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Abstract. Online discussion is a popular form of web-based computer-
mediated communication, and is a dominant medium for cyber communities in
areas of customer support and distributed education. Automatic tools for
analyzing online discussions are highly desirable for better information
management and assistance. This paper describes an extensive study of “speech
acts” in discussions. We present an approach to classifying student discussions
according to a set of speech act patterns and show how we use the patterns in
assessing participant roles and identifying discussion threads that may have
confusions and unanswered questions. We also show how speech act analysis
can improve automatic question answering capabilities. This analysis of human
conversation via online discussions provides a basis for the development of
future information extraction and intelligent assistance techniques for online
discussions.
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1 Introduction

With the rapid growth of the Web in the past decade, a large amount of data has been
accumulated and may serve as a huge knowledge base for data analysis. Online
discussion boards are widely used in areas such as customer support and education,
and as a forum for general discussion within cyber communities. People use the
forums to collaborate, to exchange information, and to seek answers to problems.
For example, in web-enhanced courses, discussion boards are heavily used for
question answering and collaborative problem solving (Soller & Lesgold 2003).

Past approaches to mining information from discussion board text, including our
own work, mainly focused on finding answers to questions (Feng et al, 2006a; Feng et
al, 2006b; Marom & Zukerman, 2005). Most of these techniques simply consider
discussion data as text corpus. However, there are increasing needs for modeling
discussion activities more explicitly. For example, instructors want to review
student discussions in order to understand what kinds of contributions are made by the
students and whether they need any assistance or guidance (Painter et al., 2003). In
mining answers from discussion corpus, it would be useful to identify which message
in a thread contains the most important information (Feng et al., 2006b).

This paper presents extensions to the existing discussion modeling by including an
analysis of speech acts. Discussion threads are considered a special case of human



conversation, and each post is classified according to speech act categories such as
question, answer, elaboration and correction. In our study, we analyze student on-
line discussions in a web-enhanced course. By classifying discussion contributions
according to speech act categories, we were able to identify roles that the students and
the instructor play in discussions. We found that students who contributed more to the
discussion board played more diverse roles. Instructional scaffolding, i.e., the use of
speech acts such as question, elaboration, and acknowledgement had the effect of
increasing both the number of student participants and the number of messages posted
only when the instructor did not also provide an answer. We also show how we use
speech act analysis in identifying discussion threads that may have unanswered
questions and need instructor attention. Finally, we present how speech act analysis
can improve automatic question answering by detecting the focus of a thread.

2. Approach to classifying discussion contributions according to speech
acts

For our study, we analyzed student discussions in an undergraduate Operating
Systems course at the University of Southern California. Ninety-eight
undergraduate students were enrolled. The on-line discussion board was divided into
six forums, four of which were dedicated to project discussions and two of which
were general-purpose administration and knowledge forums. Most of the discussions
were about the course projects. The students could start new threads on any of the
topics. Most of the discussion threads were initiated by the students.
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Figurel: Statistics of Thread Length

Figure 1 shows the distribution of the length of each thread, that is, how many
message posts were included in each thread. Most threads consisted of only two
messages, usually a simple question and answer pair. However, in some cases, there
are longer interactions, up to 18 message exchanges.

For conversation analysis, we adopted the theory of Speech Acts proposed by
(Austin, 1962; Searle, 1969) and defined a set of speech acts (SAs) that relate every
pair of messages in the discussion corpus. Though a pair of messages may only be
labeled with one speech act, a message can have multiple SAs with other messages.

We found that discussions among undergraduate students are highly unstructured
and incoherent. To develop an effective classification approach, we evaluated several
different classification methods. In particular, we evaluated agreement between two
annotators who labeled each message pair with a given set of speech act categories.



We first used twelve categories listed as Code 1 in Figure 2. We then evaluated two
additional coarser-grained sets: 1) directional categories (positive, negative and
neutral) and 2) a set that merges similar categories in the original set.

