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Chat Mining: Predicting User and Message Attributes in

Computer-Mediated Communication

Abstract

The focus of this paper is to investigate the possibility &fdicting several user and message
attributes in text-based, real-time, online messagingices. For this purpose, a large collection
of chat messages is examined. The applicability of variapervised classification techniques
for extracting information from the chat messages is evatliaTwo competing models are used
for defining the chat mining problem. A term-based approaalsied to investigate the user and
message attributes in the context of vocabulary use whitgle-based approach is used to ex-
amine the chat messages according to the variations in therauwriting styles. Among 100
authors, the identity of a chat message’s author is coyrectidicted with 99.7% accuracy. More-
over, the reverse problem is exploited, and the effect di@uattributes on computer-mediated

communications is discussed.

Key Words : authorship analysis, chat mining, computer-mediated conication, machine

learning, stylistics, text classification.



1 Introduction

With the ever-increasing use of the Internet, computeriated communication via textual mes-
saging has become popular. This type of electronic diseoig®bserved in point-to-point or
multicast, text-based online messaging services suchaissehvers, discussion forums, emails
and messaging services, newsgroups, and IRCs (Intermagt cbht). These services constantly
generate large amounts of textual data, providing interg@sesearch opportunities for mining
such data. We believe that extracting useful informatiomfthis kind of messages/conversations
can be an important step towards improving the human—camjmteraction.

According to a study by Jonsson (1998), “electronic dissels neither writing nor speech,
but rather written speech or spoken writing, or somethingue” Due to its mostly informal
nature, electronic discourse has major syntactic diffeesrfrom discourse in literary texts (e.qg.,
word frequencies, use of punctuation marks, word orderimgentional typos). The informal na-
ture of electronic discourse makes the information obthimere realistic and reflects the author
attributes more accurately. Analysis of electronic digseumay provide clues about the attributes
of the author of a discourse and the attributes of the diseitself.

Specifically, machine learning can be a powerful tool forlgriag electronic discourse data.
This work particularly concentrates on the data obtainedhfchat servers, which provide a point-
to-point online instant messaging facility over the IntgrnWe investigate the rate of success in
the problem of predicting various author- and messageifspedtributes in chat environments
using machine learning techniques. For this purpose, wedirploy a term-based approach
and formulate the chat mining problem as an automated tessification problem, in which
the words occurring in chat messages are used to predictttitries of the authors (e.g., age,
gender) or the messages (e.g., the time of a message). Semanhploy a style-based approach
and investigate the effect of stylistic features (e.g.,dMengths, use of punctuation marks) on
prediction accuracies, again for both author and messageusts. Finally, we briefly discuss

the effect of the author and message attributes on the gistyle.



The main contributions of this study are four-fold. Firgtetchat dataset used in this work
has unique properties: the messages are communicateddretwe users; they are unedited; and
they are written spontaneously. We believe that extradgtifigrmation from real-time, peer-to-
peer, computerized messages may have a crucial impact @nahs such as financial forensics,
threat analysis, and detection of terrorist activitieshia hear future. Our work presents a new
effort in that direction, aiming to retrieve previously wpdored information from computerized
communications. Second, for the first time in the literatw@veral interesting attributes of text
and its authors are examined. Examples of these attributesdmicational affiliations and con-
nectivity domains of the authors and the receivers of thesamgss. Third, the performance of
term- and style-based feature sets in predicting the awthdrmessage attributes are compared
via extensive experimentation. Fourth, to the best of oawkadge, our work is the first one that
investigates real-time, peer-to-peer, computerized comcations in the context of authorship
studies. Our findings are good pointers for researchersisméw application area, namely chat
mining.

The rest of the paper is organized as follows. Table 1 dispdaljst of frequently used abbre-
viations in this paper. We provide a detailed literatureveyrof the related work in Section 2. In
Section 3, we discuss the characteristics of computeratedicommunication environments and
elaborate on the information that can be extracted from smeironments. Section 4 introduces
the chat mining problem and discusses our formulationschvhare based on the use of term-
and style-based feature sets. In Section 5, we providenrdton about the dataset used in this
study and present our framework for solving the chat minirabfm. Section 6 provides the re-
sults of a large number of experiments conducted to evathatéeasibility of predicting various
author and message attributes in a chat environment. Ino8ettwe finalize the paper with a

concluding discussion.



Table 1: The summary of abbreviations

AA Authorship attribution k-NN K-nearest neighbor

AC Authorship characterization NB Naive Bayesian

CE Cross entropy NN Neural networks

DA Discriminant analysis PCA Principal component analysis
DT Decision trees PRIM  Patient rule induction method
EG Exponentiated gradient RM Regression models

GA Genetic algorithms SD Similarity detection

HMM  Hidden Markov models SVM Support vector machines
IRC Internet relay chat TC Text classification

2 Related Work

In the last ten years, the Internet has become the most popatamunication medium. Chat
servers, IRCs, and instant messaging services providaeeonkers the ability to communicate
with each other simultaneously. Discussion forums, emailgl newsgroups enable their users
to create virtual communities regardless of geographindl@olitical barriers. This information
dissemination platform provides new research possigglisuch as assessing the task-related di-
mensions of the Internet use. In their work, Dickey et al.0{@0examine the communication
process of chat users in an industrial setting. They ingatti how customers and customer ser-
vice representatives respond to each other and identifseisns of miscommunication between
partners. The collaborative work within virtual groups ip®red by Walther et al. (2005). The
authors identify six communication rules for enhancingstruvhich in turn enable chat users to
work more efficiently. Radford (2005) examines several [@ots concerning communications in
a virtual library reference service. The quality of chat @maters between librarians and clients,
compensation of lack of emotional cues, and relational dsias of chat references are among
the questions investigated. The author identifies sevetational facilitators, communication
themes and concludes that computer-mediated commumdaatioo less personal than face-to-

face communication.



Understanding the user behavior is another aspect of theirmggesearch on computer-
mediated communication. Radford & Connaway (2007) exartieecommunication and in-
formation seeking preferences of the Internet users. They@mpare traditional libraries and
the Internet as the means for an information repository anmghasize the fact that the Internet is
starting to become an alternative for text-based commtioita

The investigation of chat user attributes is another dinoernthat attracts researchers. Herring
& Paolillo (2006) examine gender variations in Web logs gdiogistic regression techniques.
However, the authors cannot find any conclusive resultsifminthe users’ genders and Web
writings. In their work, Herring & Danet (2007) examine seleaspects of the language use
in the Internet. They assert that gender is reflected in ertiiscourse in every language they
studied.

