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Foreword 

The Australasian Data Mining Conference series AusDM, initiated in 2002, is the annual 
flagship venue where data mining and analytics professionals - scholars and practitioners, can 
present the state-of-art in the field. Together with the Institute of Analytics Professionals of 
Australia AusDM has a unique profile in nurturing this joint community. The first and second 
edition of the conference (held in 2002 and 2003 in Canberra, Australia) facilitated the links 
between different research groups in Australia and some industry practitioners. The event the 
event has been supported by: 

• Togaware, again hosting the website and the conference management system, 
coordinating the review process and other essential expertise; 

• the University of Technology, Sydney, providing the venue, registration facilities and 
various other support at the Faculty of Information Technology; 

• the Institute of Analytic Professionals of Australia (IAPA) and NetMap Analytics Pty 
Limited, facilitating the contacts with the industry; 

• the e-Markets Research Group, providing essential expertise for the event; 

• the ARC Research Network on Data Mining and Knowledge Discovery, providing 
financial support. 

The conference program committee reviewed 42 submissions, out of which 16 submissions 
have been selected for publication and presentation. AusDM follows a rigid blind peer-review 
process and ranking-based paper selection process. All papers were extensively reviewed by 
at least three referees drawn from the program committee. We would like to note that the cut-
off threshold has been very high (4.1 on a 5 point scale), which indicates that the quality of 
submissions is very high. We would like to thank all those who submitted their work to the 
conference. We will be extending the conference format to be able to accommodate more 
papers.  

Today data mining and analytics technology has gone far beyond crunching databases of 
credit card usage or retail transaction records. This technology is a core part of the so-called 
“embedded intelligence” in science, business, health care, drug design, security and other 
areas of human endeavour. Unstructured text and richer multimedia data are becoming a 
major input to the data mining algorithms. Consistent and reliable methodologies are 
becoming critical to the success of data mining and analytics in industry. Accepted 
submissions have been grouped in four sessions reflecting these trends. Each session is 
preceded by invited industry presentation.  

Special thanks go to the program committee members and external reviewers. The final 
quality of selected papers depends on their efforts. The AusDM review cycle runs on a very 
tight schedule and we would like to thank all reviewers for their commitment and 
professionalism. 

Last but not least, we would like to thank the organisers of AI 2005 and ACAL 2005 for 
assisting in hosting AusDM. 

 

Simeon, J. Simoff, Graham J. Williams 
John Galloway and Inna Kolyshkina 

November 2005 
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Incorporate Domain Knowledge into Support Vector 

Machine to Classify Price Impacts of Unexpected News 

Ting Yu, Tony Jan, John Debenham and Simeon Simoff 

Institute for Information and Communication Technologies 

Faculty of Information Technology, University of Technology, Sydney,  

PO Box 123, Broadway, NSW 2007, Australia 
{yuting,jant,debenham,simeon}@it.uts.edu.au 

Abstract.  We present a novel approach for providing approximate answers to 

classifying news events into simple three categories. The approach is based on 

the authors’ previous research: incorporating domain knowledge into machine 

learning [1], and initially explore the results of its implementation for this par-

ticular field. In this paper, the process of constructing training datasets is em-

phasized, and domain knowledge is utilized to pre-process the dataset. The 

piecewise linear fitting etc. is used to label the outputs of the training datasets, 

which is fed into a classifier built by support vector machine, in order to learn 

the interrelationship between news events and volatility of the given stock 

price.

1   Introduction and Background 

In macroeconomic theories, the Rational Expectations Hypothesis (REH) assumes 

that all traders are rational and take as their subjective expectation of future variables 

the objective prediction by economic theory. In contrast, Keynes already questioned a 

completely rational valuation of assets, arguing those investors’ sentiment and mass 

psychology play a significant role in financial markets. New classical economists 

have views these as being irrational, and therefore inconsistent with the REH. In an 

efficient market, ‘irrational’ speculators would simply lose money and therefore fail 

to survive evolutionary competition.  

Hence, financial markets are viewed as evolutionary systems between different, com-

peting trading strategies [2]. In this uncertain world, nobody really knows what ex-

actly the fundamental value is; good news about economic fundamental reinforced by 

some evolutionary forces may lead to deviations from the fundamental values and 

overvaluation. 

Hommes C.H. [2] specifies the Adaptive Belief System (ABS), which assumes that 

traders are boundedly rational, and implied a decomposition of return into two terms: 

one martingale difference sequence part according to the conventional EMH theory, 

and an extra speculative term added by the evolutionary theory. The phenomenon of 

volatility clustering occurs due to the interaction of heterogeneous traders. In periods 

of low volatility fundamentalists dominate the market. High volatility may be trig-
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gered by news about fundamental values and may be amplified by technical trading. 

Once a (temporary) bubble has started, evolutionary forces may reinforce deviations 

from the benchmark fundamental values.  

As a non-linear stochastic system, ABS: );;;,...,;( 11 ttHtttt nnXFX

Where F is a nonlinear mapping, the noise term t  is the model approximation error 

representing the fact that a model can only be an approximation of the real world. In 

economic and financial models one almost has to deal with intrinsic uncertainty rep-

resented here by the noise term t . For example one typically deals with investors’ 

uncertainty about economic fundamental values. In the ABS there will be uncertainty 

about future dividends. 

Maheu and McCurdy [3] specified a GARCH-Jump model for return series. They 

label the innovation to returns, which is directly measurable from price data, as the 

news impact from latent news innovations. The latent news process is postulated to 

have two separate components, normal and unusual news events. These news innova-

tions are identified through their impact on return volatility. The unobservable normal 

news innovations are assumed to be captured by the return innovation compo-

nent, t,1 . This component of the news process causes smoothly evolving changes in 

the conditional variance of returns. The second component of the latent news process 

causes infrequent large moves in returns, t,2 . The impacts of these unusual news 

events are labelled jumps. Given an information set at time t-1, which consists of the 

history of returns },...,{ 11 ttt rr , the two stochastic innovations, t,1  and t,2

drive returns: tttr ,2,1 , t,1  is a mean-zero innovation ( 0]|[ 1,1 ttE )

with a normal stochastic forcing process, )1,0(~,,1 NIDzz tttt  and t,2  is a 

jump innovation.  

Both of the previous models provide general frameworks to incorporate the impacts 

from news articles, but with respect to thousands of news articles from all kinds of 

sources, these methods do not provide an approach to figure out the significant news 

of the given stocks. Therefore, these methods cannot make significant improvement 

in practice.  

Numerous publications describe machine-learning researches that try to predict short-

term movement of stock prices. However very limited researches have been done to 

deal with unstructured data due to the difficulty of the combination of numerical data 

and textual data in this specific field. Marc-Andre Mittermayer developed a prototype 

NewsCATS [4], which provides a rather completed framework. Being different from 

this, the prototype developed in this paper, gives an automatic pre-processing ap-

proach to build training datasets and keyword sets. Within the NewsCATS, experts do 

these works manually, and this is very time consuming and lack of flexibility to dy-

namic environments of stock markets. A similar work has been done by B. Wuthrich 

and V. Cho et al [5]. The following part of this paper emphasizes the pre-processing 

approach and the combination of the rule-based clustering and nonparametric classi-

fications.  
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2. Methodologies and System Design 

Being different from common interrelationships among multiple sequences of obser-

vations, heterogeneous data e.g. price (or return) series and event sequences are con-

sidered in this paper. Normally, the price (or return) series is numerical data, and the 

later is textual data. At the previous GARCH-Jump model, the component t,2  incor-

porates the impacts from events into price series. But it is manual and time consuming 

to measure the value of t,2  and the model does not provide a clear approach.  

Moreover, with respect to thousands of news from overall the world, it is almost 

impossible for one individual to pick up the significant news and make a rational 

estimation immediately after they happen. At the following parts, this paper will pro-

pose an approach that uses machine learning to classify influent news 

The prototype of this classifier is a combination of rule-based clustering, keywords 

extraction and non-parametric classification e.g. support vector machine (SVM). To 

initiate this prototype, some training data from the archive of press release and a clos-

ing price series from the closing price data archive are fed into the news pre-

processing engine, and the engine tries to “align” news items to the price (or return 

series). After the alignment, training news items are labelled as three types of news 

using a rule-based clustering. Further the training news items are fed into a keywords 

extraction engine within the news pre-processing engine [6], in order to extract key-

words to construct an archive of keywords, which will be used to convert the news 

items into term-frequency data understood by the classification engine (support vec-

tor machine).  

Fig 2.1. Structure of the classifier 

After the training process is completed, the inflow of news will be converted as a 

term-frequency format and fed into the classification engine to predict its impact to 

the current stock price.  
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On the other hand, before news items are fed into the classifier, a rule-based filter, 

“stock profile”, screens out the unrelated articles. Given a stock, a set of its casual 

links is named as its “Stock Profile”, which represents a set of characteristics of that 

stock. For example, AMP is an Australia-based financial company. If a regional natu-

ral disease happens in Australia, its impact to AMP is much stronger than its impact 

to News Corp, which is multi-national news provider. The stock price of AMP is 

more sensitive to this kind of news than the stock price of News Corp is. 

2.1. Temporal Knowledge Discovery 

John Roddick et al [7] described that time-stamped data can be scalar values, such as 

stock prices, or events, such as telecommunication signals. Time-stamped scalar val-

ues of an ordinal domain form curves, so-called “time series”, and reveal trends. They 

listed several types of temporal knowledge discovery: Apriori-like Discovery of As-

sociation Rules, Template-Based Mining for Sequences, and Classification of Tempo-

ral Data. In the case of trend discovery, a rationale is related to prediction: if one time 

series shows the same trend as another but with a known time delay, observing the 

trend of the latter allows assessments about the future behaviour of the former. 

In order to more deeply explore the interrelationship between sequences of temporal 

data, the mining technique must be beyond the simple similarity measurement, and 

the further causal links between sequences is more interesting to be discovered.  

In financial research, the stock price (or return) is normally treated as a time series, in 

order to explore the autocorrelation between the current and previous observations. 

On the other hand, events, e.g. news arrival, may be treated as a sequence of observa-

tions, and it will be very significant to explore correlation between these two se-

quences of observations.  

