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ABSTRACT

The ephemera nature of human communication
via networks today poses interesting and challenging
problems for information technologists. The Intelink
intelligence network, for example, has a need to
monitor chat-room conversations to ensure the
integrity of sensitive data being transmitted via the
network. However, the sheer volume of
communication in venues such as email, newsgroups,
and chat precludes manua techniques of information
management. It has been estimated that over 430
million instant messages, for example, are exchanged
each day on the America Online network [3].
Although a not insignificant fraction of such data may
be temporarily archived (e.g., newsgroups), no
systematic mechanisms exist for accumulating these
artifacts of communication in a form that lends itself
to the construction of models of semantics [12]. In
essence, dynamic techniques of analysis are needed if
textual data of this nature is to be effectively mined.

This article reports our progress in developing a
text mining tool for analysis of chat-room
conversations. Central to our efforts is the
development of functionality to answer questions such
as "What topics are being discussed in a chat-room?",
"Who is discussing which topics?' and "Who is
interacting with whom?* The objective of our research
is to develop technology that can automaticaly
identify such patterns of interaction in both social and
semantic terms. In this article we report our
preliminary findings in identifying threads of
conversation in multi-topic, multi-person chat-rooms.
We have achieved promising results in terms of
precision and recall by employing pattern recognition
techniques based on finite state automata. We dso
report the design of our approach to building models
of socid and semantic interactions based on our
HDDI™ text mining infrastructure[13].

1.0 Introduction

The goal of the project is to develop a
computational approach towards understanding social
and semantic interactions in textua mediums. Chat-
room conversation has been identified as the
communication medium of interest due to its
increasing popularity and the need for research in the
area. The 430 million daily instant messages on
AOL’s network alone provide a treasure trove of
knowledge [3]. Chat conversation is radically different
from various other mediums due to its often informal

nature. Existing text mining techniques rely on more
structured, forma corpuses containing research
papers, abstracts, reports, etc. Approaches toward
understanding the dynamics of chat conversation are
limited, and as usage grows the need for automated
analysis increases. Due to the dynamic nature of chat
conversations, dynamic modeling of socia
interactions and their contextual topics is a genuine
research challenge.

The social and semantic relationships extracted
from chat conversations can lead to a better
understanding of human relations and interactions.
Models can be used to understand social clusters and
conversational content automatically, a process
otherwise involving a significant commitment of
manual effort.

This research is being conducted at the behest of
the Intelink intelligence network. Intelink is a secure
military communications channel used for important
and critical exchanges of information. Intelink’s goal
is to monitor chat conversation over the network and
map relationships between employees and their topics
of conversation to determine the appropriateness of
usage and the effectiveness of the communication
network. They are interested in information such as
the frequency of employee communication, the topics
discussed, conversationa participants and the focus of
the conversations.

This research has, however, applications beyond
the scope of Intelink’s needs. In fact, the techniques
under development apply to any organization with an
internal communication network, and even to Internet
users in general. Any patron of chat services such as
AOL Instant Messenger (AIM) and IRC (Internet
Relay Chat) can benefit from utilizing such atool.

2.0 Related Work

Understanding social and semantic relationships
independent of one another is not a new field. Much
significant Social Science research and Information
Retrieval research has been conducted in these two
fields. We thus do not attempt to survey the literature
of socia science or IR research here, but rather give a
sampling of recent research that is related to our
efforts in text mining of chat data Extracting the
information from a chaotic, unstructured forum such
as chat to form combined social and semantic models
of interaction is however a new area of work.

The Galaxy of News [14] project at the MIT
Media Lab is an example of early related work in the
area of semantic (not social) modeling. It is a system



to visualize independent documents and form
rel ationships between them, specifically between news
stories. It employed a process to parse the content of
news stories and develop weighted relationships
between them. Thiswould create a knowledge base of
relational networks that could be used to traverse
similar news stories, and permit visual interaction with
the user. The TDT (Topic Detection and Tracking)
research efforts organized by NIST also fall under this
category [18].

The Intelligent Network News Reader, HISHO
[11] searches through linked news stories for common
ones with no need of user input for relevant
information. It forms topic clusters of articles, and
even keeps track of so caled “topic branching
articles’ for an increased range of semantic
connectivity.

The Conversation Map [15] is another product of
the MIT Media Laboratory that is more closely related
to our work. The system is a Usenet Newsgroup
browser that analyzes Usenet postings and creates
social and semantic networks of the postings. Due to
the inherent threaded nature of Usenet postings,
however, socia relationships are easily modeled. It
provides a graphical interface to track and observe
socia and semantic relationships from topic to topic.