Extracting interesting information from anonymous elentc document collections using
authorship attribution may also provide several reseampodunities. A quick literature sur-
vey reveals the fact that the previous studies in authoratiipution were mostly considered in
the context of law enforcement (Turell, 2004), religiouadies (Pollatschek & Radday, 1981;
Sabordo et al., 2005), and humanities (Mosteller & Walld&84; Elliot & Valenza, 1991; Can
& Patton, 2004). In the past few years, the examination aftedaic discourse in the context of
authorship studies started to got attention of a growinglmemof researchers.

The history of authorship studies dates back to more thanntvlennia. The first work in
literature is reported in the fourth century BC, when thediians in the famous library of Alexan-
dria studied the authentication of texts attributed to Hotheve, 2002). Since then, a large num-
ber of documents have been the focus of authorship studiesadB, the authorship studies in
literature can be divided into three categories (Corne@32@heng, Li, Chen, & Huang, 2006):
authorship attribution, similarity detection, and autitop characterization.

Authorship attribution is the task of finding or validatiniget author of a document. Some
well-known examples of authorship attribution are the exetion of Shakespeare’s works (El-

liot & Valenza, 1991; Merriam & Matthews, 1994; Hota, Argam@& Chung, 2006) and the iden-
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tification of the authors of the disputed Federalist Papdiss(eller & Wallace, 1964; Holmes &
Forsyth, 1995; Tweedie, Singh, & Holmes, 1996; Levitan & &mgpn, 2006). Similarity detec-
tion aims to find the variations in the writing style of an autlfPatton & Can, 2004) or to find
the resemblances between the writings of different authostly for the purpose of detecting
plagiarism (Graham, Hirst, & Marthi, 2005).

Authorship characterization is the task of assigning thiéings of an author into a set of cate-
gories according to the author’s sociolinguistic attrésutSome attributes previously investigated
in literature are gender (Koppel, Argamon, & Shimoni, 2008t, Corney, Anderson, &Mohay,
2002; Kucukyilmaz, Cambazoglu, Aykanat, & Can, 2006), leage background (Vel, Corney,
Anderson, &Mohay, 2002), and education level (Juola & Baag®05). Koppel et al. (2002) and
Kucukyilmaz et al. (2006) evaluated methods for deterngitire gender of a document’s author.
Vel et al. (2002), in addition to gender, tried to predict taeguage background of authors using
machine learning techniques. Juola & Baayen (2005) andlifze educational backgrounds of
the authors employing cross entropy.

With the advent of computers, it has become possible to gngaiphisticated techniques in
authorship analysis. The techniques employed in authwmalysis can be broadly categorized
as statistical and machine learning techniques. Exampletabstical techniques are Hidden
Markov models (Khmelev & Tweedie, 2001), regression modi€éessler, Nunberg, & Schutze,
1997), cross entropy (Juola & Baayen, 2005), discriminaatysis (Karlgren & Cutting, 1994;
Krusl & Spafford, 1997; Thomson & Murachver, 2001; Can & Ba{t2004), and principle com-
ponent analysis (Burrows, 1987; Holmes, 1994; Baayen.erait & Tweedie, 1996). Machine
learning techniques are also frequently used in authorstuigies. Most commonly used tech-
niques ar&-nearest neighbor (Krusl & Spafford, 1997; Stamatos, Fasi & Kokkinakis, 2000;
Kucukyilmaz, Cambazoglu, Aykanat, & Can, 2006), naive B (Kjell, 1994; Stamatos, Fako-
takis, & Kokkinakis, 2000; Kucukyilmaz, Cambazoglu, Aykan& Can, 2006), support vector
machines (Joachims, 1998; Corney, Anderson, Mohay, & \@)12 Tsuboi & Matsumoto, 2002;
Corney, 2003; Zheng, Li, Chen, & Huang, 2006), genetic dtlgors (Holmes & Forsyth, 1995),
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decision trees (Zheng, Li, Chen, & Huang, 2006), and newetorks (Kjell, 1994; Merriam
& Matthews, 1994; Tweedie, Singh, & Holmes, 1996; Krusl & S@al, 1997; Stamatos, Fako-
takis, & Kokkinakis, 2000; Graham, Hirst, & Marthi, 2005; Bukyilmaz, Cambazoglu, Aykanat,
& Can, 2006; Zheng, Li, Chen, & Huang, 2006).

With the widespread use of computers, new pursuits thatctethe personal characteristics
of individuals drew attention of authorship studies. Cotepprogramming and musical compo-
sition are examples of such pursuits. Spafford & Weeber §);9rusl & Spafford (1997) used
several structural and syntactic features to predict thiecaiof a program. They generate these
features by analyzing the variations in programming camestpreferences of the authors. The
work of Spafford & Weeber (1993) achieved 73% accuracy irdjgteng the author of 88 pro-
grams written by 29 different authors. In their work, BackeKranenburg (2004) analyzed the
musical style of five well-known composers using varioussification algorithms on a dataset
with computer-generated features like the stability messwof the composition, voice density,
and entropy measures.

The emergence of electronic discourse also presents stitegeopportunities for authorship
analysis. As electronic discourse becomes a popular forgowfmunication, detecting illegal
activities by mining electronic discourse turns out to beamant. In their work, Vel et al. (2002)
analyzed the information in email messages in order to ifjetite distinguishing features in
writing styles of emails for predicting authors’ identitgender, and language background. In
addition to some well-known stylistic features, they usedtdires like smileys and emoticons.
They achieved 72.1% and 85.6% accuracies in predictingehdey and language background of
more than 300 authors, respectively.

Tsuboi & Matsumoto (2002) analyzed email messages for gtiadithe identity of their au-
thors using a term-based feature set. Thomson & Murachv#1(?analyzed the gender of a
number of email authors and concluded that email authorsibed gender-preferential language
in informal electronic discourse. Zheng et al. (2006) carded a language-independent frame-

work to predict the identity of the author of online Chinesel &nglish newsgroup messages.
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Table 2: A summary of the previous works on authorship amalys

Study Type Technique Features
Mosteller & Wallace (1964) AA Statistics style
Burrows (1987) AA PCA style
Elliot & Valenza (1991) AA Statistics both
Karlgren & Cutting (1994) TC DA style
Kjell (1994) AA NB, NN style
Merriam & Matthews (1994) AA NN style
Holmes & Forsyth (1995) AA GA style
Baayen et al. (1996) AA PCA both
Kessler et al. (1997) TC RM style
Krusl & Spafford (1997) AA k-NN, DA, NN  style
Joachims (1998) TC SVM term
Stamatos et al. (2000) AA, TC k-NN, NB, NN style
Khmelev & Tweedie (2001) AA HMM term
Thomson & Murachver (2001) AC DA style
Tsuboi & Matsumoto (2002) AA,AC SVM style
Vel et al. (2002) AC SVM term
Argamon et al. (2003) AA EG style
Corney (2003) AA SVM style
Patton & Can (2004) AC DA style
Graham et al. (2005) SD NN style
Juola & Baayen (2005) AA,AC CE term
Hota et. al (2006) AC SVM style
Kucukyilmaz et al. (2006) AC k-NN,NB, NN  both
Zheng et al. (2006) AA SVM, DT, NN  style

For a selection of 20 authors they have succeeded in pneglitie identity of the authors with an
impressive 95% accuracy for the English message colleetiwh88% accuracy for the Chinese
message collection. Argamon et al. (2003) also studied graup messages for identification of
the authors using a style-based classification approadhoégh they used a highly imbalanced
dataset, over 40% accuracy is achieved in predicting thsages of 20 different authors.