2.2. A Rule Base Representing Domain Knowledge  

How to link two different sequences of observations? A tradition way is employing 

financial researchers, who use their expertise and read through all of news articles to 

distinguish. Obviously it is a very time consuming task and not react timely to the 

dynamic environment. To avoid these problems, this prototype utilizes some existing 

financial knowledge, especially some time series analysis to price (or return), to label 

news articles. Here financial knowledge is named as domain knowledge: knowledge 

about the underlying process, 1) Functional form: either parametric (e.g. addictive or 

multiplicative), or semi-parametric, or nonparametric; and 2) identify economic cy-

cles, unusual events, and causal forces.  

Numerous financial researches have demonstrated that high volatilities often correlate 

with dramatic price discovery processes, which are often caused by unexpected news 

arrival, so-called “jump” in the GARCH-Jump model or “shock”. On the other hand, 

as the previous ABS suggested, high volatility may be triggered by news about fun-

damental values and may be amplified by technical trading, and the ABS model also 

implied a decomposition of return into two terms: one martingale difference sequence 

part according to the conventional EMH theory, and an extra speculative term added 
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by the evolutionary theory. Some other financial researches also suggest that volatil-

ity may be caused by two groups of disturbance:  traders’ behaviours, e.g. trading 

process, inside the market, and impacts from some events outside the markets, e.g. 

unexpected breaking news. Borrowing some concepts from the electronic signal 

processing, “Inertial modelling” is the inherent model structure of the process even 

without events, and “Transient problem” is the changes of flux after new event hap-

pens. Transient problem may cause a shock at series of price (or return), or may 

change the inherent structure of the stock permanently, e.g. interrelationship between 

financial factors. 

How to represent the domain knowledge into machine learning system? Some re-

searches have been done by Ting Yu et al [1]. The rule base represents domain 

knowledge, e.g. causal information. Here, in case of unexpected news announcement, 

the causal link between the news and short-range trend is represented by knowledge 

about the subject area.   

2.2.1. Associating events with patterns in volatility of stock price 

A large amount of financial researches have indicated that important information 

releases are already followed by dramatic price adjustment processes, e.g. extremely 

increase of trading volume and volatility. This phenomena normally lasts one or two 

days [8].  

In this paper, a filter will treat the observation beyond 3 standard derivations as ab-

normal volatilities, and the news released at these days with abnormal volatilities will 

be labelled as shocking news.  

Different from the often-used return, e.g.
1

1

t

tt
t

P

PP
R , the net-of-market return is 

the difference between absolute return and index return: ttt IndexRRNR . This 

indicates the magnitude of information released and excludes the impact from the 

whole stock market. 

Piecewise Linear Fitting:  

In order to measure the impact from unexpected news event, the first step is to get rid 

of the inertial part of the series of return. At the price series, the piecewise linear 

regression is used to fit into the real price series and detect the change of trend. Here, 

piecewise linear fitting screens out the disturbance caused by traders’ behaviours, 

which normally are around 70% total disturbances. 

Linear regression falls into the category of so-called parametric regression, which 

assumes that the nature of the relationships (but not the specific parameters) between 

the dependent and independent variables is known a priori (e.g., is linear). By con-

trast, nonparametric regression does not make any such assumption as to how the 

dependent variables are related to the predictors. Instead it allows the regression func-

tion to be "driven" directly from data [9].  

Three major approaches to segment time series [10]: sliding windows, top-down and 

bottom-up. Here the bottom-up segmentation algorithm is used to fit a piecewise 
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linear function into the price series, and the algorithm is developed by Eamonn Ke-

ogh el at [11]. The piecewise segmented model M is given by [12]:  

)1(),(),( 1111 ttewtfY

)(),(),( 21222 ttewtf

…………………………………… 

)(),(),( 1 kkkkk ttewtf

An ),( ii wtf  is the function that is fit in segment i. In case of the trend estimation, 

this function is a linear one between price and date. The i ’s are change points be-

tween successive segments, and )(tei ’s are error terms.  

In the piecewise fitting of a series of stock price, the connecting points of piecewise 

release points of the significant change of trends. In the statistics literature this has 

been called the change point detection problem [12].  

After detecting the change points, the next stage is to select an appropriate set of 

news stories. Victor Lavrenko el at named this stage as “Aligning the trends with 

news stories” [13].  

In this paper, these two rules, extreme volatilities detection and change point detec-

tion, are employed to label training news items, and at the same time, some rules are 

employed to screen out the unrelated news. This rule base contains some domain 

knowledge, which has been discussed at the previous part, and bridges the gap be-

tween different types of information.  

Collopy and Armstrong have done some similar researches. The objective of their 

rule base [14] are: to provide more accurate forecasts, and to provide a systematic 

summary of knowledge. The performance of rule-based forecasting depends not only 

on the rule base, but also on the conditions of the series. Here conditions mean a set 

of features that describes a series.   

An important feature of time series is a change in the basic trend of a series. A piece-

wise regression line is fitted on the series to detect the level discontinuity and changes 

of basic trend.  

The pseudo-code for an example of the algorithms: 

rule_base(); 
Piecewise (data); 
While not finish the time series 
     If {condition 1, condition 2}  then 
         a_set_of_news=scan_news(time); 
 Episode_array[i]= a_set_of_news; 
     End if 
     Return Episode_array; 
End loop 
/**Rule base**/ 
rule_base() { 
     Condition 1: 
       Day  {upward, neutral, downward}; 
     Condition 2: shock == true; 
}
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The combination of two rules are quite straightforward: unanticipated negative news 

= within downward trend + large volatility, unanticipated positive news = within 

upward trend + large volatility.   

2.3. Text Classification:  

The goal of text classification is the automatic assignment of documents, e.g. com-

pany announcements, to simple three categories. In this experiment, the commonly 

used Term Frequency-Inverse Document Frequency (TF-IDF) is utilized to calculate 

the frequency of predefined key words in order to represent documents as a set of 

term-vectors. The set of key words is constructed by comparing general business 

articles come from the website from the Australian Financial Reviews, with com-

panied announcements collected and pre-processed by Prof Robert Dale [15]. The 

detailed algorithms are developed by eMarket group. Keywords are not restricted to 

single words, but can be phrases. Therefore, the first step is to identify phrases in the 

target corpus. The phrases are extracted based on the assumption that two constituent 

words form a collocation if they co-occur a lot [6].  

2.3.1. Extracting Document Representations 

Documents are represented as a set of fields where each field is a term-vector. Fields 

could include the title of the document, the date of the document and the frequency of 

selected key words.  

In a corpus of documents, certain terms will occur in the most of the documents, 

while others will occur in just a few documents. The inverse document frequency 

(IDF) is a factor that enhances the terms that appear in fewer documents, while down-

grading the terms occurring in many documents. The resulting effect is that the docu-

ment-specific features get highlighted, while the collection-wide features are 

diminished in importance. TF-IDF assigns the term i in document k a weight com-

puted as: 

)
)(

log(*

)(

)(
)(*

2
i

Dt
ik

ik
iik

tDF

n

tf

tf
tIDFTF

ki

Here DF (Document frequency of the term (ti)) – the number of documents in the 

corpus that the term appears; n – the number of documents in the corpus; TFik – the 

occurrence of term i at the document k [16]. As a result, each document is represented 

as a set of vectors weighttermF i
dk , .

2.3.2. Train the Classifier 

Without the clear knowledge about the ways how the news influence a stock price, 

nonparametric methods seems to be the better choice than the parametric methods 

that base on prior assumptions, e.g. Logistic Regression. Here, the frequencies of 

selected key words are used as the input of Support Vector Machine (SVM). Under a 

supervised learning, the train sets consist of < dkF , {upward impact, neutral impact, 

downward impact}>, which are constructed by the methods discussed at the previous 
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part of this paper. Some of similar researches have been found at papers published by 

Ting Yu et al [1] and James Tin-Yan Kwok et al [17].  

3 Experiments 

Here the price series and return series of AMP are used to carry out some experi-

ments. The first figures (Fig. 3.1) are the closing price and net return series of AMP 

from 15/06/1998 to 16/03/2005. On the other hand, more than 2000 company an-

nouncements are collected as a series of news items, which covers the same period as 

the closing prices series.  
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Fig. 3.1, Closing price and net return series of AMP 
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Fig. 3.2a. Shocks (large volatilities) Fig. 3.2b. Trend and changing points 

The second figures indicate shocks (large volatilities) (Fig. 3.2a), and the trend 

changing points detected  (Fig. 3.2b) by the piecewise linear fitting. After pre-

processing, the training dataset consists of 464 upwards news items, 833 downward 

news items and 997 neutral news items. The keywords extraction algorithm con-

structs a keyword set consisting of 36 single or double terms, e.g. vote share, demerg, 
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court, qanta, annexure, pacif, execut share, memorandum, cole etc. these keywords 

are stemmed following the Porter Stemming Algorithm, written Martin Porter [18]. 

The dataset is split into two parts: training and test data. The result of classification, 

e.g. upwards or downwards, is compared with the real trends of the stock price. Un-

der LibSVM 2.8 [19], the accuracy of classification is 65.73%, which is significant 

higher than 46%,  the average accuracy of Wuthrich’s experiments [5].  

4 Conclusions and Further Work 

This paper provides a brief framework to classify the coming news into three catego-

ries: upward, neural or downward. One of the major purposes of this research is to 

provide financial participants and researchers an automatic and powerful tool to 

screen out influential news (information shocks) among thousand of news around this 

world everyday. Another main purpose is to discuss an AI based approach to quantify 

the impact from news events to stock price movements.  

The current prototype has demonstrated promising results of this approach, although 

the result of experiments is long distance from the practical satisfaction. On the fur-

ther researches, the mechanism of impacts will be discussed more deeply to get better 

domain knowledge to improve the performance of machine learning. More experi-

ments will be carried to compare the results between different types of stocks and 

between different stock markets.  