Upon studying the various factors influencing
chat efficiency, The Virtual Worlds Group at
Microsoft has developed the Status Client, “a
prototype of an interface that shows the status of each
user, as determined by keyboard activity” [16].
Through providing more information to users, such as
what each member is currently typing, the goadl is to
simplify the chat environment. A reduction has been
observed in the number of posting required to clear
out-of-turn and misplaced postings. The issue of chat
history loss has been addressed by a “multi-channel
timeline” displaying postings in a real time inteface
similar to a timeline, with a separate row for each
user’s postings. This system, however, is focused on
improving chat interfaces rather than on automatic
analysis of social and semantic interactions.

Threaded Text [3] is a chat environment
developed to address confusion among conversational
threads. A chat room is organized into a series of
trees, each tree representing a separate thread. Thread
boundaries are easily recognizable since they are at the
root of each tree. It has lead to the observation that
some of the fundamental reasons of chat’'s chaotic
nature is due to the lack of knowledge of “turns-in-
progress,” “listening-in-progress’ and social and
historical context. This effort too, however, is focused
on improving chat interfaces using manual techniques.
In our survey of the literature we have not come across
any work with the goal of automatic modeling of both
social and semantic relations within chat data.

3.0 Modeling Social and Semantic Relations
The application under development at Lehigh

University to model social and semantic interactionsis
the Socia Semantic Builder (SSB). The SSB is a

relational modeling tool that utilizes HDDIO
[13][2][1] text mining infrastructure, and models
inherent relationships between distinct conceptual
and/or behavioral abstractions. The purpose of the
SSB is to determine, analyze, and model the
relationships and interactions between these abstract
relational entities.

As an example, consider the domain of research
papers.  Abstractions within this application field
include authors of the papers and the concepts they
explore. Corpuses are constructed and used to cluster
examples of the abstract entities according to their co-
relational properties. In this example, two separate
groups of clusters are created, one of authors who
write together and another one of concepts that are
similar within the document space. This allows
questions such as "What topics are being discussed?”,
"Who is discussing which topics?' and "Who is
authoring with whom?" to be answered.

In this example the SSB uses the information
retrieved from the generated clusters to create a meta
level co-relational structure modeling the associations
between research paper authors and their conceptual
content. The generated network of abstract entities
and their relationships can then be used to analyze and
discover previously unknown relationships between
various abstract entries.

Although we have presented the SSB in the
context of research article authors and content, social
and semantic modeling can take place in any domain
involving multiple authors and content (such as chat).

3.1 Approach to Modeling Semantic Relations

Within the semantic domain, our methodology
utilizes contextual transitivity in the co-occurrence
relation to identify regions of high-density concept
clusters or subtopic regions of semantic locality [2].
The regions of semantic locality are based on higher-
orders of co-occurrence in the co-occurrence relation
[19]. Theseregions consist of clusters of concepts that
commonly appear together and collectively create a
knowledge neighborhood.  The premise is that
grouping similar concepts together leads to increased
effectiveness and efficiency in query search and
retrieval [9].

3.2 Approach to Modeling Social Relations

Desiring to employ the same process for
developing socia relationships as semantics ones, our
methodology for modeling social relations utilizes the
same clustering algorithm as the one for semantic
modeling. Although the modeling of socia relations
is done on a different type of relation, it is one that is
semantically expressed in text. The SSB is designed
to extract and model any relation as long as the
relation is semantically expressible in text. For
example, a socia relationship that can be modeled is
co-authorship — in this case, authors are clustered
together based on how often they write books, papers,
articles, etc. together. Semantically analyzing co-



authorship involves treating author names as features
in a collection of texts. These features are extracted,
and clusters of author names are formed, similar to the
manner in which clusters of concepts are formed as
described above in section 3.1.

In the following section we provide additional
detail of the overall modeling process employed in the
SSB.

3.3 Overview of the Modeling Process

Throughout this section we will continue the
example given previously that involves modeling
socia and semantic interactions between scientific
research authors and articles.

Our methodology involves creating an overal
Social/Semantic model consisting of three sub-models.
In the example given previously, the three sub-models
are an Author model, a Content model, and a
Tranglation model that serves as a link between the
first two. These sub-models are interna nodes of the
Socia Semantic Model, and are represented as
HDDIO [13] nodes.