Zheng et al. (2006) presented a table that provides a sum(fieatyires used, type of analysis,
and dataset properties) of the previous works on authorstgtysis. Here, we provide a similar
table with additional information for a number of previousmks. In chronological order, Table 2

gives details such as the analysis techniques used in thesvaad the type of the features used



(i.e., term-based or style-based features). In compliavite our previous taxonomy, the table
categorizes each work as an authorship attribution (AA)jlarity detection (SD), or authorship
characterization (AC) task. Several text classificatio@)Works, which are closely related with

authorship studies, are also displayed in the table.

3 Computer-Mediated Communication

3.1 Characteristics

Using textual messages in order to interact with other pedaph popular method in computer-
mediated communication. Point-to-point instant messagatso referred to here as chatting,
has several properties which makes it unique with respeottio literary writing and messaging
in other types of online services: Messages (1) are writienders with a virtual identity; (2)
specifically target a single individual; (3) are uneditecll &) have a unique style and vocabulary.
Below, we elaborate more on these characteristics.

In most chat servers, the real identity of a user is hiddemfother users by a virtual identity,
called “nickname.” Typically, the users have the option oilding up this virtual identity and
setting its different characteristic features. This githess users the opportunity to provide others
false information about their real identities. For examplanale user may set the gender of his
virtual identity as female and try to adapt his writing stgtzordingly to fool others. Having such
misleading information in chat environments makes auttiprattribution and characterization
quite difficult even for domain experts.

Unlike literary writing, where the documents are writtem public audience, chat messages
target a particular individual. Most often, chat messagedransmitted between two users, that
is, each message has a specific sender and a receiver. Timgwtjtle of a user not only varies
with his personal traits, but also heavily depends on thatityeof the receiver. For example,

a student may send a message to another student in a stylb ishigiite different from the



style of a message he/she writes to his supervisor. Thisd/pa ability of effectively changing
one’s writing style is known as sociolinguistic awarendd4al{uta, 1991). As an interesting genre
detection task, chat messages can be examined in order touineho the receiver is.

Books and plays are the most common type of literary matesatl in authorship analysis
(Foster, 2000). This type of documents are usually modifieeditors who polish the initial drafts
written by authors. Hence, most of the time, the writing estgf the original author is mixed
with that of an editor. Rudman (1998) discusses the und#sireffects of this type of editing
on authorship analysis and concludes that edited textsartketh mine since stylistic traces of
the author and the editor are not separable. The real-timgenaf chat messages prevents any
editorial changes in electronic discourse, and thus théngristyle reflects that of the original
author. In this aspect, it is quite valuable to work on urestlithat messages. However, in the
mean time, having no editorial modifications means thathat smessages, misspellings are more
frequent compared to edited text. It is debatable whettemetimisspellings are part of an author’s
writing style or not.

Due to its simultaneous nature, electronic discourse isfige author’'s current emotional
state much better than any other writing. Since the messagasmitted between users are
purely textual, chat messaging has evolved its own meangrdasferring emotions. Emoti-
cons (emotion icons) are commonly known and widely used whyspresenting feelings within
computer-mediated text (Wikipedia, 2007). We restrict work on a particular subset of emoti-
cons: smileys. Smileys, (e.g, “:-)” and “:-(") are sequenicé punctuation marks that represent
feelings such as happiness, enthusiasm, anger, and depreRgpetition of specific characters
in a word can also be used as a means of transferring emotjopstting an emphasis on a text.
(e.g. “Awesomeeee!”). In chat messages, the use of suclticoisty done misspellings is also
frequent. Since the use of smileys and emphasized wordgh$ytdependent on the writing style
of an author, they pose valuable information. However, gmgsg such information makes tradi-
tional text processing methods (e.g., stemming and papedch tagging) unsuitable for mining

chat messages.



3.2 Predictable Attributes

In general, chat messages can be used to predict two diffgps of attributes: user- or message-
specific attributes. In the first type, the distinguishingtéees of a chat message may be used to
predict the biological, social, and psychological atttédsuof the author who wrote the message.
In the latter, the distinguishing features may be used tdipr¢he attributes of the message itself.

Examples of user-specific attributes are gender, age, 8donabbackground, income, linguis-
tic background, nationality, profession, psychologidaktiss, and race. In this work, we concen-
trate on four different user-specific attributes: gendge,aducational environment, and Internet
connection domain of the users. Among these attributeggehder of an author is widely exam-
ined in literature (Vel, Corney, Anderson, &Mohay, 2002;dalyilmaz, Cambazoglu, Aykanat,
& Can, 2006), and it is observed that authors have the habiletting gender-preferential words
(Thomson & Murachver, 2001). In this work, we also try to potdhe user age based on the fact
that every generation has its own unique vocabulary. Piiadithe age of a user may be useful
for profiling the user and hence may help in forensic invedioms. Educational environment is
also worth studying since it is possible that the vocabuéarg writing style of a user might be
affected by the school he/she is affiliated with. In orderest this claim, we analyzed the chat
messages of users in different universities. We also nbdbmputer-mediated communication
adds new dimensions whose analysis may yield valuablenr#ton. As an illustrative task, we
try to predict the Internet connection domains of usersctvimay have veiled means for the edu-
cational and occupational status of a user. For examplesracosnected from the “.edu” domain
probably has an affiliation with a university, whereas a usmmected from the “.gov” domain
possibly works for the government.