In the further work, three major issues must be concerned, which are suggested by 

Nikolaus Hautsch [20]:  1) Inside information: if inside information has already been 

disclosed at the market, the price discovery process will be different. 2) Anticipated 

vs. unanticipated information: if traders’ belief has absorbed the information, so-

called anticipated information, the impact must be expressed as a conditional prob-

ability with the brief as a prior condition. 3) Interactive effects between information: 

at the current experiment all news at one point are labelled as a set of upward impacts 

or other, but the real situation is much more complex. Even at one upward point, it is 

common that there is some news with downward impacts. It will be very challenging 

to distinguish the subset of minor news and measure the interrelationship between 

news.   
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Abstract. Text mining plays an important role in text analysis and in-
formation retrieval. However, existing text mining tools rarely address
the high dimensionality and sparsity of text data appropriately, making
the development of relevant and effective analytics difficult. In this pa-
per, we propose a novel pattern called heavy bicliques, which unveil the
inter-relationships of documents and their terms according to different
density levels. Once discovered, many text analytics can be built upon
this pattern to effectively accomplish different tasks. In addition, we also
present a discrete dynamical system called the resonance model to find
these heavy bicliques quickly. The preliminary results of our experiments
proved to be promising.

1 Introduction

With advancements in storage and communication technologies, and the popu-
larity of the Internet, there is an increasing number of online documents con-
taining information of potential value. Text mining has been touted by some
as the technology to unlock and uncover the knowledge contained in these doc-
uments. Research on text data has been on-going for many years, borrowing
techniques from related disciplines (e.g., information retrieval and extraction,
and natural language processing) including entity extraction, N-grams statis-
tics, sentence bound, etc. This has led to a wide number of applications in
business intelligence (e.g., market analysis, customer relationship management,
human resources, technology watch, etc.) [1, 2], and in inferencing biomedicine
literature [3–6] to name a few.

In text mining, there are several problems being studied. Typical problems
include information extraction, document organization, and finding predominant
themes in a given collection [7]. Underpinning these problems are techniques
such as summarization, clustering, and classification, where efficient tools exist,
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such as CLUTO 3 [8] and SVM 4 [9]. Regardless of the text feature extraction
method, or the linguistic technique used, these tools fail to meet the needs of the
analyst due to high dimensionality and sparsity of the text data. For example,
text clustering based on traditional formulations (e.g., optimization of a metric)
is insufficient for a text collection with complex and reticula topics. Likewise,
a simple flat partition (or even a hierarchical partition; see [10]) of the text
collection is often insufficient to characterize the complex relationships between
the documents and its topics.

To overcome the above, we propose the concept of Heavy Biclique (de-
noted simply as HB) to characterize the inter-relationships between documents
and terms according to their densities levels. Although similar to recent biclus-
ters, which identify coherence, our patterns determine the density of a submatrix,
i.e., the number of non-zeros. Thus, our proposal can also be viewed as a variant
of heavy subgraphs and yet, are more descriptive and flexible than traditional
cluster definitions. Many text mining tasks can be built upon this pattern. One
application of HB is to find those candidate terms with sufficient density for
summarization. Compared against existing methods, our algorithm that discov-
ers the HBs are more efficient at dealing with high dimensionality, sparsity, and
size. This efficiency is achieved by the use of a discrete dynamical system (DDS)
to obtain HB, which simulates the resonance phenomenon in the physical world.
Since it can converge quickly to a give a solution, the empirical results proved
to be promising.

The outline of this paper is as follows. We give a formal definition of our
problem and propose the novel pattern call Heavy Biclique in the next sec-
tion. Section 3 presents the discrete dynamical system to obtain HB, while Sec-
tion 4 discusses the initial results. Section 5 discusses the related work before we
conclude in Section 6 with future directions and works.

2 Problem Formulation

Let O be a set of objects, where o ∈ O is defined by a set of attributes A. Further,
let wij be the magnitude (absolute value) of oi over aj ∈ A5. Then we can
represent the relationship of all objects and their attributes in a matrix W =
(wij)|O|×|A| for the weighted bipartite graph G = (O,A, E, W ), where E is the
set of edges, and |O′| is the number of elements in the set O, similarly |A|. Thus,
the relationship between the dataset W and the bipartite graph G is established
to give the definition of a Heavy Biclique.

Definition 1. Given a weighted bipartite graph G, a σ-Heavy Biclique (or
simply σ-HB) is a subgraph G′ = (O′,A′, E′,W ′) and W ′ = (wij)|O′|×|A′| of G

3 http://www-users.cs.umn.edu/∼karypis/cluto/
4 http://svmlight.joachims.org/
5 By default, all magnitude (absolute value, or the modulus) of oi are non-negative.

If not, they can be scaled to non-negative numbers.
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A1 A2 A3
A4 A5

O1 5 20 15 8 16
O2 16 8 5 19 2
O3 18 6 7 17 3
O4 3 12 20 5 20

A2 A5 A3
A4 A1

O1 20 16 15 8 5
O4 12 20 20 5 3
O2 8 2 5 19 16
O3 6 3 7 17 18

Heavy Biclique

A3 A2 A4
A5 A1

O1 15 20 8 16 5
O4 20 12 5 20 3
O3 7 6 17 3 18
O2 5 8 19 2 16

Fig. 1. The matrix with 4 objects and 5 attributes: (a) original matrix; (b)
reordered by non-linear model; (c) reordered by linear model.

satisfying |W ′| > σ, where |W ′| = 1
|O′||A′|

∑
i∈O′
j∈A′

wij. Here, σ is the density

threshold.

Suppose we have a matrix, as shown in Figure 1(a), with 4 objects and 5
attributes containing entries scaled from 1 to 20. After reordering this matrix, we
may find its largest heavy biclique in the top-left corner as shown in Figure 1(b)
(if we set σ = 16). This biclique is {O1, O4}×{A2, A3, A5}. If we assume objects
as documents, attributes as terms, and each entry as the frequency of a term
occurring in a document, we immediately find that a biclique describes a topic
in a subset of documents and terms. Of course, real-world collections are not as
straightforward as Figure 1(b). Nevertheless, we may use this understanding to
develop better algorithms to find subtle structures of collections.

A similar problem is the Maximum Edge Biclique Problem (MBP):
given a bipartite graph G = (V1∪V2, E) and a positive integer K, does G contain
a biclique with at least K edges? Although this bipartite graph G is unweighted,
the problem is NP-complete [11]. Recall from Definition 1, letting K = σ|O′||A′|
makes G unweighted. Then, the problem of finding σ-Heavy Biclique by setting
σ = 1 reduces to the MBP problem, i.e., our problem of finding largest σ-HB is
very hard as well. Hence, it is therefore important to have a method to efficiently
find HBs in a document-term matrix. This will also lay the foundation for future
works in developing efficient algorithms based on HBs.

3 The Resonance Model – A Discrete Dynamical System

Given the difficulty of finding σ-HB, we seek alternative methods to discover
the heavy bicliques. Since our objective is to find the bicliques with high density
|W ′|, then some approximation to the heaviest bicliques (that is computationally
efficient) should suffice. To obtain the approximation of heaviest biclique for
a dataset, we used a novel model inspired by the physics of resonance. This
resonance model, which is a kind of discrete dynamical system [12], is very
efficient even on very large and high-dimensional datasets.

To understand the rationale behind its efficiency, we can discuss a simple
analogy. Suppose we are interested in finding the characteristics of students who
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are fans of thriller movies. One way is to poll each student. Clearly, this is time-
consuming. A better solution is to gather a sample but we risk acquiring a wrong
sample that leads to a wrong finding. A smarter approach is to announce the
free screening of a blockbuster thriller. In all likelihood, the fans of thrillers will
turn up for the screening. Despite the possibility of ‘false positives’, this sample
is easily and quickly obtained with minimum effort.

The scientific model that corresponds to the above is the principle of res-
onance. In other words, we can simulate a resonance experiment by injecting
a response function to elicit objects of interest to the analyst. In our analogy,
this response function is the blockbuster thriller that fans automatically react
to by going to the screening. In sections that follow, we present the model and
discuss its properties and support practicality of the model by discussing how it
improves analysis using some real-world applications.

3.1 Model Definition

To simulate a resonance phenomenon, we require a forcing object õ, such that
when an appropriate response function r is applied, õ will resonate to elicit
those objects {oi, . . .} ⊂ O in G, whose ‘natural frequency’ is similar to õ.
This ‘natural frequency’ represents the characteristics of both õ and the objects
{oi, . . .} who resonated with õ when r was applied. For the weighted bipartite
graph G = (O,A, E,W ) and W = (wij)|O|×|A|, this ‘natural frequency’ of oi ∈
O is oi = (wi1, wi2, . . . , wi|A|). Likewise, the ‘natural frequency’ of the forcing
object õ is defined as õi = (w̃1, w̃2, . . . , w̃|A|).

Put simply, if two objects of the same ‘natural frequency’ will resonate and
therefore, should have a similar distribution of frequencies, i.e., those entries with
high values and the same attributes shall be easily identified. The evaluation of
resonance strength between objects oi and oj is given by the response function
r(oi,oj) : Rn×Rn → R. We defined this function abstractly to support different
measures of resonance strength. For example, one existing measure to compare
two frequency distributions is the well-known rearrangement inequality theorem,
where I(x,y) =

∑n
i=1 xiyi is maximized when the two positive sequences x =

(x1, . . . , xn) and y = (y1, . . . , yn) are ordered in the same way (i.e. x1 > x2 >
· · · > xn and y1 > y2 > · · · > yn) and is minimized when they are ordered in
the opposite way (i.e. x1 > x2 > · · · > xn and y1 6 y2 6 · · · 6 yn).

Notice if two vectors maximizing I(x,y) are put together to form M =
[x;y] (in MATLAB format), we obtain the entry value tendency of these two
vectors. More importantly, all σ-HB are immediately obtained from this ‘contour’
of the matrix with no need to search every σ-HB! This is why the model is
efficient – it only needs to consider the resonance strength among objects once
the appropriate response function is selected. For example, the response function
I is a suitable candidate to characterize the similarity of frequency distributions
of two objects. Likewise, E(x,y) = exp(

∑n
i=1 xiyi) is also an effective response

function.
To find the heaviest biclique, the forcing object õ evaluates the resonance

strength of every objects oi against itself to locate a ‘best fit’ based on the
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‘contour’ of the whole matrix. By running this iteratively, those objects that
resonated with õ are discovered and placed together to form the heaviest biclique
within the 2-dimensional matrix W . This iterative learning process between õ
and G is outlined below.