The Content sub-model consists of concept
clusters derived from title and abstract fields of the
documents processed by the HDDIO [13] system. To
identify regions of high-density concept clusters, later
grouped to form sub-models, higher order co-
occurrence relationships are contextually utilized [19].
The partitioning agorithm, HDDIO 's sLoc [2], uses
contextual transitivity in conjunction with co-
occurrence modeling to determine groupings of
similar concepts, described as regions of semantic
locality. sLoc, constrained by a statistically
determined heuristic threshold, extends the similarity
relation to form a model based on the distribution and
contextua structure of similaritiesin the collection.

As noted earlier, the model in theory is able to
analyze relationships between any semanticaly
expressible relations. In our running example, the
Author sub-model is developed to mode specific
socia relationships, in this case co-authorship. Since it
is gtill a semantically expressible relation, the Content
sub-model procedure can be reused. Co-authors form
clusters of authors based on their frequency of
collaborating together in writing books, papers,
articles, etc. Author names are treated as features
whose co-occurrence is examined in the collection to
form co-authorship clusters.

The Trandation sub-model maps the physical
relationships between authors and the content they
write about by clustering them together. It is a meta
model that is built using the two sub-models.

In our current implementation, once the three
HDDIO nodes (sub-models) are constructed, a
similarity function is applied between the Author node
and the Trandation node and between the Content
node and the Translation node. This process resultsin
probability mappings between the three sub-models.
These mappings represent the probabilistic strength
(through the Translation node) between a cluster in the
Author node and it's corresponding cluster(s) within

the Content node, and vice-versa. The connections
between authors and their content represent
probabilities that a particular author or group of co-
authors will write about a particular topic, or that an
author or group of co-authors will write about a
particular topic. These weighted paths through the
Trandlation node, between Author and Content nodes,
creste a Social Semantic Model.

4.0 Application Domain: Chat Conver sations

The Social Semantic Builder is a utility with a
variety of applications. We have discussed at length
authors and research papers, but there are also students
and courses, journalists and newspaper articles, etc.
The SSB is designed in such a fashion that its general
relational structure could be deployed for mapping
between any type of entities. Each application has its
own particular issues that need to be addressed, and in
this work of course we address those issues in the
context of the analysis of chat conversations.

Some of the questions particular to chat are “Who
are the participants in a particular conversation?’
“What are they talking about?’ “How focused is their
conversation?” “How are the participants socially
interacting?’ “What forms of language do they use to
express themselves?’

A user (such as Intelink) interested in such chat
relational models would be able to use the SSB for
extracting such information. Chat conversationa
documents would be input into the SSB, and it would
create models of chat participants and conversational
topics. A user then could use the models to associate
topics with participants, observing which participants
discussed a particular topic. Information such as
which participants were involved in discussions
together, and the topic of those discussions would be
readily available. The basic questions of “What topics
are being discussed in a chat-room?', "Who is
discussing which topics?' and "Who is interacting
with whom?' can be answered.

4.1 Chat Input Issues

The SSB accepts input for analysis in documents
with XML formatted content and author fields,
utilizing the HDDIO infrastructure for processing the
documents. At present, the HDDIO System processes
the input and then constructs a collection of statistics
for analysis. The models for the social and semantic
domains are then created and linked together by the
Socia Semantic Model Builder.

Some application domains easily map to this
input format such as research papers and newsgroup
postings. The authors are identified at the beginning,
and the body of the document or posting can be tagged
as content. Chat conversation is not so structured.
Chat is often a continuous medium with users entering
and leaving a given chat room. Furthermore, even
though a chat room may have many users logged in,
not all of them may be participating. Of those users
who are involved, they do not al participate in the



same discussion with all the other users. Often there
are several conversations simultaneously taking place
between users — a single participant may aso be
involved in multiple conversations at once. It is an
extremely chaotic environment and at first glance
seemsto lack consistent structure.

All such chat conversations are interlaced
throughout multiple postings; extracting “authors’ and
their content into single cohesive units for input to the
SSB is a daunting task. Furthermore, in our research
we have observed that there are numerous categories
of chat. Factors such as number of participants, the
topic(s) of chat, the familiarity of users with each
other, etc. lead to radically different conversation
styles. If a sampled session is of acquaintances
discussing a common topic, for example, the
conversation flow tends to be informa with little
attention to grammar. If the session is, for instance, a
help session or a discussion medium for a focused
topic in which the users don’t know one another, the
conversation is focused and formal and a larger
vocabulary is used.

There are various other chat specific issues that
we found must be considered. In chat conversation
there are often misspelled words, or chat specific
termssuch as“brb, u, r, 2" (for “too” or “to”), and “c,”
used. Emotion icons such as “:), :P, ;(* are used
extensively throughout chat conversations as well.
Decoding these terms is crucia since within the chat-
room conversation domain they hold semantic
importance.