For message-specific attributes, we concentrate on thirdsuggs: author, receiver, and time
of the messages. The identity of the author of a given textasniost frequently studied attribute
in authorship analysis (Mosteller & Wallace, 1964; Holme§&&rsyth, 1995; Krusl & Spafford,
1997; Zheng, Li, Chen, & Huang, 2006). In case of chat minihg, characteristics of chat

10



Table 3: The attributes predicted in this work and the nunalbetasses available for each attribute

User-specific attributes  # of classes Message-specifiowtds  # of classes

Gender 2 Receiver 1165
Age 17  Author identity 1616
School 60 Day period 4
Connection domain 7 - -

messages are firmly attached to the author’s linguisticepeeices. Hence, we try to predict the
authors of chat messages as a typical authorship attnbtagk. The audience of a chat message
may also affect the lingual preferences of an author. Fdiitigime in literature, we try to predict
the audience of textual documents; i.e., the receiverseotifat messages. The real time nature of
chat messages makes it possible to examine whether the timssage is written is predictable.
For example, in active hours of the day (morning and aftenhopeople may compose long and
complex sentences although, in passive hours (nighttipegple may tend to create short and
simple sentences. Hence, in this work, we also investideggtedictability of the period of the
day a chat message is written.

Table 3 presents a complete list of the attributes we try éaligt in this paper. In this table,
the number of classes refers to the maximum number of pessgdhlies an attribute can have. For
example, the gender attribute has two possible class valuale and female) while the connec-
tion domain attribute has seven possible class values,daahich represents a different Internet

connectivity domain.

4 Chat Mining Problem

The chat mining problem can be considered as a single-ldassification problem. If the at-
tribute to be predicted is user-specific, a supervised iegisolution to this problem is to generate
a prediction function, which will map each user instanceoame of the attribute classes. The

prediction function can be learned by training supervisidsification algorithms over a repre-
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sentative set of user instances whose attributes are knovease of message-specific attributes,
the process is similar. However, this time, the individuahttmessages are the instances whose
attributes are to be predicted, and the training is perfarmeer a set of chat messages whose
attributes are known.

In predicting the user-specific attributes, each user imtstas represented by a set of features
extracted from the messages that are generated by thatytartuser. Similarly, in predicting
message-specific attributes, each message instance eéseafed by a set of features extracted
from the message itself. In this work, for predicting botlpdg of attributes, we evaluate two
competing types of feature sets: term-based featuress/stgle-based features.

When term-based features are used, the vocabulary of theageesollection forms the fea-
ture set, i.e., each term corresponds to a feature. In gnegliaser-specific attributes, the set of
terms typed by a user represents a user instance to be ddssifipredicting message-specific at-
tributes, the terms in a message represent a message astdrns type of a formulation reduces
the chat mining problem to a standard text classificatiotlero (Sebastiani, 2002).

In literature, term-based feature sets are widely used (lRuniz, & Srinivasan, 1999). Un-
fortunately, term-based features may not always reflecthizeacteristics of an author since the
terms in a document are heavily dependent on the topic ofdbardent. In chat mining, a fea-
ture set that is independent of the message topic may leagtter Ibesults in predicting the user-
and message-specific attributes. Hence, using the stytistferences instead of the vocabulary
emerges as a viable alternative.

Rudman (1998) states that there are more than 1000 diffetginttic features that can be
used to define the literary style of an author. The most contynased stylistic features are word
frequencies; sentence and word lengths; and the use dbd|gounctuation marks, and function
words (Holmes, 1985). So far, there is no consensus on tlod et most representative features.

This study, in addition to the traditional stylistic featgr considers several new and problem-
specific stylistic features (e.g., smileys and emoticossydun order to find better representations

for user or message instances. The smileys and emoticortevarenportant features that are
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Table 4: The stylistic features used in the experiments

Feature category Features in the category Possible fealues
character usage frequency of each character low, mediwgh, hi
message length average message length short, average, long
word length average word length short, average, long
punctuation usage frequency of punctuation marks  low, oradhigh
punctuation marks a list of 37 punctuation marks exists enets
stopword usage frequency of stopwords low, medium, high
stopwords a list of 78 stopwords exists, not exists
smiley usage frequency of smileys low, medium, high
smileys a list of 79 smileys exists, not exists
vocabulary richness  number of distinct words poor, average

frequently found in chat messages. A summary of the stysedbdeatures used in this study is
given in Table 4. The stylistic features used in this work gmeuped into 10 categories. Each
category contains one or more features with categoricalifeavalues. For example, the average
word length feature can possibly have three values: shadjum, and long. This discretization is
performed depending on the feature value distributions awset of messages randomly selected

from the chat dataset.

5 Dataset and Classification Framework

5.1 Dataset

The chat dataset used in this paper is obtained from a clyrieattive chat server called Heaven
BBS, where users had peer-to-peer communication via textessages. The outgoing chat mes-
sages (typed in Turkish) of 1616 unique users is logged foiearnonth period in order to generate
the dataset. The messages are logged without the notice oéérs, but respecting the anonymity
of messages. The vocabulary of the dataset contains 165idt@vctiwords. There are 218 742
chat messages, which are usually very short (6.2 words pgsage on the average). The message

log of a typical user contains around 160 chat messages.
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Figure 1: The classification framework.

The dataset also contains users’ subscription informaticech as the name, gender, emalil
address, and occupation. Some fields of the subscriptionni#tion may be missing as they are
optionally supplied by the users. Also, against our besireffto validate the correctness of the

entries, there may be fakes or duplicates among the users.

5.2 Classification Framework

In this section, we provide an overview of the framework wedaleped for solving the chat
mining problem. Here, we restrict our framework to prediotiof user-specific attributes using
the term-based feature set. Extensions of this framewdhatmessage-specific attributes and the
style-based feature set are discussed later in this sedfigare 1 summarizes the classification
procedure used in predicting the user-specific attribulbe framework consists of three stages:
data acquisition, preprocessing, and classification. @ketivo stages contain several software

modules that execute in a pipelined fashion.
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<I NSTANCE=al i >

<NAME=al i guney>

<GENDER=Mal e>

<EMAI L=Guney @l pha. eng. ege. edu. tr >
<DOVAI N=edu>

<SCHOOL=ege>

<Bl RTHDAY=19>

<Bl RTHMONTH=Cct ober >

<Bl RTHYEAR=1979>

<HORCSCOPE=I i br a>

<RECEIl VER=bIl andi nka>

<X>

<DATE=Wed Apr 5 16:09: 40 2000>
MESELA COK GENI' S BI R | NSANSI N AMA BAZEN COK KUCUK BI R SEYE
TAKI YOSUN d BI

// For Exanple, you are a flexible person. But Sonetines you concentrate
on smal |l things

</ X>

</ RECEl VER>

<RECEI VER=ageof eye>

<X>

<DATE=Wed Apr 5 16:10: 48 2000>
KONUSMAK | STI YORMUSUN BENLE

/1 do you want to talk with ne

</ X>

</ RECEl VER>

</ 1 NSTANCE>

Figure 2: A sample fragment of the chat corpus formed. Theneme is deidentified to preserve
the anonymity. English translations are added for converde

The corpus creation module of the data acquisition stagadar tagged corpus from the raw
message logs obtained from the chat server. In Figure 2, axédar a sample fragment from this
corpus. For each user instance in the corpus, between alTANGE” tag pair, the attributes of
the user and the messages typed by the user are stored. gbeusers receiving the messages
of the user are separated by the “RECEIVER” tag pairs. Eachiver may receive multiple
messages, which are separated by the “X" tag pairs.