Initialization Set up õ with a uniform distribution: õ = (1, 1, . . . , 1); normalize
it as õ = norm(õ)6; then let k = 0; and record this as õ(0) = õ.

Apply Response Function For each object oi ∈ O, compute the resonance
strength r(õ,oi); store the results in a vector r =

(
r(õ,o1), r(õ,o2), . . . ,

r(õ,o|O|)
)
; and then normalize it, i.e., r = norm(r).

Adjust Forcing Object Using r from the previous step, adjust the frequency
distribution of õ for all oi ∈ O. To do this, we define the adjustment function
c(r,aj) : R|O| × R|O| → R, where the weights of the j-th attribute is given
in aj = (w1j , w2j , . . . , w|O|j). For each attribute aj , w̃j = c(r,aj) integrates
the weights from aj into õ by evaluating the resonance strength recorded
in r. Again, c is abstract, and can be materialized using the inner product
c(r,aj) = r • aj =

∑
i wij · r(õ,oi). Finally, we compute õ = norm(õ) and

record it as õ(k+1) = õ.
Test Convergence Compare õ(k+1) against õ(k). If the result converges, go to

the next step; else apply r on O again (i.e., forcing resonance), and then
adjust õ.

Reordering Matrix Sort the objects oi ∈ O by the coordinates of r in de-
scending order; and sort the attributes ai ∈ A by the coordinates of õ in
descending order.

We denote the resonance model as R(O,A,W, r, c), where the instances of
functions r and c can be either I or E. Interestingly, the instance R(O,A,W, I, I)
is actually the HITS algorithm [13], where W is the adjacency matrix of a di-
rected graph. However, this instance is actually different from HITS in 3 ways:
(i) the objective of our model is to obtain an approximate heaviest biclique of the
dataset (through the resonance simulation), while HITS is designed for Web IR
and looks at only the top k authoritative Web pages (a reinforcement learning
process); (ii) the implementation is different by the virtue that our model is able
to use a non-linear instance, i.e., R(O,A,W, E, E), to discover heavy bicliques
while HITS is strictly linear; and (iii) we study a different set of properties and
functions from HITS, i.e., heaviest biclique.

3.2 Properties of the Model

We shall discuss some important properties of our model in this section. In
particular, we show that the model gives a good approximation to the heaviest
biclique, and that its iterative process converges quickly.

6 norm(x) = x/‖x‖2, where ‖x‖2 = (
Pn

i=1 x2
i )

1/2 is 2-norm of vector x = (x1, . . . , xn).
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Fig. 2. Architecture of the resonance model

Convergence Since the resonance model is iterative, it is essential that it con-
verges quickly to be efficient. Essentially, the model can be seen as a type of
discrete dynamical system [12]. Where the functions in the system is linear, then
it is a linear dynamical system. For linear dynamical systems, it corresponds to
eigenvalue and eigenvector computation [12–14]. Hence, its convergence can be
proved by eigen-decomposition for R where the response and adjustment func-
tions are linear. In the non-linear case (i.e., R(O,A,W, E, E)), its convergence is
proven below.

Theorem 1. R(O,A,W, r, c), where r, c are I or E, converges in limited iter-
ations.

Proof. When r and c are I, we get õ(k) = norm
(
õ(0)(WT W )k

)
by linear alge-

bra [14]. If A is symmetric and x is a row vector that is not orthogonal to the first
eigenvector corresponding to the first largest eigenvalue of A, then norm(xAk)
converges to the first eigenvector as k increases. Thus, õ(k) converges to the
first eigenvector of WT W . As the exponential function has Maclaurin series
exp(x) =

∑∞
n=0 xn/n!, the convergence of the non-linear model with E functions

can be decomposed to the convergence of the model, when r and c are simple
polynomial functions xn.

So far, either implementations converge quickly if a reasonable precision
threshold ε is set. In practice, this is acceptable because we are only interested in
the convergence of orders of coordinates in õk and rk, i.e., we are not interested
in how closely õk and rk approximate the converged õ∗ and r∗. Furthermore,
R(O,A,W, E, E) converges faster than R(O,A, W, I, I). Therefore, each iteration
of learning is bounded by O(|O|× tr + |A|× tc)), where tr and tc is the runtime
of the response function r, and the adjustment function c respectively. With k
iterations, the final complexity is O(k×(|O|×tr+|A|×tc)). Since the complexity
of r is O(|O|) and c is O(|A|), we have O(k× |O|× |A|). In our experiments (in
Section 4), our model converges within 50 iterations even on the non-linear con-
figurations giving a time complexity of O(|O|× |A|). In all cases, the complexity
is sufficiently low to efficiency handle large datasets.
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Average Inter-resonance Strength 1

(k
2)

∑
i 6=j∈O′
|O′|=k

r(oi, oj) among Objects

Theorem 2 is in fact an optimization process to find the best k objects, whose
average inter-resonance strength is the largest among any subset of k objects.

Lemma 1. Given a row vector u = (u1, u2, . . . , un), where u1 > u2 > . . . >
un > 0, we generate a matrix U = λuT u, where λ > 0 is a scale factor. We
then define the k-sub-matrix of U as Uk = U(1 : k, 1 : k) (in MATLAB format).
Then, U has the following ‘staircase’ property

|U1| > |U2| . . . > |Uk| . . . > |Un| = |U | (1)

where |U | of a symmetric matrix U = (uij)n×n is given as |U | = 1

(n
2)

∑
16i 6=j6n uij.

Proof. By induction, when n = 2 (base case), we prove |U2| > |U3|. Since |U2| =
u1u2, |U3| = 1

3

(
u1u2 + u1u3 + u2u3

)
and u1 > u2 > u3 > 0, we have |U2| > |U3|.

When n = k, we prove |Uk| > |Uk+1|. We first define

xk+1 =
1

2k + 1

(
u2

k+1 + 2
∑

16i6k

uiuk+1

)

which after a straightforward calculation, we have the following

|Uk+1| > xk+1 (2)

|Uk+1| − |Uk| = 2k + 1
(k + 1)2

(
xk+1 − |Uk|

)
(3)

and finally from Equations (2) and (3), we have

|Uk| > |Uk+1|
Lemma 2. Given a resonance space R|O|×|O| = WWT of O, its first eigenvalue
λ, and the eigenvector u = (u1, u2, . . . , un) ∈ R1×n, we have

∀x,y ∈ R1×n

‖R− λuT u‖F 6 ‖R− xT y‖F (4)

where ‖ • ‖F denotes the Frobenius norm of a matrix.

Proof. We denote the the first singular value of A as s (its largest absolute value),
and the corresponding left and right singular vectors as p and q, respectively.
By the Eckart-Young theorem, any given matrix Bn×n that satisfies the rank is
1. Therefore, we have

‖A− spqT ‖F 6 ‖A−B‖F

and by the symmetric property of A, it can be proved that s = λ and p = q = u.
Rewriting the inequality will give us

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
19



‖A− λuuT ‖F 6 ‖A−B‖F (5)

where for any two vectors x,y ∈ Rn×1, the rank of xyT is 1. Therefore, substi-
tuting xyT for B in the inequality (5) gives us Equation 4.

Theorem 2. Given the reordered matrix W ′ by the resonance model, the average
inter-resonance strength 1

(k
2)

∑
16i6=j6k r(oi,oj) of the first k objects, w.r.t. the

resonance strength with õ, is largest for any subset with k objects.

Proof. For linear models, i.e., R(O,A,W, I, I), r =
(
r(õ,o1), r(õ,o2), . . . , r(õ,o|O|)

)
converges to the first eigenvector u of WWT , i.e. r = u as shown in Theo-
rem 1. And since the functions are linear, we can rewrite them as WWT =(
r(oi,oj)

)
|O|×|O|. Further, since W and R are already reordered in descend-

ing order of their resonance strength u, we have the following (together with
Lemma 1 and Lemma 2)

|R1| > |R2| . . . > |Rk| . . . > |Rn| = |R| (6)

and because |Rk| = 1

(k
2)

∑
16i 6=j6k r(oi,oj) is the average inter-resonance strength

of the first k objects, we have Theorem 2.

Approximation to Heaviest Biclique In the non-linear configuration of our
model, i.e., R(O,A,W, E, E), we have another interesting property that is not
available in the linear model: the approximation to the heaviest biclique. Our
empirical observations in Section 4 further confirmed this property of the non-
linear model in finding the heaviest σ-HB. Given the efficiency of our model, it
is therefore possible to find heavy biclique by running the model on different
parts of the matrix with different σ. We exploited this property to find heavy
bicliques, i.e., the algorithm that we shall discuss in the next subsection.

3.3 Algorithm of Approximating the Complete 1-HB

Recall from Theorem 2, the first k objects have the highest average inter-
resonance strength. Therefore, we can expect a higher probability of finding
the heaviest biclique among these objects. This has also been observed in vari-
ous experiments earlier [15], and we note that the exponential functions in the
non-linear models are better at eliciting the heavy biclique from the top k objects
(compare Figure 1(b) and 1(c)). We will illustrate this with another example
using the MovieLens [15] dataset. The matrix is shown in Figure 3(a). Here, we
see that the non-zeros are scattered without any distinct clusters or concentra-
tion. After reordering using both models, we see that the non-linear model in
Figure 3(c) better shows the heavy biclique than that of the linear model in
Figure 3(b).

