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Abstract 
Success in collaboratively learning subject matter means 
both learning the subject matter (collaborating to learn), and 
learning how to effectively manage the team interaction 
(learning to collaborate). Supporting on-line learning teams 
means supporting both these activities. We focus on the 
problem of assimilating the knowledge needed to address 
interaction problems that may arise during collaborative 
learning sessions. This involves gathering knowledge about 
the types of problems that learning groups might encounter, 
evaluating methods for identifying situations in which those 
problems exist, and implementing strategies to facilitate 
groups learning on-line. 

 

Introduction  
Success in collaboratively learning subject matter means 
both learning the subject matter (collaborating to learn), 
and learning how to effectively manage the team interac-
tion (learning to collaborate). The knowledge acquisition 
process for systems that support collaborative learning 
warrants a closer look in light of this additional complex-
ity. This paper discusses issues in the process of assimilat-
ing the knowledge required to support human-human inter-
action in networked learning environments. 

The EPSILON (Encouraging Positive Social Interaction 
while Learning ON-Line) Project aims to provide empiri-
cally grounded, just-in-time support to learning teams by 
employing artificial intelligence algorithms to dynamically 
analyze team members’ actions and conversation. A sys-
tem with the expertise to observe, analyze, and support 
collaborative learning activities must be a subject matter 
and social interaction expert, as well as an expert in coach-
ing these skills, and communicating effectively with the 
learning group. This is a tall order for an AI system! In the 
next section, we discuss the steps the EPSILON Project 
team has taken to address a few of the issues.   
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The Knowledge Acquisition Process 
A supportive collaborative learning system that knows how 
to address interaction problems that may arise during col-
laborative learning sessions requires knowledge about the 
types of problems that may arise, knowledge about how to 
identify episodes of interaction in which those problems 
exist, and knowledge about how to facilitate groups having 
those problems. The following three subsections discuss 
each of these knowledge acquisition phases. 
 

Knowledge about How People Interact while 
Learning 
Models of social interaction provide some assistance in 
identifying the types of problems that may arise during 
collaborative learning sessions. These models describe 
characteristics of effective group interaction, such as idea 
generation and constructive criticism (Jarboe, 1996), mul-
tiple perspectives, viewpoints, and representations 
(Koschmann, Kelson, Feltovich, and Barrows, 1996), so-
cial grounding and shared understanding (Teasley and Ro-
schelle, 1993), positive interdependence (Johnson, John-
son, and Holubec, 1990), and peer tutoring (Webb, 1992).  

Models such as these have been successfully applied to 
classroom practice, however they present a view of effec-
tive social interaction at a level of abstraction too high to 
directly implement in a system. Whereas a classroom 
teacher facilitating a learning group may be guided by 
these models in deducing situations in which a group needs 
explanation or encouragement, a software agent playing 
the role of a group facilitator must be able to analyze a 
group’s interaction based on the students’ communication 
patterns and their problem solving actions. Earlier work 
done by the first author and her colleagues (Soller, Good-
man, Linton, and Gaimari, 1998) attempted to assimilate 
the social interaction models described above, and others, 
to form a comprehensive model that could be directly ap-
plied by an adaptive collaborative learning environment. 
This research uncovered the need for a model operating at 
an even lower level of abstraction and integrating linguistic 
and social considerations. 
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Learning to Evaluate the Effectiveness of 
Collaborative Learning 
Knowledge about how students in effective teams interact 
is useful to a system only if it can apply this knowledge to 
recognize specific situations that call for intervention. 
Classroom teachers learn to analyze and assess student 
interaction through close observance of group interaction, 
trial and error, and experience. Developing a system that 
can analyze group conversation, however, poses its own 
challenges.  

Although research in discourse and pragmatics (Grosz 
and Sidner, 1986; Mann and Thompson, 1986) provides 
insight into the nature and structure of communication pat-
terns, the dynamic and, to some extent, unpredictable na-
ture of human interaction deems natural language under-
standing a difficult, interdisciplinary area of research. Cahn 
and Brennan (1999), however, explain that a system can 
represent or model a dialog using only the “gist” of succes-
sive contributions; a full account of each contribution, ver-
batim, is not necessary. Previous work has established 
promising research directions based on approaches that 
adopt this idea. These approaches make use of structured 
communication interfaces that require users to make the 
intention of their conversational contributions explicit 
(Baker and Lund, 1996; Flores et al., 1988; McManus and 
Aiken, 1995; Soller, Linton, Goodman, and Lesgold, 
1999). 

It would be impossible to enumerate and assess the ef-
fectiveness of all possible interaction patterns. Simple sta-
tistical, categorical, or rule-based approaches may work 
well for some domains (including individual computer-
based training), however the dynamic nature of human 
communication and interaction accounts for too many 
variables to effectively apply such approaches to evaluate 
collaboration. For this reason, we have begun to explore 
the use of supervised machine learning, and other artificial 
intelligence approaches for recognizing the onset and char-
acteristics of effective collaborative learning episodes.  

A review of research in the area of machine learning ap-
plied to linguistic problems revealed a significant amount 
of work in determining which cue words and phrases iden-
tify specific conversational intentions (e.g. DiEugenio, 
Moore, and Paolucci, 1997; Samuel, Carberry, and Vijay-
Shanker, 1998), and using this information to automati-
cally perform speech act tagging (Stolcke et al., 2000), but 
very little research in examining the problem of identifying 
desirable sequences of utterances. Katz, Aronis, and Creitz 
(1999), however, have successfully applied rule learning 
techniques to construct hierarchies of increasingly general 
speech acts and speech act categories from tagged tutorial 
dialogue.  