% agreement: 63

Kappa: 0.54
% agreement: 81 Code 1 it i
Kappa: 0.70 Name Description Dir % agreement: 92
Code 3 QUES Question Question on specific problems o Kappa: 0.58
Code 2
< ANNO Announcement Command or announcement 0
QUES | POS
CANS Complex An answer requiring a full description of procedures, o /NEUT
ANNO Answer reasons, etc.
SANS simple Answer An answer with short phrase or words, e.g. factoid, o / NEG
ANS/SUG Yes/No
SUG Suggest Give advices/suggestions for some problems/solutions 0
ELAB T3] ELAB Elaborate Elaborate on a previous arguments or questions 0
CORR/OBJ CORR Correct Correct a wrong answer/solution with new one
OBJ Object Object to some argument/suggestions/solutions
ACK/SUP CRT Criticize Criticize an argument -
P Sup Support Support others’ arguments/solutions +
ACK Acknowledge Confirm or acknowledgement +
COMP Complement Praise an argument or suggestion +

Code 3 Code 2

Figure 2: SA classification methods explored.
We used a Kappa measure (Cohen 1960) to verify agreement. Kappa values take

into account agreement that can occur by chance.

Observed agreement - Chance agreement

Kappa =
Total observed - Chance agreement

As shown in Figure 2, agreement for twelve categories (Code 1) and the directional
categories (Code 2) is low. However, by merging similar categories in the original set
(Code 3), we were able to obtain a Kappa value of .70 (good agreement) and reduce
confusion in category selection. Code 2 fails because of the increase in the chance
agreement. We use Code 3 for our analysis below.

Table 1 shows the distribution among the six categories. We found that questions
(36.2%) and answers (43.2%) comprised the biggest portion of the corpus. This is
consistent with the use of the board as a technical question and answer platform for
class projects. The table also lists the surface cue words that are often used during SA
classification to discern the speech acts types. We are planning to apply some of the
existing machine learning tools for developing an automatic SA classifier with these
Cue words.

We investigated the relations between two consecutive posts. This can be useful
for analyzing how the discussion was conducted among students. Figure 3
summarizes the results. “START” and “END” represent the start and the end of a
threaded discussion, respectively. In Figure 3-(a) shows the probability of going from
a speech act (SA in left column) to the next speech act (Next_SA in top row). For
example, there is a probability of 95.2% that any given discussion will start with a
question (QUES). A question often follows by an answer (83.8%). When there is an
acknowledgement, the thread often ends with it (73.3%). In Figure 3-(b), each
number represents the probability of the previous speech act (Prev_SA in top row)
given the current speech act (SA in left column). For example, when the current SA is



CORR/OBJ then there is a high probability that the previous one was ANS (72.7%),
although there is low probability of an answer gets corrected (7.4%). These types of
relations and cue words seem useful in email classification (Carvalho and Cohen,
2005). We are investigating classifiers that are more appropriate for on-line

discussions.
Speech Act | Frequency | Percentage Cue words
"good job" "you got it" "good plan" “good/nice/correct
ACK/SUP 56 7.54 answer" "correct”, "thank you"/ "thanks" "i got it" " :)",
"), "ok"/"okay" "I agree" “its fine with me" "i'm okay with.."
ANNO 3 0.40 "office hours"
"perhaps" "how about" "you might","you probably" "maybe",
ANS/SUG 321 43.2 "try", "i think", "I am/was thinking" "'I'm guessing", "my
guess™ "it should" it seems" "look at", "check"
"doesn't mean" "are you sure" "what/ how about“"didn't work"
CORR/OBJ 41 5.52 / "'not successful/ "better/ faster/ quicker way"- "i don't think it
will work" / "not work" + ... "problem”
ELAB 53 7.13 "...and"“, "also,”, "by the way" ,"same question" ,"so,"
QUES 269 36.2 how' wh_at i Ic'an we" "are"/ "is ] why justht_ere/l\'Nas
wondering" "I/we have a question” "my question