Our current approach is to develop a
methodology for formatting chat conversational data
into a collection of items for SSB input. Each item
consists of postings relevant to a single topic, and the
users who participated in that topic. Within this
framework, the names/screen names of the posters
identify authors and the items identify content. A co-
authorship relationship is defined between users based
on the content of their postings. Separate content and
author clusters are created based on the co-occurrence
of semantic features such as screen names and noun
phrases.

5.0 Approach

Our current godl is to develop a methodology for
mapping chat conversation information to input for the
SSB. Mapping names isn't a difficult task because
screen names can be used for identifying authors in a
chat conversation, and we employ a database of names
compiled from the 1990 United States Census as a
means of accurately identifying names in the
conversation. The difficult task is to develop a high-
precision technique for identifying and extracting
items or topics from chat-room conversation. We
made two attempts before settling on our current
approach. In what follows we will briefly discuss our
initial attempts, and then describe our current
approach.

5.1 Method 1: Chronological Definition of Items

Our initial premise was that at any given point in
time a chat conversation would be focused on one
topic. Thus using a heurigtically determined time
period, a conversation could be separated into
segments, each being an individua document.

Early in development though, this premise
proved flawed — through manual study of actual chat
conversations we noticed that conversation isn't
contiguous as expected but rather fluctuates rapidly.
Attempting to use a time interval for identification of
an item would not result in well-defined, topicaly
distinct items.

5.2 Method 2: Using a Topic Segmentor

Our second approach involved the utilization of
Marti A. Hearst’s Text Tiling algorithm [7] to locate
topic boundaries within expository text. The
TextTiling algorithm would report topic (or segment)
boundaries, and each segment could be classified as an
item consisting of a group of co-authors. This would
result in acceptable SSB input format.

The motivation for this approach was that the
TextTiling agorithm is designed to separate
expository text into paragraphs, and our process would
abstract each paragraph of a conversation into a topic.
Unfortunately, the algorithm was designed for
structured data such as research articles and other
more organized corpuses. Within chat however,
multiple topics occur within a set of contiguous
postings. This resulted in the TextTiling algorithm
returning unpredictable results since the tqics are
fragmented in the original data.

5.2.2 Conversational flow identified as Threads

Analyses of these issues led us to classify topics
in chat conversation asthreads. Chat conversationin a
chat medium flows and is intertwined as if there were
multiple threads of conversation. Often, at a given
instant, there are multiple  conversations
simultaneously occurring that result in multiple
threads interweaved. Even the participants in the chat
conversations have trouble identifying speakers and
remembering who said what when. It has also been
shown that within a particular room or channel, there
are often multiple conversations or ‘threads’ going on
at the same time, and a single user often participatesin
multiple threads at the same time [16].

5.2.3 Unraveling Threadswith a Topic Segmentor

After identification of chat structure as threads,
our approach was adapted to a process of extracting
threads and storing each thread of conversation as a
document. We employed Freddy Choi’'s [5] C99
algorithm in order to accurately represent a single set
of postings made by a single author as corresponding
to a single topic. The method would use frequency
counts of most common words in order to create
vectors for each segment with similarity between



segments based on a cosine measure. Essentially the
method involves determining arc weights for inter-
segment relationships based on how many words in
each segment are similar.

The goal of organizing datain this manner wasto
effectively unwind threads, and classify each thread as
a separate item concerning a particular topic. Then we
planned to employ a technique to determine which
authors belonged to which content threads.
Unfortunately our results indicated that in separating
contents into groups, much information was lost. This
is due to effects noted in Section 5.2.2 such as the fact
that single authors often simultaneously participate in
multiple conversations. Furthermore, some chat
conversations lacked the organization and richness in
unique words this method relies on.

5.3 Method 3: Adaptive Techniques for Threaded
Conversation: Identifying Thread Starts

The initial methods failed primarily because they
were designed for corpuses with more regular
semantic  structure. The discovery that chat
conversation is modeled as threads did however lead
us to a new technique for topic identification.

Our revised methodology starts by taking
individual threads within the conversation and
classifying them as either thread starts (the beginning
of atopic) or non-thread starts. Our goal isto process
each non-thread start and attach it to its appropriate
thread-start.

In what follows we discuss our techniques for
identifying thread starts and the validation of this
approach based on our experimental results. Research
is continuing at Lehigh University to attach non-thread
starts to their respective thread starts.

