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Introduction

Understanding the commonalities and differences
between contrasting groups is a fundamental tastata
analysis. Previous research has adapted rule-disgov
techniques for contrasting data sets in socialnseigBay
& Pazzani, 2001) and commerce (Webb et al., 2003)
domains. In the text mining area, Marx et al. (2068&d
Zhai et al. (2004) have explored topicality-conesrn
comparative mining with clustering techniques.

Style information, usually considered as orthogdodhe
topics of a document, provides a complementary roblatio
understand the document and thus mine useful irstom
from it. Traditional stylistic analysis has longdmeused for

Data Preparation

Data selection and preparation plays an importalet in
this project. The following criteria are followed tollect
appropriate contrasting data sets:

1. The authors’ language background should be
identifiable;

2. The authors should have comparable English
proficiency;

3. The documents should reflect the collectiveestyf
the category they belong to;

4. The collected document sets should be domain

independent.
Based on the above criteria, we collect two dasadgie

some humanities computing tasks such as authorshipfist has 40 selected electronic theses and ditims

attribution (Mosteller & Wallace, 1964). In receygars,
computational stylistics, combining traditional Istyetry,
statistics and machine learning techniques, has been

used in many other applications, such as text genre

detection (Biber, 1988, Karlgren & Cutting, 1994edSler
et al., 1997), email classification (de Vel, 200@nd
opinion (sentiment) categorization (Dave et alQ20

In this poster we describe our research of applying
machine learning and computational stylistics témpines to
the problem of comparative literary style miningivoeen
native and non-native English writers in academiiting.
The research result is expected to contribute tde st
analysis and second language writing education.

We try to locate and compare the collective style
characteristics between the writers from diffefanguage
backgrounds based on the analysis of two data sets:
collection of electronic theses and dissertationsl @&
collection of research papers. By transforming gngblem
into a categorization task, we extract various &infl style

(ETD) with 20 contributed by Chinese students afidog
American students from the ETD database at Virglr@ah.
The second has 40 selected research articles dagedo
from Microsoft Research (MSR) with 20 contributed b
Chinese researchers in Beijing, China and 20 byr the
British colleagues in Cambridge, UK. The ETD docutse
are long and each strictly attributed to one aytivbile the
MSR documents are much shorter and many are co-
authored. We restrict the co-authors to the samguiage
background.

Research Method

Style Feature Extraction

We use a set of independent features to reprekent t
writing styles. Three types of features are usdthigistudy.
They are common word sequences (CWS), parts-ofebpee
(POS), and traditional style markers (TSM). We tisee
general style markers: average word length, average
sentence length, and type/token ratio. Common svord

features and feed them into a naive Bayesian textconsist of function words and some content wordsauit

classification algorithm. The prediction accuracy €ach
feature set is used as an index to rank its discation
power to differentiate the two author groups.
classification performance also provides evidentehe
existence of collective style characteristics of thriters
from the same language background.

The

The preliminary experiment results show that the t
author groups are highly separable using a bi-gram

specific meanings (Koppel et al., 2002). It is wallown
that authors can not easily “control” the use ofmaomon
words and that they do not carry specific domaimgemnre
information, which ensures them as good style moics
with the least interference of other environmengalables.

For CWS, we use uni-gram, bi-gram, tri-gram and&st
CWS. As an example, given a piece of teS¥W4_is among
the few knownvireless system tools for-building network

common word sequences feature set. More interestingdesign.”, the following n-gram CWS features are extracted:

results are found in further feature analysis.

1. uni-gram;isamongthe few, known for;
2. bi-gram:_is amongamong thethe few few known




3. tri-gram: is among theamong the fewthe few
knowrt
4. longest: is among the few knowor.
The sizes of the feature sets are shown in Table 1.
Table 1: Feature set sizes.
CWS
Uni- |_. Tri- POS|TSM
gram Bi-gram gram Longes
MSR| 929 | 16578 25825| 31015| 42 | 3
ETD | 467 5116 | 5922 | 7936 | 42 3

The Naive Bayes Algorithms

The Naive Bayes (NB) classification methods arepsém
scalable to large feature sets and among the rffestiee
algorithms to classify text documents. When apginis
method, we have to choose from two kinds of NB
algorithms for different feature sets. One is ragu\NB
with the requirement of binning numeric featuresd @he
other is text NB without binning (Mitchell, 1997Y.he
document representations are slightly differenttfa two
methods.