After the chat corpus is generated, it undergoes severptq@ressing steps to improve clas-
sification accuracies. Each preprocessing step is des@madseparate software module. In our

framework, the preprocessing stage involves three moduglesnsing/filtering, undersampling,
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and feature selection.

The cleansing/filtering module aims to obtain a set of regrestive terms for each user. For
this purpose, non-alphanumeric characters (e.g., whitesy punctuation marks) are eliminated.
A list of 78 Turkish stopwords (i.e., connectives, conjuoias, and prepositions) is further used
to eliminate content-independent terms. Single-word agss are also ignored since these are
mostly uninformative salutations. The features of the usg&ances are formed by the remaining
terms, where the tf-idf (term frequency-inverse documeeagudiency) values (Salton & McGill,
1983) are used as the feature values. Finally, the useniresathat contain only a small number
of features, i.e, those that have less than a pre-determimexdber of terms, are eliminated.

The existence of imbalanced classes is a crucial problenexhdassification (Kubat &
Matwin, 1997). If the number of instances selected from edaks are not roughly equal, the
classifiers may be biased, favoring more populated clag$esmain goal of the undersampling
module is to balance the number of instances in each classhiB@urpose, an equal number of
instances with the highest term counts are selected fromm @ass and the remaining instances
are discarded. In this dataset, an imbalance is also olzkervénstance sizes since the number
of distinct terms of each user greatly varies. In order t@beg¢ instance sizes, a fixed number of
consecutive terms is selected for each user, and the ramagerims are discarded.

The high dimensionality of text datasets badly affects thglieability of classification al-
gorithms. Feature selection (Yang & Pedersen, 1997) is alwidsed preprocessing stage for
reducing the dimensionality of the datasets. In the feasetection module, we employ the
(CHI square) statistic for every term in order to calculdteit discriminative power. Most dis-
criminative features are selected according to fRescores and used as the feature set. The
remaining less discriminative features are eliminatedhenfeature selection module.

The operation of the modules of the preprocessing stagesstasiations in case of message-
specific attributes or the style-based feature set. Fordle of message-specific attributes, the
cleansing/filtering module also employs word blocking. STisi because chat messages typically

contain only a few words, and it is difficult to correctly ctfy a message with this little infor-
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mation. The cleansing/filtering module concatenates pialtonsecutive messages of the same
user into a single long message. After blocking, the messegances become lengthy enough
to have sensible information (Corney, 2003).

In the case of the style-based feature set, instead of termgmber of stylistic features are
extracted. Some of these features contain statistics @beytunctuation and stopword usage.
Thus, for the construction of style-based feature sets¢tpation marks and stopwords are not
eliminated in the cleansing/filtering module. Additionallor user-specific attributes, the feature
sets of all chat messages belonging to a user are combinedsaddas the feature set for that
user. Since the instances contain roughly equal numbegtires in style-based feature sets, the
undersampling module does not try to balance the instazes.si

The classification stage contains three modules. In thes aralgdation module, the instances
in the dataset are shuffled and divided into 10 equal-sizst@iice blocks. One of these blocks
is selected as the test instance block while other instatmzkd are used for the training the
framework. The training module uses the training instarsgsplied by the cross validation
module. The output of the training module is a classificatiwdel, which is used by the testing
module in order to predict the classes of each test instaftoe testing module produces a set of
predictions based on the classification model and the acgwfea test is defined as the number
of correct predictions divided by the number of total préidics. This operation is repeated
10 times, each time with a different block selected as theitssance block. The average of
all predictions gives the prediction accuracy of a classifiehe testing module uses a set of
algorithms selected from the Harbinger machine learningkib(Cambazoglu & Aykanat, 2005)
and SVM-light (Joachims, 1998). An overview of the selecagbrithms can be found in the

corresponding referencés.

The source codes of these algorithms are publicly availabliae and may be obtained from the following Web
addresses:
http://bmi.osu.edu/ barla/coding/HMLT/download/HMtar.gz
http://download.joachims.org/svstruct/current/svistruct.tar.gz
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6 Experimental Results

6.1 Experimental Setup

In order to examine the predictability of user and messatyibates, the personal information
within the chat server logs are used. The attributes retdevom the server logs such as the
users’ birth years, and educational environments are dtdmnioluntarily, they may be missing.
As a consequence, some attribute classes are very lighplylated and the use of such classes
in evaluating the predictability of that attribute may bepmactical. Thus, the experiments are
conducted on a selection of the most populated classes lofagtaibute.

As an illustrative example, the connectivity domain atttéohas seven possible class values.
For examining the predictability of the connectivity domaitribute, the most populated two and
three classes are selected from the possible seven classebe experiments are conducted only
on the instances belonging to those classes.

Table 5 summarizes the experiments conducted for estigtie prediction accuracies of
each attribute. The table contains information about thaber of classes, the number of in-
stances, and a set of sample classes used in each test seetI@se tagged by concatenating the
attribute name, the number of classes, and the number aics$ used to represent each class.
For example, the School-3-80 tag corresponds to the expatioonducted for predicting the ed-
ucational environment of users. This experiment involeeéd possible classes, each of which
contains 80 representative instances. As an example farabe of message-specific attributes,
the experiment tagged with Author-10-26 involves 10 pdssdiasses, each of which contains
26 instances. Here, each class represent a different aatibinstances correspond to message
blocks generated by concatenating a particular authorssages.

A selection of classifiers from the Harbinger machine leagnioolkit (Cambazoglu & Aykanat,
2005) is used for predicting the user and message attrib(tee selected classifiers akeNN
(Han, Karypis, & Kumar, 2001), NB (McCallum & Nigam, 1998)nch PRIM. Additionally,
SVM-light (Joachims, 1998) software is used in order to gVM to the chat mining prob-
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Table 5: Test sets, their parameters, and sample classes

# of instances

Test set #ofclasses ineachclass Sample classes
Author-2-35 2 35 Andromeda and Taru
Author-10-26 10 26 Andromeda, Taru, Zizer, ...
Author-100-10 100 10 Andromeda, Taru, Zizer, ...
BirthYear-2-30 2 30 birth year before 1976 (inclusive),
birth year after 1976 (exclusive)
BirthYear-4-30 4 30 1975,1976,1977,1978
DayPeriod-2-34 2 34 Day, night

(representing 12-hour periods)

DayPeriod-4-17 4 17 Morning, afternoon,evening, night
(representing 6-hour periods)

Domain-2-35 2 35 .edu,.com

Domain-2-50 2 50 .edu,.com

Domain-2-65 2 65 .edu,.com

Domain-3-30 3 30 .edu,.com, .net

Gender-2-50 2 50 Male, Female

Gender-2-100 2 100 Male, Female

Gender-2-200 2 200 Male, Female

Receiver-2-35 2 35 Andromeda, Taru

Receiver-10-26 10 26 Andromeda, Taru, Zizer, ...