5.3.1 Patternsin Thread Starts

Our methodology for identifying thread starts
relies on certain relevant patterns. Human experts
studying sampled chat conversations for common
occurrences in thread starts developed these patterns.
Most individua patterns do not indicate a thread start,
but in combination with various others they do.

5.3.2 Positive Patterns

Our technique utilizes two categories of patterns.
The first is a set of patterns used to positively identify
thread starts. They were developed by human expert
observations on common characteristics of thread
starts. For instance, the most common manner of
starting a new thread is by asking a question. Other
participants in the chat forum respond, and thus a
conversation develops. Our approach currently has
eight unique positive patterns overall (see Figure 1).

Chat users often stat new threads of
conversations by greeting someone or using an
attention getter such as “hi, hey”, etc. They then
follow with a topic directed at the person whose
attention they were trying to obtain. Another manner

to start a new thread is by addressing an individual
with their name. Each such method is represented by a
positive pattern that covers all occurrences.

One positive pattern usually isn't enough to
classify a posting as a thread start. Our methodol ogy
emphasizes combinations of patterns to determine
thread starts. Postings such as “don’t you like that
movie?’, “Bob that isinteresting”, “hey | like that” fit
a positive pattern but are not thread starts; they are
rather, somewhere within the conversational thread.

Our approach relies on the fact that combinations
of these patterns usually indicate a thread $art. For
example postings such as “Hi Bob, did you like that
movie?’, “Joe, Where did you go for vacation?’, etc.
are more likely thread starts. They indicate a new
topic that will most likely be the subject of various
postings creating a thread.

5.3.3 Negative Patterns

Positive patterns aren’t enough to accurately
identify thread starts. Employing solely positive
patterns results in many false positives —i.e., postings
identified as thread dtarts that redly aren't.
Consequently, our methodology dso utilizes negative
patterns to prune the false positives from the positive
pattern results.

Negative patterns are based on characteristics
observed by human experts as lacking in thread starts,
or characteristics in postings that aren’t thread starts.
At present we've developed two general types of
negative patterns that are broken out into 13 sub-
patterns (see Figure 1). The first are used to identify
posting with anaphoric relations such as “that, she,
he,” etc. These postings employ the anaphoric relation
to refer to content previously mentioned. They are
rarely used to begin new threads, but rather continue
previous ones.

The second general type of negative pattern
relates to posting length. If aposting is short it usualy
doesn’t indicate athread start. Thread starts are longer
postings since they may introduce a new topic that
participants respond to. For example, short responses
such as “yeah, | agree, yes, no” etc. are used to reply
to an existing thread, not to continue a new one. This
isintuitive — it is difficult to start a new thread with a
short post. Our approach utilizes various size patterns
to prune the positive pattern results of false positives.

Pattern | Description Attribute

Number

1 A single question mark is the | Positive
last character in a posting

2. “Who, what, when, where, | Positive

how, why” is a single word
anywherein aposting.

3. A single question mark | Positive
anywhere in a posting
4. One of “Do Did Does Are Is | Positive

Were Was Shall Will Can
Could Would Have Had Has”
is a dngle word in anywhere




of aposting

5. There is a NAME in the | Positive
posting

6. One of “hi, hey, yo, hello” is | Positive
the beginning of a posting

7. One of “hi, hey, yo, hello” is | Positive
followed by at least one other
word in aposting

8. Thereisa least one“...” ina | Positive
posting

9. “he’ is a single word in | Negative
anywhere of a posting.

10. “she’” is a single word in | Negative
anywhere of a posting.

11. “him” is a single word in | Negative
anywhere of a posting.

12. “her” is a single word in | Negative
anywhere of aposting.

13. “it” is a sdngle word in | Negative
anywhere of a posting.

14. “they” is a single word in | Negative
anywhere of a posting.

15. “them” is a single word in | Negative
anywhere of a posting

16. “thosé’ is a single word in | Negative
anywhere of a posting

17. “these’ is a single word in | Negative
anywhere of a posting.

18. “this” is a single word in | Negative
anywhere of a posting.

19. Oneor nowordsinaposting | Negative

20. Only two wordsin a posting Negative

21. Only threewordsinaposting | Negative

Figure 1: Patterns Identifying Thread Starts
5.3.4 Regular Expressionsin Pattern Recognition

Our approach in recognizing the patterns
discussed above involves the use of finite state
automatain the form of regular expressions. We have
developed an agorithm that utilizes regular
expressions to implement the patterns automatically
and extract posting numbers that match the patterns.
At this stage we are only employing patterns that can
easily be implemented as regular expressions matched
against a single posting. For example, the regular
expression for the pattern “A single question mark is
the last character in a posting’ is
{ALPHANUMSYM}*"?" , where ALPHANUMSYM is
any character. If a regular expression matches a
posting, its number is recorded for later processing.