While the non-linear model is capable of collecting entries with high values
to the top-left corner of the reordered matrix, a strategy is required to extend
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Fig. 3. Gray scale images of original and reordered matrix with 50 rows and
50 columns by different resonance models: (a) original matrix; (b) reordered
by linear model; (c) reordered by non-linear model. In (b) and (c), the top-left
corner circled by gray ellipse is the initial heavy biclique found by the models.

the 1-HB biclique found to the other parts of the matrix. The function Find B is
to find a 1-HB biclique by extending a row of the reordered matrix to a biclique
using the heuristic in Line 5 of Find B. The loop from Line 4 to 9 in Find 1HB is
needed to get the bicliques computed from each row. The largest 1-HB biclique is
then obtained by comparing the size |B.L||B.R| among the bicliques found. The
complexity of Find B is O(|O||A|). Hence, the complexity of Find 1HB is O((k1+
k2)|O||A|), where k1 is the convergence loop number of the non-linear model,
and k2 is the loop number in the FOR statement of Find 1HB. If computing on
all rows, k2 is |O|. However, because most large bicliques are concentrated on the
left-top corner, the loop for Find 1HB is insignificant, i.e., we could set k2 to a
small value to consider only the first few rows to reduce the runtime complexity
of Find 1HB to O(|O||A|).

4 Preliminary Experimental Results

Our result is preliminary, but promising. In our experiment, we used the re0
text collection7, that has been widely used in [10, 16]. This text collection con-
tains 1504 documents, 2886 stemmed terms and 13 predefined classes (“hous-
ing”, “money”, “trade”, “reserves”, “cpi”, “interest”, “gnp”, “retail”, “ipi”,
“jobs”, “lei”, “bop”, “wpi”). Although re0 has 13 predefined classes, most of
the clusters are small with some having less than 20 documents while a few
classes (“money”, “trade” and “interest”) made up 76.2% of documents in re0,
i.e., the remaining 10 classes contain 23.8% of the documents. Therefore, tradi-
tional clustering algorithms may not be applicable in finding effective clusters.
Moreover, due to the diverse and unbalanced distribution of classes, traditional
clustering algorithms may not be helpful for users to effectively understand the
relationships and details among documents. This is made more challenging when
the 10 classes are highly related. Therefore, we applied our initial method based

7 http://www-users.cs.umn.edu/∼karypis/cluto/files/datasets.tar.gz
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Algorithm 1 B = Find 1HB(G), Find the complete 1-HB in G

Input : G = (O,A, E, W ) and σ
Output : 1-HB, B = (L, R, E′, W ′), where L ⊆ O and R ⊆ A
1: convert W = (wij) to the binary matrix Wb = (bij), by setting bij as 1 if wij > 0 and 0

otherwise
2: get reordered binary matrix W∗

b by doing R(O,A, Wb, E, E)
3: maxsize = 0 and B = ∅
4: for i = 1 to k2 do {comment: i is index of row, k2 can be set with a small fixed value by

users.}
5: B = Find B(W∗

b , i)
6: if (|B.L||B.R| > maxsize) then
7: record B
8: end if
9: end for

10: if (B 6= ∅) then
11: get B.W ′ from W by B.L and B.R

12: end if

B = Find B(W∗
b , start row)

1: set B.L empty and addset(B.L, start row)
2: B.R=binvec2set(b∗start row) and maxsize = |B.R|
3: for i = (start row + 1) to |O| do
4: R = B.R/binvec2set(b∗i )
5: if ((|B.L|+ 1)|R| > maxsize) then
6: B.R = R and addset(B.L, i)
7: maxsize = |B.L||B.R|
8: end if
9: end for
10: B = Extend B(W∗

b , B)

B′ = Extend B(W∗
b , B)

1: start row = min(B.L)
2: for i = 1 to (start row − 1) do
3: R = binvec2set(b∗i )
4: if (B.R ⊆ R) then
5: addset(B.L, i)
6: end if
7: end for
8: B′ = B

Note on set functions:

binvec2set returns elements with indices of non-zero coordinates in the binary vector.
addset adds a value to a set.
min returns the minimum value among all elements of a set.
A/B returns a set whose elements are in A, but not in B.

on the resonance model, Algorithm 1, to find something interesting in re0, that
may not be discovered by traditional clustering algorithms.

We used the binary matrix representation of re0, i.e. the weights of all terms
occurring in documents are set to 1. In the experiment, we implemented and used
Algorithm 1 to find 1-HB. That is to say, we find the complete large bicliques in
the unweighted bipartite graph. Here, we present some interesting results in the
following.

Result 1: we found a biclique with 287 documents, where every document
contains several stemmed terms: pct, bank, rate, market, trade, billion, monei,
billion, expect and so on. This means these documents are highly related each
other in terms of money, banking and trade. However, these documents are
from 10 classes except “housing”, “lei”, “wpi”. So this result indicates how
these documents are related in key words and domains, although they come
from different classes. Traditional clustering algorithms can not find such subtle
details among documents.

Result 2: We also found several bicliques with small numbers of documents,
where they share a large number of terms. That is to say, documents in a bi-
clique may be duplicated in whole of in part. For example, a biclique with three
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documents has 233 terms. This means these three documents do duplicate each
other.

Result 3: Some denser sub-cluster in a single class were found by our al-
gorithm. For example, a biclique whose all documents belong to “money” was
found. It is composed of 81 documents with the key terms: market, monei, eng-
land, assist, shortag, forecast, bill and stg (the abbreviation of sterling). From
this biclique, we may find that documents in this sub-cluster contain more in-
formation about assistance and shortage in money and market areas.

In this initial experiment, three types of denser sub-clusters were found as
shown above. They represent dense sub-cluster across different classes, in single
classes and duplicated documents. Further experiments can be done in more text
collections.

5 Related Work

Biclique problems have been addressed in different fields. There are traditional
approximation algorithms rooted in mathematical programming relaxation [17].
Despite their polynomial runtime, their best result is 2-approximations, i.e., the
subgraph discovered may not be a biclique but must contain the exact maximum
edge biclique that is double in size. The other class of algorithms is to exhaus-
tively enumerate all maximum bicliques [18] and then do a post-processing on
all the maximum bicliques to obtain the desired results. Although efficient al-
gorithms have been proposed and applied to computational biology [19], the
runtime cost is too high. The third class of algorithms are developed based on
some given conditions. For example, the bipartite graph G=(O,A, E, W ) must
be of d-bounded degree, i.e., |O| < d or |A| < d [20] to give a complexity of
O(n2d) where n=max(|O|, |A|). While this gives the exact solution, the given
conditions often do not satisfy the needs of real-world datasets and the runtime
cost can be high for large d.

We can also view our work as a form of clustering. Often, clustering in high-
dimensional space is problematic [21]. Therefore, subspace clustering and biclus-
tering were proposed to discover the clusters embedded in the subspaces of the
high-dimensional space. Subspace clustering, e.g., CLIQUE, PROCLUS, OR-
CLUS, fascicles, etc., are extensions of conventional clustering algorithms that
seek to find clusters by measuring the similarity in a subset of dimensions [22].
Biclustering was first introduced in gene expression analysis [23], and then ap-
plied in data mining and bioinformatics [24]. Biclusters are measured based on
submatrices and therefore, is equivalent to the maximum edge biclique prob-
lem [24]. Under this context, a σ-B is similar to a bicluster. However, these
algorithms are inefficient, especially in the data with very high dimensionality
and massive size. Therefore, they are only suitable to datasets with tens of hun-
dreds of dimensions and medium size, such as gene expression data, and they are
not applicable to text data with thousands and tens of thousands of dimensions
and massive size.
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Since our simulation of the resonance phenomenon involves an iterative learn-
ing process, where the forcing object would update its weight distribution, our
work can also be classified as a type of dynamical system, i.e., the study of
how one state develops into another over some course of time [12]. Actually,
the application and design of discrete dynamical system has been widely used
in neural networks. Typical applications include the well-known Hopfield net-
work [25] and bidirectional associative memory network [26] for combinatorial
optimization and pattern meomories. In the recent years, this field has con-
tributed to many important and effective techniques in information retrieval,
e.g., HITS [13], PageRank [27] and others [28]. In dynamical systems, the theory
on its linear counterpart is closely related to the eigenvectors of matrices as used
in HITS and PageRank; while the non-linear aspect is what forms the depth
of dynamical systems theory. From its success in information retrieval, we were
motivated to apply this field of theory to solve combinatorial problems in data
analysis. To the best of our knowledge, our application of dynamical systems for
analysis of massive and skewed datasets is completely novel.

6 Conclusions

In this paper, we proposed a novel pattern call heavy bicliques to be dis-
covered in text data. We show that finding these heavy bicliques proved to be
difficult and computationally expensive. As such, the resonance model – which is
a discrete dynamical system simulating the resonance phenomenon in the phys-
ical world – is used to approximate the heavy bicliques. While this result is
approximated, our initial experiments confirmed the effectiveness in producing
heavy bicliques quickly and accurately for analytics purposes.

Of course, the initial results present a number of future works possible. In
addition to further and more thorough experiments, we are also interested in
developing algorithms that uses the heaviest bicliques to mine text data accord-
ing to the different requirements of the users as illustrated in Algorithm 1. We
are also interested in testing our work on very large data sets leading to the
development of scalable algorithms for finding heavy bicliques.
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Critical Vector Learning for Text Categorisation
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Abstract. This paper proposes a new text categorisation method based
on the critical vector learning algorithm. By implementing a Bayesian
treatment of a generalised linear model of identical function form to
the support vector machine, the proposed approach requires significantly
fewer support vectors. This leads to much reduced computational com-
plexity of the prediction process, which is critical in online applications.

Key words: Support Vector Machine, Relevance Vector Machine, Critical
Vector Learning, Text Classification

1 Introduction

Text categorisation is the classification of natural text or hypertext documents
into a fixed number of predefined categories based on their content. Many ma-
chine learning approaches have been used in the text classification problem [1].
One of the leading approaches is the support vector machine (SVM) [2], which
has demonstrated successfully in many applications. SVM is based on general-
isation theory of statistical inference. SVM classification algorithms, proposed
to solve two-class problems, are based on finding a separation between hyper
planes. In the application of SVM in text categorisation [3–6], it fixes the rep-
resentation of text document, extracts features from the set of text documents
needed to be classified, then selects subset of features, transforms the set of
documents to a series of binary classification sets, and final makes kernel from
document features. SVM has good performance on large data sets and scales
well. It is linear efficient and scalable to large document sets. Using the Reuters
News Data Sets, Rennie and Rifkin [7] compared the SVM with Naive Bayes al-
gorithm based on two data sets: 19,997 news related documents in 20 categories
and 9649 industry sector data documents in 105 categories. Another researcher
Joachims [8] compared the performance of several algorithms with SVM by us-
ing 12,902 documents from the Reuters 21578 document set and 20,000 medical
abstracts from the Ohsumed corpus. Both Rennie and Joachims has shown that
SVM performed better.