Tablel: Distribution of speech acts and surface cue words

P(Next_SA/SA) | ACK | ANNO | ANS | CORR | ELAB | QUES | END
START 0 0.006 | 0.042 0 0] 0.952 0
ACK/SUP 0.067 0 0 0 0] 0.200 | 0.733
ANNO 1.000 0 0 0 0 0 0
ANS/SUG 0.088 0| 0.028 0.074 | 0.070 | 0.200 | 0.540
CORR/OBJ 0.046 0 0.001 0.046 | 0.046 | 0.273 | 0.500
ELAB 0.171 0 0.257 0.029 | 0.029 | 0.143 | 0.371
QUES 0.004 0| 0.838 0.018 | 0.079 | 0.044 | 0.018
(a) Probability of next SA
P(Prev_SA/SA) | START | ACK | ANNO | ANS | CORR | ELAB | QUES
ACK/SUP 0| 0.067 0.033 | 0.633 0.033 | 0.200 | 0.033
ANNO 1.000 0 0 0 0 0 0
ANS/SUG 0.033 0 0| 0.028 0.009 | 0.042 | 0.888
CORR/OBJ 0 0 0] 0.727 0.046 | 0.046 | 0.182
ELAB 0 0 0] 0.429 0.029 | 0.029 | 0.514
QUES 0.693 | 0.026 0] 0.187 0.026 | 0.022 | 0.044
END 0] 0.133 0] 0.699 0.066 | 0.078 | 0.024

(b) Probability of previous SA
Figure 3: Speech act transition probabilities



3. Analyzing participant roles and profiling threads using speech act
analysis

We analyzed differences in speech acts among student discussion contributions.
Figure 4 shows the distribution of different speech acts for each group of students.
Students are grouped based on the total number of posts they made. As can be
predicted from speech act distribution in Table 1, most of the contributions are
classified as questions. However, for the students who post many messages, the
number of other speech acts, including answers, elaborations, corrections, and
acknowledgement increase. These students seem to play more diverse roles in
discussions, and their contributions lead to richer collaborative interactions. Our prior
analysis has shown that the students who participate more tend to receive better
grades and higher instructor ratings (Kim and Beal 2006).
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Figure 4: Speech act distribution of different student groups

To assess student interactions more closely, we analyzed the discussion threads
that did not include instructor involvement. We categorized the threads into four
pattern groups, A, B, C, and D, as shown in Table 2. Each row in a group represents a
thread pattern that belongs to the group. A bracketed identifier is a variable that
represents a student. For example <P1> and <P2> means the first and the second
contributor, respectively. When the same student participates more than one time in a
thread, the same identifier is repeatedly used. Patterns in Group A show short
interactions for simple information exchange. Group B shows cases where more
interactions, such as elaborations, corrections, or questions on answers, were needed
to find the answer. Group C includes explicit agreement among participants. In
such cases, students may have a better chance of finding the correct answer. Finally,
Group D represents cases where there could be unresolved issues and may need
instructor’s attention (i.e., there is no answer to the initial question). We found that
fully 5 out of the 6 threads in Group D had unresolved issues. In one of the cases
(marked with *), student <P1> was repeating a question that had been already
answered in a previous thread.



Pattern Group A: short information exchange on non-controversial issues

16 QUES <P1> ANS  <P2>

1 ANNO < P1> ACK <P2>

Pattern Group B: Discussion on somewhat complex issues, answers may have been found.

1 QUES<PI> ANS <P2> CORR  <P3>

1 QUES<P1> ELAB  <P2> ANS <p2>

1 QUES<P1> QUES  <P2> ANS <P1>

1 ANS <P1> CORR  <P2>

1 QUES<P1> ANS <P2> ANS <P1>

1 QUES<P1> ANS <P1> QUES  <P2> ANS <P3>

1 QUES<P1> ELAB<P2> ELAB<P3> ACK <P4> QUES <P2> ANS <P4>
Pattern Group C: collaborative discussion on complex issues, followed by agreeable conclusion