Our methodology implements regular expressions
that match the patterns in Figure 1 exactly. Each
regular expression is tested to ensure that it only
returns results for the desired pattern, and no others.
Our process in developing a regular expression for a
pattern involves initially writing a regular expression
manually. Since the definition of the pattern is
known, it is relatively straightforward to develop a
regular expression to cover most, if not all cases of the
pattern. A test set isapplied to the regular expression.

The results are compared with results from a manually
developed training set of patterns. Using the
evaluation metrics precision and recall, we ensure that
the regular expression results match the human expert
results. Appendix A shows the results of training and
testing our regular expression matching algorithms.
Precision and recall are 100% in most cases.

5.3.5 Combinational Pattern Matching

Once results of regular expression matching have
been generated, our methodology uses an algorithm to
create various combinations of patterns. The
algorithm creates combinations of sizes 1 to N, where
N is the total number of patterns. For example, listed
in Figure 1 are 21 patterns. The combinatoria
program creates al the combinations of size 1, 2, 3,
...N possible from these 21 patterns.

The number of combinations possible is n choose
s, where

nchooses=n!/(si*(n-s)!)

n is the number of patterns and s is the size of the
combination. Thus, for the 21 patternsin Figure 1 the
total number of combinations would be 21 choose 1 +
21 choose 2 + 21 choose 3 + ... +21 choose 21, or
approximately 2 million combinations.

In each combination, positive and negative
patterns are combined separately. Then the set of all
combined positive patterns is pruned by the set of all
combined negative patterns. In Section 6 we discuss
which pattern combinations work best for detecting
thread starts.

5.3.6 And/Or Operationsin Pattern Matching

In the course of our research we decided that
negative and positive patterns could be combined
using either the logical AND or logical OR operators.
With the AND operator, only postings common to
both patterns would be in the combined set whereas
with the OR operator, posting in either pattern would
be in the combined set. As our results in Section 6
show, employing the OR operator when combining
both positive and negative patterns results in the best
performance overall in terms of precision and recall.
Our process applies the OR operator to positive
patterns to get the greatest number of postings that
could possibly be thread starts, then the negative
patterns (also using the OR operator) are applied to
remove the greatest number of false positives, thereby
yielding an outcome with high precision and recall.

6.0 Results

Chat conversations are often dissimilar, with a
wide range of participants, and the conversational
topics may be focused or fragmented and are often
changing rapidly. In order to obtain preliminary
results in validating our methodology , we applied it on
two different chat conversationa styles. Due to the
classified nature of the Intelink data, however, we



have constructed our own test data sets. We describe
this processin what follows.

6.1 Test Set Construction

Testing was performed on two main samples of
chat conversation. The first was a dightly focused
conversation (topics changed, but during discussion,
conversation was focused) on AOL Instant Messenger
(AIM) between three researchers; it consisted of
approximately 500 postings and is referred to in
Section 6 on results as Data Set 1. The second sample
was alarger, unfocused AIM conversation with atotal
of 12 participants and is referred to as Data Set 2.
This latter sample was extremely chaotic with various
degrees of focus and topic fluctuation for its duration
of approximately 1600 postings. Each of these
conversations possesses unique properties and we
report results for each. As research progresses,
various other styles of conversation will be employed
for testing.

Once sample conversational data had been
obtained it was manually analyzed by three
researchers. Each of the two data sets was analyzed
and thread starts identified by the three researchers
working independently. Upon conclusion, the three
results were correlated to form a “ground truth” of
thread starts for each of the two sample conversations.

6.2 Evaluation Metrics

Our evaluation methodology is based on the
standard metrics of precision and recall.