Barros and Verdejo (1999) rate the asynchronous col-
laboration between pairs of students along 4 dimensions: 
initiative, creativity, elaboration, and conformity. For ex-
ample, making a proposal positively influences initiative 

and negatively influences conformity. These four attrib-
utes, along with others such as the mean number of contri-
butions by team members and the length of contributions 
factor into a fuzzy inference procedure that rates students’ 
collaboration on a scale from “awful” to “very good”. This 
work is seminal in breaking asynchronous collaboration 
down into its contributing factors, and computing a fuzzy 
rubric to evaluate the final product of group interaction. A 
closer look at sequences of specific learning episodes dur-
ing group problem solving may help in composing rubrics 
for dynamically evaluating synchronous collaborative ac-
tivity, enabling a facilitator agent to provide direction at 
the most appropriate instances. 

An exploratory study performed by the EPSILON team 
considered the possibility of training a neural network to 
learn sequences of student interaction that yield the most 
(and least) productive learning opportunities. Given a clas-
sification scale of learning effectiveness (very effective to 
very ineffective), and a set of classified training data (in 
the form of speech acts, such as Request or Acknowledge), 
the backpropagation algorithm correctly assessed the effec-
tiveness of 13/15 sequences of new student dialogues. The 
weights in the network revealed that interaction sequences 
comprised mainly of acknowledgement (“OK”, “Yes”, or 
“No”) yield low learning achievement, and that a high de-
gree of argument and disagreement during learning may 
contribute toward less effective learning. The network 
weights also showed that sequences of effective student 
interaction contain a balance of different types of conversa-
tional contributions (e.g. Request, Inform, Mediate). These 
results are consistent with the statistical analysis presented 
in (Soller, Linton, Goodman, and Lesgold, 1999). 

In a similar exploratory study, we trained Hidden 
Markov Models (HMMs) to (1) identify the student play-
ing the role of knowledge "sharer" during knowledge shar-
ing episodes, and (2) determine the effectiveness of the 
episode. A knowledge sharing episode is defined as a seg-
ment of interaction during which one team member shares 
new knowledge with the group. The episode is considered 
effective if one or more students learns the new knowledge 
(as shown by a difference in pre-post test performance), 
and ineffective otherwise. The 5 node HMM for selecting 
the student playing the role of knowledge sharer performed 
at 100% accuracy (it classified the knowledge sharer cor-
rectly in 15/15 sequences), and the 6 node HMM for de-
termining the effectiveness of the episode performed at 
92% accuracy. The data was taken from transcripts of five 
groups of three students each collaborating on-line to solve 
object oriented analysis and design problems. The prelimi-
nary results of this study are promising, however more data 
is needed to confirm these findings. 

We are in the process of surveying the potential of vari-
ous other machine learning approaches, including decision 
tree and rule learning algorithms, to learn events indicative 
of effective knowledge sharing and transfer. Success in 
recognizing and quantitatively evaluating collaborative 



learning activities that are initiated by knowledge sharing 
events strengthens the possibility of an intelligent system 
that can identify and facilitate other types of collaborative 
learning events.  
 

Knowledge about Coaching Group Learning 
A collaborative learning system, having learned how to 
recognize episodes of interaction requiring facilitation, 
must then know what to do in those situations to increase 
the group’s productivity. In some cases, it may be appro-
priate for the system to intervene and offer advice to an 
individual or to the group. In other cases, the system may 
choose to participate in the conversation (Chan and Baskin, 
1988; Rich and Sidner, 1996),  playing the role of a devil’s 
advocate or motivator. 

The Collaborative Learning Model (developed by Soller 
et al., 1998) describes potential indicators of effective col-
laborative learning teams based on a review of research in 
educational psychology and computer-supported collabora-
tive learning (Brown and Palincsar, 1989; Jarboe, 1996; 
Johnson, Johnson, and Holubec, 1990; McManus and 
Aiken, 1995; Teasley and Roschelle, 1993; Webb, 1992), 
and empirical data from the study described in (Soller et 
al., 1998).  For each indicator of effective collaborative 
learning, the model proposes strategies for promoting ef-
fective peer interaction. These strategies include assigning 
students roles to induce multiple perspectives, initiating 
and facilitating brainstorming sessions to increase idea 
generation, and allowing students to view and comment on 
their student models, which describe the system’s assess-
ment of their performance. Further work is needed to de-
termine how to associate various coaching strategies to the 
situations that trigger them. 

 

Conclusions and Discussion Questions 
Students in effective collaborative learning teams are both 
effective collaborators and effective learners. Supporting 
on-line learning teams means supporting both these activi-
ties. In this paper, we have focused on the problem of as-
similating the knowledge needed to support student col-
laboration. This involves gathering knowledge about the 
types of problems that may arise in learning groups, evalu-
ating methods for identifying situations in which those 
problems exist, and implementing strategies to facilitate 
groups learning on-line. 

Models of small group learning provide an understand-
ing of how to address specific group needs, but assessing 
student interaction to determine the best type of support to 
provide is a difficult task even for human facilitators. The 
EPSILON Project team is exploring the possibility of train-
ing a supervised machine learning algorithm to distinguish 
between effective and ineffective sequences of student 
interaction.  Neural Networks and Hidden Markov Models 
have shown promise in this regard. 

We would like to pose the following questions, which 
we will be addressing while analyzing data from our latest 
experiment, to the attendees at this symposium. Can impor-
tant aspects of interaction and learning success be recog-
nized without consideration of the dialog content? What 
artificial intelligence approaches might be useful in learn-
ing to recognize sequences of interaction indicative of ef-
fectiveness? Is learning how to collaborate much different 
from learning how to do other things, and must this “skill” 
be learned in the context of learning other activities? If so, 
how does this (if at all) change the process of knowledge 
acquisition for the training of collaborative activities? 
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