1 QUES<P1> ANS<P2> QUES<P3> ANS<P2> CORR <P3> ACK <P2>
Pattern Group D: Students may have unresolved issues.

1 QUES <P1> CORR<P2>

1 QUES <P1> ACK <P2> *

1 QUES <P1> ANS <P2> CORR<P1> ANS<P2> ANS <P3> QUES <P2>
3 QUES <P1> ELAB <P1>

Table 2: Thread profiles: patterns of student interactions without the instructor

4. Improving Questions Answering with Speech Act Analysis:
Conversation Focus Detection

In threaded discussions, people participate in a conversation by posting messages. In
supporting automated question answering, we want to detect which message in a
thread contains the most important information, i.e., the focus of the conversation.
Unlike traditional IR systems, which return a ranked list of messages from a flat
document set, our task must take into account characteristics of threaded discussions.

= What was being
discussed?

= Who said it?

= How did it influence in
the discussion?

Figure 5. Example Link Generation for Focus Detection.

First, messages play certain roles and are related to each other by a conversation
context. Second, messages written by different authors may vary in value. Finally,
since postings occur in parallel, by various people, message threads are not
necessarily coherent so the lexical similarity among the messages can be analyzed. To
detect the focus of conversation, we integrate the above SA analysis, an assessment of
message values based on poster trustworthiness and an analysis of lexical similarity.
The subsystems that determine these three sources of evidence comprise the features
of our feature-based system.



Because each discussion thread is naturally represented by a directed graph, where
each message is represented by a node in the graph, we can apply a graph-based
algorithm (such as HITS [Kleinberg, 1999] and Page-Rank [Brin and Page, 1998]) to
integrate these sources and detect the focus of conversation. The feature-oriented
link generation is conducted in two steps. First, our approach examines in turn all the
speech act relations in each thread and generates two types of links based on lexical
similarity and SA strength scores. We use the cosine similarity between each
message pair using the TF*IDF technique (Salton, 1989).

Second, the system iterates over all the message nodes and assigns each node a
self-pointing link associated with its poster trustworthiness score. The three features
are integrated into the thread graph accordingly by the feature-oriented link
generation functions (Feng et al., 2006b).

A speech act may represent a positive, negative or neutral response to a previous
message depending on its attitude and recommendation. We classify each speech act
as a direction as POSITIVE (+), NEGATIVE (=) or NEUTRAL, referred to as S4
Direction, as shown in Code 1 of Figure 2. We have used Code 1 for this initial
analysis but we are planning to apply Code 2.

Neutral = Positive
SA WS(SA) SA WSs(SA)
ACK 0.6844
CANS 0.8134
COMP 0.8081
COMM 0.6534 SUP 0.8057
DESC 0.7166
= Negative
ELAB 0.7202
SA Ws(SA)
SANS 0.8281
CORR 0.2543
SUG 0.8032 CRT 0.1339
QUES 0.6230 0oBJ 0.2405

Table 3. SA strength scores.

We compute the strength of each speech act in a generative way, based on the
author and trustworthiness of the author. The strength of a speech act is a weighted
average over all authors.
coun(SA )

P wt (persor%) (1)

S
W (S4) =sign(dir) Y. counfS4)

persor%
where the sign function of direction is defined with Equation 2.
iqn(dir) = -1 ifdirisNEGATIVE @)

SEMAT= 1 Otherwise

All SA scores are computed using Equation 1 and projected to [0, 1]. For a given
speech act, S4;(m—m;), the generation function will generate a weighted link in the
thread graph as expressed in Equation 3.

arc,; W*)  if S4, is NEUTRAL
g(SAij): s -
arc;(W*)  Otherwise

©)



The SA scores represent the strength of the relationship between the messages.
Depending on the direction of the SA, the generated link will either go from message
m; to m; or from message m; to m; (i.e., to itself). If the S4 is NEUTRAL, the link will
point to itself and the score is a recommendation to itself. Otherwise, the link
connects two different messages and represents the recommendation degree of the
parent to the child message. Each SA has a different strength score and those in the
NEGATIVE category have smaller ones (weaker recommendation).