True Positives
True Positives + False Positives

Precision =

Or

Precision = correct thread startsidentified by patterns
al thread startsidentified by patterns

Recall = True Positives
True Positives + False Negatives

Or

Recall = correct thread start identified by patterns
al thread startsin ground truth

Pattern | Precision Recall TP
Number

1. 28.57 22.53 16
2. 23.52 16.9 12
3. 28.07 22.53 16
4, 26.31 7.042 5
5. 41.66 14.08 10
6. 40 5.63 4
7. 50 5.63 4
8. 28.57 2.81 2
9. NONE 0 0
10. 0 0 0
11. 0 0 0

12. NONE 0 0
13. 7.40741 5.63 4
14. 14.28 14 1
15. 0 0 0
16. NONE 0 0
17. 0 0 0
18. 54.54 16.9 12
19. 2.830 4.22 3
20. 8.333 5.63 4
21, 10.52 8.45 6

Figure 2: Precision and Recall of All Patterns

Figure 2 depicts the results of individual patterns
and their precision, recal and true positives in
identifying thread starts. If a pattern has relatively
high precision and recall, it is considered a positive
pattern. If a pattern has high recall it is considered as
a positive pattern since positive patterns are used to
identify thread starts, which are then pruned by
negative patterns. If a pattern has high precision, it is
considered positive, since it means the pattern is pure,
i.e, most of its results are thread starts. Negative
patterns are those with low precision and recall since
they are used to prune the postings that matched
positive patterns. It is interesting to note that although
we initialy classified pattern 18 as a negative pattern,
in fact has the characteristics of a positive pattern. In
future experiments we will use pattern 18 as a positive
pattern and compare the resulting precision and recall.

The regular expressions used to compute the
patterns were also tested to ensure high precision and
recall — these results are presented in Appendix A.

6.3 Pattern Combinations

Patterns combined Precision Recall
01_06_10_12_13_14_17_19_20_21 47.428€ 35.9307
01_03_06_10_12_13_14 17_19 20_21 47.4286 35.9307

01_03_06_07_10_12_13_14_17_19 20_21  47.4286 35.9307

03_07_09_10_12_13_14_17_19 20_21 47.3988 35.4978

01_02_04_05_06_08_10_17_19_20_21 35.0685 55.4113

01_02_03_04_05_06_08_10_17_19_20_21  35.0685 55.4113

01_02_04_05_06_08_14_19_20_21 35.2778 54.9784

01_02_03_04_05_06_08_14_19 20_21 35.2778 54.9784]

Figure 3: Highest Precision/Recall Combined Patterns

Figure 3 depicts some of the highly ranked
combinational precision and recall results. It is
interesting to note that most of the high performance
combinations include either pattern 1 or 3, both a
means of identifying a question. Both of these
patterns have the highest recall in Figure 2.

In presenting our results we chose to average
precision and recal vaues of al combinations
produced (cf. section 5.3.5). The averaged results are
broken down further by the nature of the combining
operator. Since both logica AND and logica OR
have been employed, four combinations of operations
are possible: the AND of the positive patterns filtered



by the AND of the negative patterns; the AND of the
positive patterns filtered by the OR of the negative
patterns; the OR of the positive patterns filtered by the
AND of the negative patterns; the OR of the positive
patterns filtered by the OR of the negative patterns.

These four possible experiments are identified as C1,
C2, C3 and C4 respectively in what follows.

By employing this approach, we can identify not
only the optimal combination of individual patterns
but also the optimal operators to use in combining
patterns.

Figures 4 and 5 display the average precision and
recall results for these four experiments for each data
set described in Section 6.1. Results were grouped
into intervals of 10%. For each point plotted on the
graph, values were calculated by averaging precision
and recall for entries within the interval.

Three conclusions can be drawn from Figures 4
and 5. First, C4 appears to have better performance
than C1, C2 and C3. Although C1 and C2 initially
have higher precision, their rate of precision decay as
recall increasesis high. After a 15% increasein recall,
all four curves reach an approximately equal precision
level. In contrast, C4 results in relatively good levels
of recall while maintaining precision. This seems to
indicate that the logical OR of the positive patterns
combined with the logical OR of the negative patterns
yields the highest performance overall.

Secondly, the four logical operator combinations
are clearly divided into two groups for low values of
recall. Both C1 and C2 initially have higher precision
than C3 or C4. Since these groups differ in how
positive patterns are combined (C1 and C2 use a
logical AND while C3 and C4 use a logica OR), it
seems that the logical operator used to combine
positive patterns affects the results to a greater degree
than the logical operator used to combine negative
patterns.
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Figure 4: Precision vs. Recall for Data Set 1
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Figure 5: Precision vs. Recall for Data Set 2
6.4 TheF Measure Metric

The third observation is the similarity of the C3
and C4 precision/recall curves. C4 has dlightly better
performance than C3 overall. It isdifficult to conclude
from these curves, however, whether C4 is clearly
better than C3. To resolve thisissue we employed the
F-beta metric to evaluate performance.

F-beta is a single metric of evaluating precision
and recall ssimultaneously. P is precision, R is recall
and b is a factor that determines the relative
importance of precision versus recall. A value of
b=1.0is often chosen for equal weighting of P and R.