School-2-190 2 190 Bilkent, METU

School-3-80 3 80 Bilkent, METU, Ege

School-3-120 3 120 Bilkent, METU, Ege

School-5-50 5 50 Bilkent, METU, Ege, KHO, ...

School-10-29 10 29 Bilkent, METU, Ege, KHO, ...

lem. In each test setting, 90% of the most discriminativéuiess are used as the representatives.
A sequence of 3000 words is used as the maximum documentaiterin-based feature sets.
The remaining terms in the documents containing more th&@ 3&rms are discarded. For the
k-NN classifier, the cosine similarity measure is used as igtarte metric and the number of the
nearest neighbor, is selected as 10. A polynomial kernel (Joachims, 1998%éiun SVM.

Each experiment is repeated 5 times and the average poedadtturacies are reported.
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6.2 Analysis of Predictability

In order to visualize the predictability of different abutes, PCA is used. By using PCA, it
is possible to reduce the dimensionality of the instancBewig them to be plotted in two
dimensions (Binongo & Smith, 1999). Figure 3 shows PCA tssiar four different attributes
using a term-based feature set. These attributes are tleigésentity, and Internet connectivity
domain of an author and the time period of the messages. A3GHes of the style-based feature
set is similar, they are omitted from this study. Also, ndtattthe coordinate values of the
principle component analysis are not displayed. In thiskwBICA is only used for the reduction
of dimensionality of the dataset. Thus, the values of tha gatnts are not indicative of anything,
and only the relative proximities of the data points are intguat.

Since the data points for each author cover separate regidegeasonable to expect high
accuracies in predicting the identity of the author of a rages For the PCA of the Internet
connection domain, it can be seen that the distribution td gaints that belong to the “.com”
and “.net” domains cover nearly identical regions while ta¢a points belonging to the “.edu”
domain cover a separate region. Hence, it would be reasenaldxpect that the “.edu” class
could be predicted accurately while “com” and “net” domawuld be frequently mispredicted.
The results of PCA show that it would not be possible to disrate all attributes equally using

a term-based feature set.

6.3 User-Specific Attributes

Table 6 summarizes the prediction accuracies of the expaisnconducted on the user-specific
attributes. Among all experiments, the highest predictaies are achieved for the Internet con-
nection domain of a user. For this attribute, the NB clagsfiredicts 91.8% and 68.7% of the

test instances correctly for the Domain-2-50 and DomaBd3est cases respectively. The gen-
der, education environment, and the birth year attribufes wser are also predicted accurately.

The prediction accuracies of 82.2% and 75.4% are achievedeitiction of the gender and the
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Figure 3: The results of the PCA for four different attribsitgollowing our earlier convention):
a) Author-3-20, b) Domain-3-20, c) Gender-2-200, and d) Barjod-2-34.

birth year of a user respectively. The educational envirenhof a user attains 68.8%, 53.4%, and
39.0% correct prediction rates for the School-2-190, StEbee0, and School-10-29 test cases re-
spectively. The results of the classification experimestagia term-based feature set lead to the
conclusion that gender, identity, and Internet connectiomain attributes contain information
that reflect the language preferences of a user and it istgegsipredict these attributes.

In order to verify whether the experiments are more than slutiey guessing, the level of
significance for each experiment is determined. For thigpgse, two prediction functions are

generated. These functions are used to represent a contugh gnd a treatment group. The
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Table 6: Prediction accuracies of experiments conductaasenspecific attributes

Term-based feature set Style-based feature set
Tag k-NN  NB PRIM SVM k-NN NB PRIM SVM
BirthYear-2-30 50.1 60.8 53.8 56.3 50.0 75.4 55,5 48.0
BirthYear-4-30 24.0 27.3 20.0 26.5 22.8 374 199 220
Domain-2-35 59.7 90.0 77.2 643 63.9 90.0 66.9 59.7
Domain-2-50 58.2 91.8 74.0 63.6 64.2 882 74.4 69.0
Domain-2-65 55.9 914 79.3 65.2 68.6 89.8 78.0 74.1
Domain-3-30 34.0 674 496 39.6 34.7 68.7 48.2 458

Gender-2-50 73.4 80.0 53.4 81.5 63.2 718 512 714
Gender-2-100 745 815 58.3 82.2 61.7 819 642 723
Gender-2-200 722 782 56.4 80.2 62.4 817 649 778
School-2-190 56.8 68.8 55.8 66.8 59.3 55.2 50.3 62.9
School-3-80 43.6 56.7 35.9 59.7 431 47.0 340 510
School-3-120 42.7 53.2 41.1 61.0 441 40.4 32.0 63.7
School-5-50 30.8 489 26.8 53.4 29.1 412 259 437
School-10-29 225 37.8 17.6 39.0 204 26.7 139 26.2

control group consists of random guesses for each instahie thie treatment group consists of
predictions after the classifiers are used. The value of tbdigtion function is 1 if the instance
is correctly predicted and O otherwise. Wilcoxon signeakraest (Wilcoxson, 1945) is used
for determining the levels of significance. The significaheesls are computed for the best
classification result, represented in bold case in Tablea®leT7 summarizes the z-scores and p-
values for each experiment group for user-specific atteibuNoting that the most common level
of significance is 5%, all experiments performed signifigabetter than random guesses. The
experiments conducted on the Internet connectivity donggnder, and educational environment
attributes all result in very low levels of significance, winimeans that the methods proposed in
this work can be used effectively to predict these attributechat messages.