Text NB follows a kind of generative model. It asss
that the documents from different classes are géeer
from different word probability distributions. Th@ocess
of training the classifier is to estimate thesebatulities.
To predict the class of a document is to determwhéch
distribution the document is generated from. Gigetext
document, each word position is defined as arbatiiand
its value is the word that appeared in that pasitibhe
number of probabilties to be estimated
(number_of classes*vocabulary size*document_length
By assuming that the attributes are independent and
identically distributed (bag-of-words), we greatigduce
the number of estimated probabilities
(number_of classes*vocabulary gizBor each positiof,
we haveP(a=wyv;) = P(wv;), so the word position and
document length no longer matter. In other wordg t
trained classifier should remain the same if wasitile the
word order in a document or concatenate all thesohant
examples in each class into one single examplehimn
sense, the size of each document does not affect.

For regular NB, each numeric feature is discretirgd
several bins before counting the frequencies et the
probabilities. In consequence the version of bigrgreatly
affects the algorithm performance. In our case we
uniformly bin each feature to 2 bins, so for a eatset of
size n, the number of probabilities to be estimated is
2*n*number_of_classedf the features are unique words,
this method is sensitive to document length. Sonadized
frequencies have to be used for this method.

We apply text NB method to the CWS feature sets and
regular NB to the POS and the TSM feature setslakcap
(add-one) smoothing is used for both methods.

is

to

We also test the regular NB on normalized CWS festu
The prediction accuracy for uni-gram is 90%, buewhhe
gram length increases, the performance quickly gosm
to 50% or even lower. Our guess for the failuresogais
that the zero probability problem deteriorates wite
increase of gram length because the feature se&t siz
increases and the feature table becomes spardee Nuat
in this case the number of probabilities to benestéd is
twice the number in text NB. An evidence to suppmrt
guess is that the classification accuracy gets evarken
each feature is discretized to more bins. Improved
smoothing techniques may alleviate the problem.

Preliminary Results

Classification Results for ETD Data Set (see Table 2).

Table 2: Confusion matrices for 10-fold cross vaitlion
for Naive Bayes classification on ETD data set.

C|E C|E
C|8|12| 40% C|l18| 2 | 90%
E| 0| 20| 100% E| 2| 18| 90%

70% 90%

Uni-gram CWS Bi-gram CWS

C|E C|E
C| 20| 0 | 100% C| 20| 0 | 100%
E| 8 | 12| 60% E| 10| 10| 50%

80% 75%

Tri-gram CWS Longest CWS

C|E C|E
C|13]| 7 | 65% C| 13| 7 | 65%
E| 6 |14| 70% E| 9| 11| 55%

67.5% 60%
POS TSM

Classification Results for MSR Data Set (see Table 3).

Table 3: Confusion matrices for 10-fold cross vaition
for Naive Bayes classification on MSR data set.

ClE C|E
C|1]19|95% C |20| 0 |100%
E | 3|17|85% E|3|17|85%

90% 92.5%
Uni-gram CWS Bi-gram CWS

C|E ClE
C|20| 0 |100% C |20| 0 |100%
E 20| 0 | 0% E |17| 3 | 15%

50% 57.5%
Tri-gram CWS Longest CWS



C|E C
C |16| 4 | 80% C|12| 8 | 60%
E | 8|12| 60% E| 4 |16| 80%
70% 70%
POS TSM

scores. Further feature analysis needs to be dormmk the
importance of the discriminative features. Help niro
second language education experts is also needed to
explain the observed differences.
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Data Sets (see Figure 1).
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Figure 1: Classification result comparison

Interesting Findings from Feature Analysis

We did simple n-gram CWS feature comparison and
discovered some interesting phenomena with sormeshs
known facts in second language education. To nafewa
English authors tend to use longer common word
sequences, and much more past and perfect tensiargux
words than Chinese authors.

Conclusions

The experiment results in Tables 2 and 3 show bhat
gram common word sequences (CWS) are the bestdeatu
set to discriminate the two author groups. The U
from 10-fold cross validation on both data setehea 90%
or higher. We need further investigation why the
experiment results on both data sets do not fotlemwsame
trend as shown in Figure 1. For example, the athgram
CWS feature sets reached fair accuracy (70%~80#ihé
ETD data but failed in the MSR case. One thingdtens
that the errors in extracting text from ps or ghifsf hurt the
accuracy of the Brill part-of-speech tagger we ysedthe
70% accuracy from POS feature set may not reflesct i
discrimination power in this experiment. The thgmmeral
style markers here do not compete with the bi-ge2AMS
feature sets.

Future Work

We have not achieved an effective strategy to ek
features according to their contrasting power. Viedtthe
Relief F attribute evaluation (Sikonja & Kononenk®297)
to rank the n-gram CWS, but tens of the feature® tied

and contributions to this project.
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