_(b?+DPR
b?P+R

Figure 6 depicts the results of varying b and
records the resulting F values. For all values of b, C4
has the greatest value of F (i.e., the best combination
of precision and recall). We conclude from this
observation that the best logical operator to combine
both positive and negative patternsis the OR operator.
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Figure 6: F-betafor Data Set 1



It is aso notable that both Figures 4 and 5
display the expected inverse relationship between
precision and recal as exhibited by the rough
hyperbolic nature of the resulting curves. This
confirms the general nature of our results given the
common knowledge of this phenomenon in the
information retrieva field.

7.0 FutureWork

Our research goal of successfully mining socid
and semantic relationships from the chat medium is a
long term objective. The research is currently in its
primary stages and there is ill much to be
accomplished.

The immediate subseguent step is to continue
fine-tuning the patterns employed, and the manner
they are utilized to improve precision and recall. We
continue to seek new patterns for identifying thread
starts, but focus is shifting now towards patterns for
identifying thread continuity and linking postings
together. Once a complete method for connecting
thread starts (or thread dominators) with non-thread
starts and extracting a thread is developed, we will
have accomplished our first objective of obtaining
high-quality items from the chat input. These items
can then be fed as input to the SSB model builder in
order to form social and semantic relational models.

The patterns for linking threads require new
techniques in addition to regular expression matching.
Chat datais fragmented, informal speech. People often
use dang, contractions, abbreviations and other
colloquialisms in informal chat that an automated
approach must account for before successfully
grouping related postings into topical threads.

Another area of improvement is the method of
pattern - combinations. We are researching a
transformation-based error-driven learning method to
generate combinations of patterns. This will result in
an optimal combination of patterns according to the
logical AND, OR, and NOT operators. We hope to
increase both precision and recall in thisway.

Name identification is another issue that needs to
be resolved. Depending on the category of chat data,
participants in a forum may address each other by
their screen names or real names. If they use screen
names, this facilitates social interaction analysis since
all screen names for a conversation are available. If
they use rea names however, a method must be
developed to dynamically match real names to screen
names. Real names and nicknames must be
recognized as such within chat conversation and not
dismissed as misspelled words.

There are various other chat issues to consider as
well such as the idiosyncrasies of chat conversation,
using irregular expressions such as brb, u, r, :), etc.
The effect of time lapse may also be useful. The
amount of time between postings, or spent typing a
posting, could indicate the level of semantic focus
during a conversation.

8.0 Conclusion

We have successfully developed an automatic
approach to identifying thread starts, the locations
within  complex multi-person, multi-topic chat
conversations at which new conversationa threads
begin. Results thus far have exceeded our initial
expectations and serve as motivation for further
research.

Our method involves exploiting manualy
identified patterns, applied negatively and positively
by logical operators, to identify thread starts. The next
research step is to develop a methodology for thread
linkage and continuity in order to extract complete
conversational threads. At that point, social and
semantic models of conversation will be created using
the HDDI™ Socia Semantic Builder.

We are confident that extracting and mapping
socia and semantic relationships in a collection of
datawill prove extremely useful in textual data mining
applications. Certainly the Intelink intelligence
network, one of the motivating sponsors of this work,
will find this application of genuine value. The
potential applications are many, extending into nearly
al sectors both industrial and academic. We will
continue working toward our overal goa of
developing a tool that will austomatically derive socia
and semantic relationships from data expressible in
textual form, whether collections of documents, chat
data, or other forms of human written communication.
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Appendix A

Regular Training dataset Test dataset
Expression | Precision | Recall | Precision | Recall
Number

1 100% 100% | 100% 100%
2. 100% 100% | 100% 100%
3. 100% 100% | 100% 100%
4. 78.94% 71.4% | 75% 86%
5. 100% 92.3% | 100% 71.4%
6. 100% 100% | 100% 100%
7. 100% 100% | 100% 100%
8. 100% 100% | 100% 100%
9. NONE NONE | 100% 100%
10. 100% 100% | 100% 80%
11. 100% 100% | 100% 100%
12. NONE NONE | 100% 100%
13. 100% 100% | 100% 87.5%
14. 100% 87.5% | 100% 100%
15. 100% 100% | 100% 100%
16. NONE NONE | 100% 100%
17. 100% 100% | 100% 100%
18. 100% 100% | 100% 100%
19. 99% 100% | 100% 100%
20. 100% 88.9% | 100% 100%
21. 95% 100% | 100% 100%

Evaluation of Regular Expression Matching T ool