When we combined poster trustworthiness and SA strength, our best performance
on focus detection produced a precision score of 70.38% and an MRR (Mean
Reciprocal Rank score) score (Voorhees, 2001) of 0.825, compared to human
annotations (Feng et al, 2006b). Lexical similarity doesn’t seem to be very effective in
focus detection. The MRR equation that we use is:
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Figure 6. Relation between SA pollution and Precision/MRR

Figure 6 shows the changes in Precision and MRR in focus detection when SA data
is gradually polluted by introducing artificial noise.

5. Related Work

There have been various approaches to assessing collaborative activities. Various
approaches of computer supported collaborative argumentation have been discussed
(Shum, 2000). Machine learning techniques have been applied to train software to
recognize when participants have trouble sharing knowledge in collaborative
interactions (Soller and Lesgold, 2003).

Carvalho and Cohen (2005) present a dependency-network based collective
classification method to classify email speech acts. However, estimated speech act
labeling between messages is not sufficient for assessing contributor roles or detecting
human conversation focus. We included other features like participant profiles.

Rhetorical Structure Theory (Mann and Thomson, 1988) based discourse
processing has attracted much attention with successful applications in sentence
compression and summarization. Most of the current work on discourse processing
focuses on sentence-level text organization (Soricut and Marcu, 2003) or the



intermediate step (Sporleder and Lapata, 2005). Analyzing and utilizing discourse
information at a higher level, e.g., at the paragraph level, still remains a challenge to
the natural language community. In our work, we utilize the discourse information at
a message level.

Zhou and Hovy (2005) described a method to summarize threaded discussions in a
similar fashion to multi-document summarization; but their work does not take into
account speech acts. Wan and McKeown (2004) describe a system that creates
overview summaries for ongoing decision-making email exchanges by first detecting
the issue under discussion and then extracting responses to the issue. Their corpus
averages 190 words and 3.25 messages per thread, considerably shorter than the ones
in our collection. Marom and Zukerman (2005) generated help-desk responses using
clustering techniques, but their corpus is composed of only two-party, two-turn,
conversation pairs rather than multi-ply conversation.

There has been prior work on dialogue act analysis and associated surface cue
words (Samuel 2000; Hirschberg and Litman 1993). Although they are closely related
to our speech act analysis, it is hard to directly map the existing results to our
analysis. The interactions in our corpus are driven by problems or questions initiated
by students and often very incoherent.

In our previous work (Feng et al., 2006a), we implemented a discussion-bot to
automatically answer student queries in a threaded discussion but extract potential
answers (the most informative message) using a rule-based traverse algorithm that is
not optimal for selecting a best answer; thus, the result may contain redundant or
incorrect information. We argue that pragmatic knowledge like speech acts is
important in conversation analysis.

6. Summary and Discussion

This paper describes an extensive study of SAs in discussions. By classifying
discussion contributions according to SA categories, we were able to identify roles
that participants play and develop thread profiles according to SA patterns such as
when participants need assistance. We also show how we use speech act analysis in
supporting focus detection. We are in the process of extending existing techniques to
develop SA classification tools that are appropriate for discussion analysis.

From the perspective of question answering, we present novel techniques to
automatically answer complex and contextual discussion queries beyond factoid or
definition questions. To fully automate discussion analysis, we must integrate
automatic SA labeling together with our conversation focus detection approach. An
automatic system will help users navigate threaded archives and researchers analyze
human discussion.

The tradeoff and balance between system performance and human cost for
different learning algorithms is of great interest. For example we recently proposed a
new approach to classifying discussions using a Rocchio-style classifier with no cost
on data labeling. In building topic profiles, instead of using a set of labeled data, we
employ a coarse domain ontology that is automatically induced from a bible of the
domain (Feng et al., 2006c).We are also exploring the application of graph-based
algorithms to other structured-objects ranking problems in NLP so as to improve
system performance while relieving human costs.



This analysis of human conversation via online discussions provides a basis for the
development of future information extraction and intelligent assistance techniques for
online discussions, including pedagogical scaffolding capabilities.
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