Tipping [9] introduced the relevance vector machine (RVM) methods which
can be viewed from a Bayesian learning framework of kernel machine and pro-
duces an identical functional form to the SVM. Tipping compared the RVM
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2 Lei Zhang, Debbie Zhang, and Simeon J. Simoff

with SVM and demonstrated that the RVM has a comparable generalisation
performance to the SVM and requires dramatically fewer kernel functions or
model terms than the SVM. As Tipping stated, SVM suffer from its limitation
of probabilistic prediction and Mercer’s condition that it must be the continu-
ous symmetric kernel of a positive integral operator. While RVM adopt a fully
probabilistic framework and sparsity is achieved because the posterior distrib-
utions of many of the weights are sharply peaked around zero. The relevance
vector comes from those training vectors associated with the remaining non-zero
weights. However, a draw back of the RVM algorithm is a significant increase
in computational complexity, compared with the SVM. Orthogonal least square
(OLS) was first developed for the nonlinear data modelling, recently Chen [10–
12] derived the locally regularised OLS (LROLS) algorithm to construct sparse
kernel models, which has shown to possess computational advantages compared
with RVM. The LROLS only selects the significant terms, while RVM starts with
the full model set. Moreover, LROLS only use a subset matrix of the full matrix
that has been used by RVM. The subset matrix is diagonal and well-conditioned
with small eigen-value spread. Further to Chen’s research, Gao [13] has derived
a critical vector learning (CVL) algorithm and improved the LROLS algorithm
for the regression model, which has shown to possess more computational advan-
tages. In this paper, the critical vector classification learning algorithm is applied
to the text categorisation problem. Comparison results of SVM and CVL using
the Reuters News Data Sets are presented and discussed.

The rest of this paper is organised as follows: In section 2, the basic idea of
SVM is reviewed and explains its limitation compared with RVM. The algorithm
of RVM with critical vector classification is presented in section 3. The detail
implementation of applying critical learning algorithm in text categorisation is
described in section 4. In section 5, the experiments are carried out using the
Reuters data set, followed by the conclusions in section 6.

2 The Support Vector Machine

SVM is a learning system that uses a hypothesis space of linear functions in
a high dimensional feature space. Joachims [8] explained the reason that SVM
works well for text categorisation. Let’s consider the binary classification prob-
lems about text document categorisation with SVM. Linear support vector ma-
chine trained on separable data. Let f be a function of f : X ⊆ Rn → R,
where X is the term frequency representation of documents. The input x ∈ X
is assigned to the positive class, if f (x) ≥ 0; otherwise to negative class. When
consider the f (x) is a linear function, it can be rewritten as

f (x) = 〈w · x〉+ b =
n∑

i=1

wixi + b (1)

where w is the weight vector. The basic idea of the support vector machine is to
find the largest margin to do the classification in the hyper-plane, which means
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Critical Vector Learning for Text Categorisation 3

Fig. 1. Support vector machines find the hyper-plane h, which separates the positive
and negative training examples with maximum margin. The examples closest to the
hyper-plane in Figure 1 are called Support Vectors (marked with circles).

to minimise ‖w‖2 , subject to

(xi · w) + b ≥ +1− ξi, for yi = +1, (2)

(xi · w) + b ≤ −1 + ξi, for yi = −1. (3)

where the ξi is the slack variable. The optimal classification function is given
by

g (x) = sgn {〈w · x〉+ b} (4)

An appropriate inner product kernel K (xi, xj) will be selected to realise the
linear classification for non-linear problem. Then the equation (1) can be written
as:

y (x;w) =
N∑

i=1

wiK (x,xi) + w0 (5)

Support vector machine has demonstrated successfully in many applications.
However SVM suffers four major disadvantages: unnecessary use of basis func-
tions; predictions are not probabilistic; entails a cross-validation procedure and
the kernel function must satisfy Mercer’s condition.

3 Critical Vector Learning

Tipping introduced the relevance vector machine (RVM), which does not suffer
from the limitations mentioned in section 2. RVM can be viewed from a Bayesian
learning framework of kernel machine and produces an identical functional form
to the SVM. RVM generates predictive distributions which is a limitation of the
SVM. And also RVM requires substantially fewer kernel functions.

Consider the scalar-valued target functions and giving the input-target pairs
{xn, tn}N

n=1. The noise is assumed to be zero-mean Gaussian distribution with
a variance of σ2 . The likelihood of the complete data set can be written as

p
(
t|w, σ2

)
=

(
2πσ2

)−N/2
exp

{
− 1

2σ2
‖t−Φw‖2

}
(6)

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
29



4 Lei Zhang, Debbie Zhang, and Simeon J. Simoff

where t = (t1...tN )T , w = (w1...wN )T , and Φ = [φ (x1) , φ (x2) ..., φ (xN )]T ,
wherein φ (xn) = [1,K (xn,x1) ,K (xn,x2) , ..., K (xn,xN )]T . To make a simple
function for the Gaussian prior distribution over w , 6 can be written as:

p (w|α) =
N∏

i=0

N (
wi|0, α−1

i

)
(7)

where α is a vector of N + 1 hyper parameters.
Relevance vector learning can be looked as the search for the hyper parameter

posterior mode, i.e. the maximisation of p
(
α, σ2|t) ∝ p

(
t|α, σ2

)
p (α) p

(
σ2

)
with

respect to α and β(β ≡ σ2). RVM involves the maximisation of the product of
the marginal likelihood and priors over α and σ2. And MacKay [14] has given

αnew
i =

γi

2µ2
i

, βnew =
‖t−Φµ‖2
N −∑

i γi
(8)

where µi is the i − th posterior mean weight and N in the denominator refers
to the number of data examples and not the number of basis functions. γi ∈
[0, 1] can be interpreted as a measure of how well-determined its corresponding
parameter wi is by the data.

A drawback of the RVM is a significant increase in computational complex-
ity. Based on kernel methods and least squares algorithm, a locally regularised
orthogonal least squares (LROLS) algorithm has been derived by Chen [10] to
construct sparse kernel model.

y (k) = f (y (k − 1) , ..., y (k − ny) , u (k − 1) , ..., u (k − nu)) + e (k)

y (k) = f (x (k)) + e (k) (9)

where, x (k) = [y (k − 1) , ..., y (k − ny) , u (k − 1) , ..., u (k − nu)]T denotes the
system “input” vector, f is the unknown system mapping. Considering a general
discrete-time nonlinear system represented by a nonlinear model, u (k) and y (k)
are the system input and output variables, respectively, ny and nu are positive
integers representing the lags in y (k) and u (k), respectively, e (k) is the system
white noise.

The system identification involves in construct a function (model) to approx-
imate the unknown mapping f based on an N -sample observation dataset D =
{x (k) , y (k)}N

k=1, i.e., the system input-output observation data {u (k) , y (k)}.
The most popular class of such approximating functions is the kernel regression
model of the form:

y (k) = _
y (k) + e (k) =

N∑

i=1

ωiφi (k) + e (k), 1 ≤ k ≤ N (10)

where _
y (k) denotes the “approximated” model output, ωi’s are the model weights,

and φi (k) = k (x (i) , x (k)) are the classifiers generated from a given kernel func-
tion k (x, y) [15].
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Critical Vector Learning for Text Categorisation 5

Focus on the single kernel function and by definitions in [13], the model can
be viewed as the following matrix form:

y = Φω + e (11)

The goal is to find the best linear combination of the columns of Φ (i.e. the
best value for ω) to explain y according to some criterion. The normal criterion
is to minimise the sum of squared errors,

E = eT e (12)

where the solution ω is called the least squares solution to the above model.
Detail implementation is given in [16].

An equivalent regularisation formula can be adopted in the critical vector al-
gorithm with PRESS statistic for the regularised objective [13]. The regularised
critical vector algorithm with PRESS statistic is based on the following regu-
larised error criterion

E (ω, α, β) = βeT e +
nM∑

i=1

αiω
2
i = βeT e + ωT Hω (13)

where nM is the number of involved critical vectors, β is the noise parameter and
H = diag {α1, ..., αnM

} consisting of the hyper parameters used for regularising
weights. The key issue in regularised regression formulation is to automatically
optimise the regularisation parameter. The Bayesian evidence technique [14] can
readily be used for this objective. Estimating hyper parameters is implemented
in a loop procedure based on the calculation for α and β [17].

Define
A = βΦT Φ + H (14)

and

γi = 1− αi

(
A−1

)
ii

, γ =
nM∑

i=1

γi (15)

Then the update formulas for hyper parameters αi and β can be given by

αnew
i =

γi

2ω2
i

, βnew =
N − γ

2eT e
(16)

The iterative hyper parameter and model selection procedure can be sum-
marised:

Initialisation Set initial value for αi and β for i = 1, 2, ..., N , for example,
using estimated noise variance for the inverse of β and a small value 0.0001 for
all αi.

Step 1 Given the current αi and β, use the procedure with PRESS statistic
to select a subset model with critical vectors.

Step 2 Update αi and β using equation 16. If αi and β remains sufficiently
unchanged in two successive iterations or a pre-set maximum iteration number
is reached, then stop the algorithm; otherwise go to step 1.
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6 Lei Zhang, Debbie Zhang, and Simeon J. Simoff

4 Applying Critical Vector Learning in Text
Categorisation

The document collection with n documents is represented by a term frequency
document matrix

C =




d1

...
dj

...
dn



∈ <m×n (17)

where document vector dj ∈ <m×1 represents the term frequency of m key terms
in each document. The target variable

y = [y1, · · · , yj , · · · , yn]T (18)

where yj denotes the corresponding output of dj , which represents the category
that dj belongs to.