In predicting the user-specific attributes, the use of teant style-based feature sets perform
almost equally well. While the term-based feature setsoper$ better than style-based feature
sets for predicting the Internet connection domain and theational environment of a user, the

use of style-based feature sets perform better for pregidtie birth year of a user.
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Table 7: Significance analysis conducted on user-specffibuttes

Term-based feature set Style-based feature set
Tag Z-score p-value z-score p-value
BirthYear-2-30 1.73 8.3e-1 2.10 2.7e-2
BirthYear-4-30 1.66 1.9e-1 2.03 5.8e-2
Domain-2-35 4.45 6.2e-7 3.74 8.0e-4
Domain-2-50 5.32 9.5e-9 4.27 3.3e-5
Domain-2-65 5.44 8.4e-8 5.61 7.1e-9
Domain-3-30 411 3.6e-6 3.94 6.6e-5
Gender-2-50 4.02 3.3e-5 2.32 3.7e-2
Gender-2-100 5.31 3.4e-7 5.39 5.1e-8
Gender-2-200 6.51 6.4e-10 7.11 1.1le-11
School-2-190 3.74 2.0e-4 2.92 3.2e-3
School-3-80 4,72 9.8e-7 2.60 1.2e-3
School-3-120 6.78 1.3e-12 6.64 5.2e-12
School-5-50 7.17 1.1le-12 4.49 2.1e-5
School-10-29 7.10 4.1e-10 3.44 2.1e-5

The performance of different classifiers vary throughowet éixperiments. The experimental
results on the prediction of user-specific attributes shimat NB and SVM perform best in all
settings although the results show that no single classifirtbe the “best performer.” While NB
performs better than SVM in predicting the connection denadia user, SVM performs slightly
better in predicting the educational environment of a us&N produces the worst results for the
prediction of the Internet connection domain while PRIMfpans the poorest in prediction of
all other attributes. PRIM’s poor performance is a resuit bkeing a rule-based classifier. PRIM
generates a set of classification rules covering all theamtss in a class, and use these rules
to classify the test instances. Due to the high dimensitynafithe dataset, these rules contain
only the most discriminative features, and thus, tend todi& Yor only a small subset of the

instances in a class. Since such rules fail to classify &largpugh subset of the test instances,

the classification of PRIM degenerates into random guesses.
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Table 8: Prediction accuracies of experiments conducteti@ssage-specific attributes

Term-based feature set Style-based feature set
Tag k-NN NB PRIM SVM kk-NN NB PRIM SVM
Author-2-35 100.0 100.0 98.7 100.0 98.3 99.7 929 97.1
Author-10-26 98.7 100.0 744 999 84.0 89.1 51.7 97.1
Author-100-10 88.3 89.9 44.0 99.7 312 29.7 5.8 78.9
DayPeriod-2-34 66.2 71.6 48.8 60.7 590.9 63.8 543 59.6
DayPeriod-4-17 34.6 476 254 39.6 30.7 38.9 28.5 41.6
Receiver-2-35 60.0 75.0 516 67.0 58,5 60.5 53.7 53.4
Receiver-10-26 251 409 21.8 41.1 124 11.2 9.2 10.6

6.4 Message-Specific Attributes

Table 8 summarizes the prediction accuracies of expergneariducted on the message-specific
attributes. The identity of the author is predicted withfpet accuracy for two and 10 authors
using term-based feature sets. The prediction accura@sdm99.7% even when the number of
users is increased to 100. The experiments for predictiagdiéntity of the author of a message
show that each author has a distinct communication stylenand selection habits. The use of
style-based feature sets also show that the receiver of sagesnd the time period the message is
written is also predictable. The receiver of a message wigiesd with 75.0% and 40.9% accuracy
for the Receiver-2-25 and Receiver-10-26 test cases, ¢gply. The classification accuracies
for the DayPeriod-2-34 and DayPeriod-4-37 test cases a68«and 47.6%, respectively. Table 9
also summarizes the significance tests conducted on mesgagéc attributes.

The use of style-based feature sets perform equally with-teased feature sets when the
number of classes is small. However, as the number of classe=sases, the decrease in the
prediction accuracy is more significant when using styleeblafeature sets than using term-based
feature sets. The reason of this rapid decrease in the ficedaccuracies is that the dimensional-
ity of the style-based feature sets are much smaller thdrofliae term-based feature sets; and as
the number of classes increases, all classifiers exhilfitdties in differentiating the instances

of different categories.
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Table 9: Significance analysis conducted on message-spattifbutes

Term-based feature set Style-based feature set

Tag Z-score p-value z-score p-value
Author-2-35 5.24 1.5e-7 4.79 1.2e-5

Author-10-26 13.37 7.1e-73 13.12 9.2e-69
Author-100-10 27.19 3.3e-318 24.16 2.5e-200
DayPeriod-2-34 3.30 1.9e-3 1.46 1.8e-1
DayPeriod-4-17 2.32 3.9e-3 1.80 7.6e-2
Receiver-2-35 2.39 2.0e-3 1.20 2.4e-1
Receiver-10-26 6.18 5.2e-9 1.42 3.6e-1

Contrary to the results of the experiments employed usiegtéhm-based feature sets, the
receiver and day period of a message can only be predicteasalrith random accuracy using
a style-based feature set. This interesting finding shows ttie vocabulary use of a person
is dependent on the target and the time of the message whileatmmunication style is only
dependent on the person writing that message.

For predicting the message-specific attributes, NB and S¥Meae best results among all
classifiers. While both classifiers perform similarly foraimumber of classes, the experiments
on the authors’ identity show that as the number of classgedises SVM performs better than

NB. The PRIM classifier performs the worst for all attributesboth term- and style based feature

sets.

7 Concluding Remarks

7.1 Discussions

In this paper, the predictability of various user- and mgssspecific attributes in electronic dis-
course is examined. Specifically, the word selection andsages organization of chat users are
investigated by conducting experiments over a large i@athat dataset. Our observations show

that many characteristics of chat users and messages caadietgd using their word selection
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and writing habits. The experiments point out that somebaities have recognizable traces on
the linguistic preferences of an author. A possible altiraaview to the chat mining problem is
to examine how the linguistic traits of a person effect théimg style. In this section, we take
this alternative view and discuss how a person’s attribatist his writing style.

Table 10 shows the set of most discriminative terms for hffie attributes. As chat conver-
sations occur in a spontaneous environment, the use of slards and mispellings is frequent.
Two different users may write the same word quite diffengntror example, the word “some-
thing” (spelled as “birsey” in Turkish with ASCII charac#ris used in its syntactically correct
form by the user “Andromeda” while “Paprika” uses a slangsi@n (“bishiy” in Turkish with
ASCII characters) of the same word in his messages. Thevazoafi a message also affects the
word selection habits. Some users tend to receive messagésreng more slang words than
others. The vocabulary use is additionally affected frompkriod of the day. Our observations
show that during the day hours, users tend to converse matelpaising apologetic words more
frequently.

