised the 
average number of revoicable assertions within time slic-
es. 

4.3 Results
In this study we have tested the hypothesis that offering 
dynamic microscripting support to computer supported 
collaborative learning groups in the style of Academically 
Productive Talk (APT) facilitation will produce more 
learning during collaborative learning discussions, will 
enrich the interactions between students, and will also 
better prepare them for participation in a whole group, 
teacher led discussion.   

As mentioned above, two independent manipulations 
were used to operationalize APT facilitation in this study, 
namely Revoicing and Feedback.  In order to evaluate the 
hypothesis, we took 3 measurements of domain 
knowledge, and conducted a process analysis of the in-
teraction.  In order to measure learning, we offered a pre-
test, post-activity test, and post discussion test.  Learning 
specifically between Pre-test and Post-Activity test is 
learning during the experimental manipulation.  In order 
to measure preparation for participation in the whole 
group discussion, we also evaluated learning between the 
Post-Activity test and the Post-Discussion test.  

Some data was incomplete due to students being ab-
sent from class on one of the 3 study session days.  Our 
analysis is therefore based only on teams where all three 
students were present on all 3 study session days.  Alto-
gether, 3 groups were dropped from the analysis, each 
from a different condition, leaving us with a total of 69 

students.   
The results per condition are summarized in Table 2, 

where test scores are expressed as percentages of the total 
composite test score, i.e., 0.7 signifies that 70% of possible 
points on the rubric were achieved. In this section we de-
tail our analyses and findings. 

 
TABLE 2

SUMMARY OF RESULTS PER CONDITION, MEAN 
(STANDARD DEVIATION)

 Control  Feedback 
Only 

Revoicing  
Only 

Revoicing 
and  
Feedback 

Pre Test .15 (.07) .09 (.08) .11 (.06) .11 (.08) 
Post-Activity 
Test 

.2 (.22) .16 (.15) .21 (.2) .18 (.1) 

Post 
Discussion 
Test 

.25 (.23) .18 (.11) .28 (.25) .23 (.17) 

 
As an additional methodological point, within the 

condition that included both Revoicing and Feedback, 
there was one team per class session for whom the inter-
vention was performed by a human selecting prompts 
from a list, as mentioned earlier in the paper.  We con-
ducted all of our analyses both with these data points 
included and without, and in no case were the results 
different.  In fact, the average test scores for the Wizard 
sessions in all cases were very slightly lower than the 
condition average.  Thus, in all cases, we include those 
data points in the analysis presented here. 

First, we verified that the students learned from the 
online activity.  For this analysis, we treated the three 
tests as repeated measures and built an ANOVA model 
with Test as dependent measure, and Time Point includ-
ed with Feedback and Revoicing as independent varia-
bles.  We also included all two-way interactions and the 
one three-way interaction term.  The result was that there 
was a significant effect of time point F(2,191) = 9.25, p < 
.0001, demonstrating that learning took place during the 
online activity.  There was no significant effect of any oth-
er variable, showing that there was learning in all condi-
tions.  In a student-t posthoc analysis, we found that the 
difference between pretest and the other two tests was 
significant, but that the difference between the Post-Test 
and the Post-Discussion test was not significant.  Howev-
er, the effect size (cohen’s d) of the difference between Pre-
Test and Post-Discussion test was larger than that be-
tween Pre-Test and Post-Test, i.e., .74 s.d. vs .45 s.d. using 
the pooled standard deviation (.16). 

As a more fine grained test of learning, we used in-
stead of the total test score as the dependent variable, the 
per-learning-objective score for the three learning objec-
tives, namely scientific method, movement of molecules, 
and semi-permeable membranes.  Thus, we had three 
observations per student, one for each learning objective.  
For this analysis we added an additional independent 
variable referred to as Objective as well as the interaction 
between this variable and the Time Point variable in or-
der to test for differential learning across learning objec-
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tives.  This analysis showed a more nuanced pattern.  
Specifically we see a significant interaction between Ob-
jective and Time Point, that shows that the significant 
gain for some learning objectives occurred during a dif-
ferent phase F(4, 410) = 3.2, p < .05. In particular, there 
was no significant difference across test phases for the 
scientific method.  There was a significant difference be-
tween Pre-Test and Post-Test on the concept of semi-
permeable membranes, but not between Post-test and 
Post-Discussion Test.  As for movement of molecules, we 
see significant gains between Post-Test and Post-
Discussion Test, but not between Pre-Test and Post-Test.  
Since we see differential learning across learning objec-
tives, in subsequent analyses of learning, we retain the 
Objective variable in our analyses. 