The procedures of the training process was implemented as follows:

1. Calculate the keyword frequency of each document to construct the term
frequency document matrix.

2. Construct the kernel matrix. Its (i, j)-th element is K(di, dj). Denote xi as
the i-th row of the kernel matrix Φ.

3. Select the k best xi by repeating the following steps k times:
(a) For every xi, use the least square algorithm to estimate the ωi in equation

11.
(b) Select the xi with the smallest error.
(c) Remove the i-th row of the kernel matrix (corresponding to the selected

xi f) to form a new matrix.
(d) Remove the corresponding i-th element in the target variable vector y

and form a new target variable as:

y = [y1 − xiωi, · · · , yi−1 − xiωi, yi+1 − xiωi, · · · , yn − xiωi]
T

4. Construct the training kernel model, K training(xk) = (x1,x2, ...,xk).

The prediction (or test) is conducted using the constructed training kernel.

5 Experimental Results

Experimental studies have been carried out to compare the performance of CVL
and SVM. In this study, a java library for SVM (LIBSVM) was utilised while
CVL was implemented using Scilab.

The Reuters News Data Sets, which has been frequently used as benchmarks
for classification algorithms, has been used in this paper for the experiments. The
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Critical Vector Learning for Text Categorisation 7

Reuters 21578 collection is a set of 21,578 short (average 200 words in length)
news items, largely financially related, that have been pre-classified manually
into 118 categories.

The experiments were conducted using 100 and 200 documents from three
news group: C15 (performance group), C22 (new products/services group) and
C21 (products/services group). The first set of experiments used C15 and C22
data, while the second set of experiments used C21 and C22. The second set of
data is more difficult to classify than the first set since data sets C21 and C22
are closely related. This is confirmed by the experimental results, as shown in
table 1 and table 2.

Table 1. Results of SVM and CVL classifiers on C15 and C22 data

No. of No. of nSv Accuracy nSv Accuracy
Documents Keywords (SVM) (SVM) (CVL) (CVL)

100 50 83 92.3% 13 91.02%
100 83 92.3% 13 91.02%

200 50 122 92.4% 14 93.6%
100 122 92.4% 14 93.6%

Table 2. Results of SVM and CVL classifiers on C21 and C22 data

No. of No. of nSv Accuracy nSv Accuracy
Documents Keywords (SVM) (SVM) (CVL) (CVL)

100 50 86 85.89% 14 84.61%
100 86 85.89% 14 84.61%

200 50 153 84.81% 14 89.24%
100 153 84.81% 14 89.24%

The result of the experiment shows that critical vector learning algorithm
achieves the comparable accuracy with SVM. The advantage of using critical
vector learning algorithm is that it requires dramatically fewer support vectors
to construct the training model. This means it has less computation complexity
and requires less computation time in conducting the prediction after the model
is being built.

SVM performs slightly better when the number of document increase, while
the CVL remain almost the same. However the number of support vectors re-
quired by SVM grows linearly with the size of the training set, while CVL various
slightly.

The result of the experiment also shows that both SVM and CVL are not
sensitive to the number of keywords, which the accuracy and the number of
support vectors remain the same with different keyword attributes.
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8 Lei Zhang, Debbie Zhang, and Simeon J. Simoff

While SVM and CVL are implemented in different languages, comparison
of computational time cannot be conducted at this stage. The next step is to
implement CVL using JAVA which allows meaningful comparison of execution
times.

6 Conclusions

The critical learning algorithm based on the kernel methods and least squares
algorithm has achieves comparable classification accuracy to the SVM. SVM
performs better when the number of document increase, but require much more
support vectors with the size of the training set increasing. CVL requires slightly
different number of the support vectors when the training set increase. The
most benefit of CVL is that it requires dramatically fewer numbers of support
vectors to construct the model. This will improve the prediction efficiency which
is particularly useful in online applications.
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Abstract. Deduplicating one data set or linking several data sets are
increasingly important tasks in the data preparation steps of many data
mining projects. The aim of such linkages is to match all records relating
to the same entity. Research interest in this area has increased in recent
years, with techniques originating from statistics, machine learning, in-
formation retrieval, and database research being combined and applied
to improve the linkage quality, as well as to increase performance and
efficiency when deduplicating or linking very large data sets. Different
measures have been used to characterise the quality of data linkage algo-
rithms. This paper presents an overview of the issues involved in measur-
ing deduplication and data linkage quality, and it is shown that measures
in the space of record pair comparisons can produce deceptive accuracy
results. Various measures are discussed and recommendations are given
on how to assess deduplication and data linkage quality.

Keywords: data or record linkage, data integration and matching, dedu-
plication, data mining pre-processing, quality measures.

1 Introduction

With many businesses, government organisations and research projects collect-
ing massive amounts of data, data mining has in recent years attracted interest
both from academia and industry. While there is much ongoing research in data
mining algorithms and techniques, it is well known that a large proportion of
the time and effort in real-world data mining projects is spent understanding the
data to be analysed, as well as in the data preparation and pre-processing steps
(which may well dominate the actual data mining activity). An increasingly im-
portant task in data pre-processing is detecting and removing duplicate records
that relate to the same entity within one data set. Similarly, linking or matching
records relating to the same entity from several data sets is often required, as
information from multiple sources needs to be integrated, combined or linked in
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order to allow more detailed data analysis or mining. The aim of such linkages
is to match all records relating to the same entity, such as a patient, a customer,
a business, a consumer product, or a genome sequence.

Deduplication and data linkage can be used to improve data quality and in-
tegrity, to allow re-use of existing data sources for new studies, and to reduce
costs and efforts in data acquisition. In the health sector, for example, dedupli-
cation and data linkage have traditionally been used for cleaning and compiling
data sets for longitudinal or other epidemiological studies [23]. Linked data might
contain information that is needed to improve health policies, and which tradi-
tionally has been collected with time consuming and expensive survey methods.
Statistical agencies routinely link census data [18, 37] for further analysis. Busi-
nesses often deduplicate and link their data sets to compile mailing lists, while
within taxation offices and departments of social security, data linkage and dedu-
plication can be used to identify people who register for benefits multiple times
or who work and collect unemployment benefits. Another application of current
interest is the use of data linkage in crime and terror detection. Security agencies
and crime investigators increasingly rely on the ability to quickly access files for
a particular individual, which may help to prevent crimes by early intervention.

The problem of finding similar entities doesn’t only apply to records which
refer to persons. In bioinformatics, data linkage helps to find genome sequences
in large data collections that are similar to a new, unknown sequence at hand. In-
creasingly important is the removal of duplicates in the results returned by Web
search engines and automatic text indexing systems, where copies of documents
– for example bibliographic citations – have to be identified and filtered out be-
fore being presented to the user. Comparing consumer products from different
online stores is another application of growing interest. As product descriptions
are often slightly different, comparing them becomes difficult.

If unique entity identifiers (or keys) are available in all the data sets to be
linked, then the problem of linking at the entity level becomes trivial: a simple
database join is all that is required. However, in most cases no unique keys are
shared by all of the data sets, and more sophisticated data linkage techniques
need to be applied. An overview of such techniques is presented in Section 2. The
notation used in this paper, and a problem analysis are discussed in Section 3,
before a description of various quality measures is given in Section 4. A real-
world example is used in Section 5 to illustrate the effects of applying different
quality measures. Finally, several recommendations are given in Section 6, and
the paper is concluded with a short summary in Section 7.

2 Data Linkage Techniques

Computer-assisted data linkage goes back as far as the 1950s. At that time, most
linkage projects were based on ad hoc heuristic methods. The basic ideas of prob-
abilistic data linkage were introduced by Newcombe and Kennedy [30] in 1962,
and the theoretical statistical foundation was provided by Fellegi and Sunter [16]
in 1969. Similar techniques have independently been developed in the 1970s by
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computer scientists in the area of document indexing and retrieval [13]. However,
until recently few cross-references could be found between the statistical and the
computer science community.

As most real-world data collections contain noisy, incomplete and incorrectly
formatted information, data cleaning and standardisation are important pre-
processing steps for successful deduplication and data linkage, and before data
can be loaded into data warehouses or used for further analysis [33]. Data may be
recorded or captured in various, possibly obsolete, formats and data items may
be missing, out of date, or contain errors. Names and addresses can change over
time, and names are often reported differently by the same person depending
upon the organisation they are in contact with. Additionally, many proper names
have different written forms, for example ‘Gail’ and ‘Gayle’. The main tasks of
data cleaning and standardisation are the conversion of the raw input data into
well defined, consistent forms, and the resolution of inconsistencies [7, 9].

If two data sets A and B are to be linked, the number of possible record pairs
equals the product of the size of the two data sets |A| × |B|. Similarly, when
deduplicating a data set A the number of possible record pairs is |A| × (|A| −
1)/2. The performance bottleneck in a data linkage or deduplication system is
usually the expensive detailed comparison of fields (or attributes) between pairs
of records [1], making it unfeasible to compare all record pairs when the data sets
are large. For example, linking two data sets with 100, 000 records each would
result in ten billion possible record pair comparisons. On the other hand, the
maximum number of truly matched record pairs that are possible corresponds
to the number of records in the smaller data set (assuming a record can only be
linked to one other record). For deduplication, the number of duplicate records
will be smaller than the number of records in the data set. The number of
potential matches increases linearly when linking larger data sets, while the
computational efforts increase quadratically.

To reduce the large number of possible record pair comparisons, data linkage
systems therefore employ blocking [1, 16, 37], sorting [22], filtering [20], cluster-
ing [27], or indexing [1, 5] techniques. Collectively known as blocking, these tech-
niques aim at cheaply removing pairs of records that are obviously not matches.
It is important, however, that no potential match is removed by blocking.

All record pairs produced in the blocking process are compared using a variety
of field (or attribute) comparison functions, each applied to one or a combination
of record attributes. These functions can be as simple as an exact string or a
numerical comparison, can take into account typographical errors, or be as com-
plex as a distance comparison based on look-up tables of geographic locations
(longitude and latitude). Each comparison returns a numerical value, often pos-
itive for agreeing values and negative for disagreeing values. For each compared
record pair a weight vector is formed containing all the values calculated by the
different field comparison functions. These weight vectors are then used to clas-
sify record pairs into matches, non-matches, and possible matches (depending
upon the decision model used). In the following sections the various techniques
employed for data linkage are discussed in more detail.
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2.1 Deterministic Linkage

Deterministic linkage techniques can be applied if unique entity identifiers (or
keys) are available in all the data sets to be linked, or a combination of attributes
can be used to create a linkage key, which is then used to match records that
have the same key value. Such linkage systems can be developed based on stan-
dard SQL queries. However, they only achieve good linkage results if the entity
identifiers or linkage keys are of high quality. This means they have to be precise,
stable over time, highly available, and robust with regard to errors (for example,
include a check digit for detecting invalid or corrupted values).