The user-specific attributes also affect the word seledtiabits. The most discriminative
words of the users connected from the “.edu” domain contairermquiries and imperatives. On
the contrary, the users connected from the “.com” domainleynmostly responses and second
person references. The users of the “.com” domain tend tcsheder words than the users
connected from other domains in their conversations. Aeroéittribute that clearly affects the
vocabulary of a user is gender. It is apparent that malestienge more decisive, dominating
sentences using words that can be considered as slang eimiddef conversations involve more
content-dependent words and emoticons (e.g., Ayyy!). @Heglings show similarities with
the findings presented in (Zelenkauskatie & Herring, 200d)e most discriminative words for
the classes of user’'s educational environment are mostlyirdded by the regional terms. In
Table 10, the most discriminating words of users from thmaigarsities in different regions are
given. The vocabulary of the users contain many locati@ettic terms and is clearly affected

by the location of the university and its facilities.

26



Table 10: The most discriminating words for each attribuiée discriminative power of each
word is calculated using the? statistic

The most discriminating words

Attribute name Example Class

Author Andromeda byes (bye — slang), ok, birsey (something)
Paprika diil (nothing — misspelled), ehe (hah — slang)
bishiy (something — misspelled)
Taru hmm (emoticon), dakika (minute), ha (hah!)
BirthYear 1979 dusunuyon (thinking — misspelled), ucuzseaply
acar (opens)
1978 onemli (important), demek (then), git (go)
DayPeriod Afternoon kusura (fault), uzgunum (I'm sorrytfén (please)
Evening geceler (nights), hosca (finely), grad (graduate)
Domain .edu git (go), gelir (comes — 2nd person), saat (glock
.com cikardin (you displace — 2nd person), muhabbet (chat)
karsindaki (opposite)
Gender male abi (brother), olm (buddy — misspelled)
lazim (required)
female ayyy (ohhh!), kocam (my husband)
sevgilimin (my lover’s)
Receiver Celefin olm (buddy — misspelled), falan (so)
yaw (hey! — misspelled)
Kebikec hmm (a notification), seker (sugar), adam (man)
School Ege Univ. Ege (a region), Bornova (a city in Agea ragjio
Izmirde (in Izmir, a city in Agea region)
Bilkent Univ. Bilkent (Univ. Name), BCC (Bilkent Computere@ter)
Bilkentte (in Bilkent)
METU Univ. ODTU (univ. Name in Turkish), METU (Univ. name)

yurtlar (dormitories)

The stylistic analysis also provides interesting resutsch chat user expresses himself/herself
using an almost-unique and identifiable set of linguistef@rences. The messages of three differ-
ent users is examined in order to present their stylistiedihces. The user named “Andromeda”
employs smileys and average-length words more than othdrite “Paprika” tend to converse
using shorter messages, prevent using punctuation maniieys, and function words. The user
“Taru” communicates with longer messages containing alagmber of punctuation marks and

function words. The time of a message also affects the sigleracabulary of a message. During
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the day hours, messages are generally shorter and corgaiaugiliary elements such as smileys
and punctuation marks, while during the night hours the amss tend to be longer containing
many function words and punctuation marks.

The writing style shows variations between different damsaiThe users connected from the
“.edu” domain have a smaller vocabulary and use punctuatiarks and numerals frequently.
On the contrary, the users of the “.com” domain have a largeabulary, use a small number
of numerals, and write longer messages. The educationabaenvent of a user is another factor
that affects the writing style. The users from differentuamnsities prefer to use separate sets
of smileys. The style of a person is also affected by his/lesrdgr. In general, female users
prefer longer and content bearing words. They also prefertshsentences than male users and
omit the use of stopwords and punctuation marks. Long messagd use of short words are
most discriminating stylistic characteristics of male ngseThe use of style-based feature sets
prove to be more effective than the use of term-based feattsefor determining the birth year
of an author. This result also shows that the age group of @diridual is an important factor
that affects the stylistic characteristics of a person'ssages. The experiments conducted for
determining the birth year attribute of a user show that gmunusers mostly have a smaller
vocabulary. Additionally, as Radford & Connaway (2007)ogi®inted out, younger users prefer

using smileys more than older users.

7.2 Conclusion

The result of this study show that personal and environnharttaracteristics have significant
impact on ones’ vocabulary use and writing style in pegpd¢er communications. In this paper,
it is shown that by using the word selection patterns andssitylpreferences of chat users, it is
possible to predict their sociolinguistic charactersstily employing classification techniques. It
is also shown that external factors such as the time of a csatien and the recipent of a message

has considerable effect on the vocabulary use and writylg ef an author.
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The dataset used in this work also has distinguishing ptigserThe spontaneous nature of
chatting and point-to-point nature of the chat messagegsatile chat dataset quite different from
any literary writing. To the best of our knowledge, in thiady, for the first time in literature, the
authorship analysis techniques are applied to real-tinie@oonversations.

We believe that the outcome of this work will prove to be beriafifor many application areas
such as e-commerce and Internet security. For examplepdssible that companies supporting
virtual reference services may use this method for gatgesiient profiles, determining a target
population, and provide better and more customized setwitteese clients. With the growing use
of Internet communication, spamming becomes a worldwidenpmenon. This application can
also be used in the implementation of dynamic spam filtergeQine classifier is trained by a set
of previously available spam messages, it may be possiltietaify the structural properties of
spam messages and detect them. The style-based approsehtpdein this paper may prove to
be useful for this purpose. Another direct implication is tise of our work for ensuring security
within virtual groups. In most messaging services, a usaptgermitted to have more than one
account. Matching user profiles may prevent duplicate useounts and can be used to detect
the true source of malicious messages.

This work can be extended in several ways. First, our apprasdested using only one
corpus. Application of our methods on different dataset$ stiengthen the findings of this pa-
per. Applying our methods to other types of electronic disse such as emails, IRC messages,
and newsgroup messages may reveal similarities betwefmmedif computer-mediated commu-
nication media. Second, this work has only been tested okisfudocuments. While the ap-
plied procedure seems to be independent of the languageffdativeness and applicability to
other languages remain untested. Additionally, such a welg provide clues on common and
language-independent characteristics of electronicodise. Third, this work relies on the “su-
pervised learning” assumption. This means that the praesdiescribed here are applicable only
if a set of training samples is available. A framework basediesupervised classification seems

to be a natural extension of this work. In the unsupervisedsification approach, the classifier
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generates a set of spectral classes without requiring gnyt.iinformation classes are assigned
to these spectral classes afterwards with user intervenfourth, the problem can be modeled
as a probabilistic information retrieval model. Using thieqedure described in this paper, it may
be possible to answer queries such as “find the documentarthatredicted to be written during

a certain period of time” or “find the documents that are gagsivritten by someone who has a

PhD degree”.
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