Next, we evaluated the effect of the experimental ma-
nipulation on learning.  First, we confirmed that our ran-
dom assignment was successful in assigning students to 
groups that were roughly equivalent with respect to prior 
knowledge.  We did this by using an ANOVA, with Re-
voicing and Feedback as independent variables and per-
learning-objective Pre-Test as the dependent variable.  We 
also included an interaction term for the interaction be-
tween Revoicing and Feedback.  Finally, we included the 
Objective variable as a final independent variable, and the 
interaction between Objective and all other variables and 
interaction terms. There were no significant effect of ei-
ther condition variable or the interaction on pretest score.  
Thus, students in all conditions began with about the 
same amount of prior knowledge.  The pattern was the 
same when considering the Objective variable.  Thus, pri-
or knowledge was consistent across conditions for all 
learning objectives. 

Then we tested the effect of the experimental manipu-
lation on learning during the collaborative activity using 
an ANCOVA with the per-learning-objective Post-
Activity test variable as the dependent variable and per-
learning-objective Pre-Test variable as a covariate.  All of 
the independent variables and interaction terms were the 
same as in the previous analysis.  In this analysis, we see 
a significant effect of the Revoicing Condition F(1,170) = 
5.06, p < .05 effect size .34 s.d., and no interaction with 
Objective.  There were no other significant main effects or 
interactions.  There was no significant effect of the Feed-
back manipulation.  And though there was no significant 
interaction effect, our observation was that in the condi-
tion where students received both manipulations, there 
was some evidence that the interventions interfered with 
each other.  Thus, students learned more in the Revoicing 
condition, and the effect was not specific to a learning 
objective.  There was also no significant effect of condi-
tion that remained by the Post-Discussion test, which 
demonstrates that whatever advantage students in the 
Revoicing condition achieved during the activity, the oth-
er students were able to catch up while interacting with 
them in the whole class discussion that followed. 

The process analysis using the random intercept and 
slope model showed an interesting contrast between the 
two interventions that is indicative of a possible explana-
tion for the differential effect on learning during the col-

laborative activity.  With the Revoicing agent, we saw the 
pattern that we anticipated in conjunction with a positive 
learning effect.  There was no significant difference in 
intercept between conditions, confirming that there was 
no difference in absolute number of revoicable assertions 
between conditions.  More importantly, there was no sig-
nificant correlation between the number of revoicable 
assertions of a student and that of his partner students in 
the control condition where there was not a Revoicing 
agent.  However, there was a significant interaction be-
tween the condition variable and the number of re-
voicable assertions contributed by partner students (R = 
.14, z = 2.03, p < .05), indicating that in the Revoicing con-
dition, there was a significantly higher positive correla-
tion between the number of revoicable assertions contrib-
uted by a student and that contributed by partner stu-
dents.  Thus, we do see evidence that the intervention had 
the effect of precipitating pockets of intensive discussion.   

In contrast, with the Feedback intervention we see an 
entirely different pattern.  In this case, there was a signifi-
cant positive effect on the intercept associated with the 
Feedback condition, indicating that students contributed 
significantly more revoicable assertions in the Feedback 
condition, however, there was a marginal interaction be-
tween condition and the number of revoicable assertions, 
this time with a negative coefficient (R = -.16, z = -1.87, p 
= .07), indicating that while students were talking more, 
they were interacting with one another less intensively, 
which is consistent with the finding of no effect on learn-
ing. A possible explanation is that the Feedback agent 
elicited interaction with itself while the Revoicing agent 
elicited interaction between students, which was the goal. 

4.4 Discussion 
The results offer support for the first two hypotheses, 
namely that one form of APT based support increases the 
intensity of interaction between students and increases 
learning during the collaborative activity.  We do not find 
support for the third hypothesis, that it better prepares 
students for learning during a whole class discussion.  In 
contrast, what we see is that students who learned less 
during the collaborative activity caught up with the stu-
dents who learned more when they all interacted together 
in the whole class discussion. 

Another interesting finding from this study is the dif-
ferential effect of the two distinct APT manipulations. 
Whereas Revoicing had a positive effect on learning as 
well as on the intensity of the interaction, Feedback had 
no effect on learning and a marginally negative effect on 
the intensity of the interaction.  Further investigation into 
the nature of the discussions that took place in the differ-
ent conditions will be needed to understand how the ma-
nipulations lead to differing effects. 

5 CONCLUSIONS AND CURRENT DIRECTIONS 
This article presents a first successful evaluation of a new 
form of dynamic support for collaborative learning that 
was inspired by the work in the classroom discourse 
community on Academically Productive Talk.  This form 
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of support was implemented within a recently developed 
agent based architecture called Bazaar, which extends 
earlier work with the Basilica architecture.  The proposed 
dynamic support approach was evaluated in a classroom 
study involving 7 9th grade biology classes in an urban 
school district.  The study provides evidence that one 
form of the support, namely the Revoicing support, re-
sulted in intensification of discussion within the collabo-
rative learning interaction and significantly more learning 
during the activity.   
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