Alternatively, a set of (often very complex) rules can be used to classify pairs
of records. Such rule-based systems can be more flexible than using a simple link-
age key, but their development is labour intensive and highly dependent upon the
data sets to be linked. The person or team developing such rules not only needs
to be proficient with the rule system, but also with the data to be deduplicated
or linked. In practise, therefore, deterministic rule based systems are limited to
ad-hoc linkages of smaller data sets. In a recent study [19], an iterative deter-
ministic linkage system was compared with the commercial probabilistic system
AutoMatch [25], and empirical results showed that the probabilistic approach
achieved better linkages.

2.2 Probabilistic Linkage

As common unique entity identifiers are rarely available in all data sets to be
linked, the linkage process must be based on the existing common attributes.
These normally include person identifiers (like names and dates of birth), de-
mographic information (like addresses) and other data specific information (like
medical details, or customer information). These attributes can contain typo-
graphical errors, they can be coded differently, and parts can be out-of-date or
even be missing.

In the traditional probabilistic linkage approach [16, 37], pairs of records are
classified as matches if their common attributes predominantly agree, or as non-
matches if they predominantly disagree. If two data sets A and B are to be
linked, the set of record pairs A×B = {(a, b); a ε A, b ε B} is the union of the
two disjoint sets of true matches M and true non-matches U .

M = {(a, b); a = b, a ε A, b ε B} (1)

U = {(a, b); a 6= b, a ε A, b ε B} (2)

Fellegi and Sunter [16] considered ratios of probabilities of the form

R =
P (γ ε Γ |M)

P (γ ε Γ |U)
, (3)

where γ is an arbitrary agreement pattern in a comparison space Γ . For example,
Γ might consist of six patterns representing simple agreement or disagreement
on given name, surname, date of birth, street address, suburb and postcode.
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Alternatively, some of the γ might additionally consider typographical errors, or
account for the relative frequency with which specific values occur. For example,
a surname value ‘Miller’ is much more common in many western countries than
a value ‘Dijkstra’, resulting in a smaller agreement value. The ratio R, or any
monotonically increasing function of it (such as its logarithm) is referred to as
a matching weight. A decision rule is then given by

if R > tupper , then designate a record pair as match,
if tlower ≤ R ≤ tupper , then designate a record pair as possible match,
if R < tlower, then designate a record pair as non-match.

The thresholds tlower and tupper are determined by a-priori error bounds on false
matches and false non-matches. If γ ε Γ for a certain record pair mainly consists
of agreements, then the ratio R would be large and thus the pair would more
likely be designated as a match. On the other hand for a γ ε Γ that primarily
consists of disagreements the ratio R would be small.

The class of possible matches are those record pairs for which human over-
sight, also known as clerical review, is needed to decide their final linkage status.
While in the past (when smaller data sets were linked, for example for epidemio-
logical survey studies) clerical review was practically manageable in a reasonable
amount of time, linking today’s large data collections – with millions of records
– make this process impossible, as tens or even hundreds of thousands of record
pairs will be put aside for review. Clearly, what is needed are more accurate and
automated decision models that will reduce – or even eliminate – the amount
of clerical review needed, while keeping a high linkage quality. Such approaches
are presented in the following section.

2.3 Modern Approaches

Improvements [38] upon the classical probabilistic linkage [16] approach include
the application of the expectation-maximisation (EM) algorithm for improved
parameter estimation [39], the use of approximate string comparisons [32] to
calculate partial agreement weights when attribute values have typographical
errors, and the application of Bayesian networks [40].

In recent years, researchers have also started to explore the use of techniques
originating in machine learning, data mining, information retrieval and database
research to improve the linkage process. Most of these approaches are based on
supervised learning techniques and assume that training data (i.e. record pairs
with known deduplication or linkage status) is available.

One approach based on ideas from information retrieval is to represent records
as document vectors and compute the cosine distance [10] between such vectors.
Another possibility is to use an SQL like language [17] that allows approxi-
mate joins and cluster building of similar records, as well as decision functions
that decide if two records represent the same entity. A generic knowledge-based
framework based on rules and an expert system is presented in [24], and a hy-
brid system which utilises both unsupervised and supervised machine learning
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techniques is described in [14]. That paper also introduces metrics for deter-
mining the quality of these techniques. The authors find that machine learning
outperforms probabilistic techniques, and provides a lower proportion of possible
matches.

The authors of [35] apply active learning to the problem of lack of training
instances in real-world data. Their system presents a representative (difficult to
classify) example to a user for manual classification. They report that manually
classifying less than 100 training examples provided better results than a fully
supervised approach that used 7,000 randomly selected examples. A similar ap-
proach is presented in [36], where a committee of decision trees is used to learn
mapping rules (i.e. rules describing linkages).

High-dimensional overlapping clustering (as alternative to traditional block-
ing) is used by [27] in order to reduce the number of record pair comparisons to
be made, while [21] explore the use of simple k-means clustering together with
a user tunable fuzzy region for the class of possible matches. Methods based
on nearest neighbours are explored by [6], with the idea to capture local struc-
tural properties instead of a single global distance approach. An unsupervised
approach based on graphical models [34] aims to use the structural information
available in the data to build hierarchical probabilistic models. Results which
are better than the ones achieved by supervised techniques are presented.

Another approach is to train distance measures used for approximate string
comparisons. [3] presents a framework for improving duplicate detection using
trainable measures of textual similarity. The authors argue that both at the
character and word level there are differences in importance of certain character
or word modifications, and accurate similarity computations require adapting
string similarity metrics for all attributes in a data set with respect to the par-
ticular data domain. Related approaches are presented in [5, 12, 29, 41], with [29]
using support vector machines for the binary classification task of record pairs.
As shown in [12], combining different learned string comparison methods can re-
sult in improved linkage classification. An overview of other methods – including
statistical outlier identification, pattern matching, and association rules based
approaches – is given in [26].

3 Notation and Problem Analysis

The notation used in this paper is presented here. It follows the traditional data
linkage literature [16, 37, 38]. The number of elements in a set X is denoted
|X|. A general linkage situation is assumed, where the aim is to link two sets
of entities. For example, the first set could be patients of a hospital, and the
second set people who had a car accident. Some of the car accidents resulted in
people being admitted into the hospital, some did not. The two sets of entities
are denoted as Ae and Be. Me = Ae ∩ Be is the intersection set of matched
entities that appear in both Ae and Be, and Ue = (Ae ∪ Be) \ Me is the set
of non-matched entities that appear in either Ae or Be, but not in both. This
space of entities is illustrated in Figure 1, and called the entity space.
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Fig. 1. General linkage situation with two sets of entities Ae and Be, their intersection
Me (the entities that appear in both sets), and the set Ue which contains the entities
that appear in either Ae or Be, but not in both

The maximum possible number of matched entities corresponds to the size
of the smaller set of Ae or Be. This is the situation when the smaller set is a
proper subset of the larger one, which also results in the minimum number of
non-matched entities. The minimum number of matched entities is zero, which
is the situation when no entities appear in both sets. The maximum number of
non-matched entities in this situation corresponds to the sum of the entities in
both sets. The following equations show this in a more formal way.

0 ≤ |Me| ≤ min(|Ae|, |Be|) (4)

abs(|Ae| − |Be|) ≤ |Ue| ≤ |Ae| + |Be| (5)

In a simple example, assume the set Ae contains 5 million entities (e.g.
hospital patients), and set Be contains 1 million entities (e.g. people involved in
car accidents), with 700,000 entities present in both sets (i.e. |Me| = 700, 000).
The number of non-matched entities in this situation is |Ue| = 4, 600, 000, which
is the sum of the entities in both sets (6 millions) minus twice the number of
matched entities (as they appear in both sets Ae and Be). This simple example
will be used as a running example in the discussion below.

Records for the entities in Ae and Be are now stored in two data sets (or
databases or files), denoted by A and B, such that there is exactly one record
in A for each entity in Ae (i.e. the data set contains no duplicate records), and
each record in A corresponds to an entity in Ae. The same holds for Be and B.
The aim of a data linkage process is to classify pairs of records as matches or
non-matches in the product space A×B = M ∪U of true matches M and true
non-matches U [16, 37] as given in Equations 1 and 2.

It is assumed that no blocking (as discussed in Section 2) is applied, and
that all possible pairs of records are compared. The total number of comparisons
equals |A|×|B|, which is much larger than the number of entities available in Ae

and Be together. In case of the deduplication of a single data set A, the number
of record pair comparisons equals |A| × (|A| − 1)/2, as each record in the data
set must be compared with all others, but not to itself. The space of record pair
comparisons is illustrated in Figure 2 and called the comparison space.
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Fig. 2. General record pair comparison space with 25 records in data set A arbitrar-
ily numbered on the horizontal axis and 20 records in data set B arbitrarily num-
bered on the vertical axis. The full rectangular area corresponds to all possible record
pair comparisons. Assume that record pairs (A1, B1), (A2, B2) up to (A12, B12) are
true matches. The linkage algorithm has wrongly classified (A10, B11), (A11, B13),
(A12, B17), (A13, B10), (A14, B14), (A15, B15), and (A16, B16) as matches (false pos-
itives), but missed (A10, B10), (A11, B11), and (A12, B12) (false negatives)

For the simple example given earlier, the comparison space consists of |A| ×
|B| = 5, 000, 000× 1, 000, 000 = 5 × 1012 record pairs, with |M | = 700, 000 and
|U | = 5 × 1012 − 700, 000 = 4.9999993× 1012 record pairs.

A linkage algorithm compares pairs of records and classifies them into M̃
(record pairs considered to be a match by the algorithm) and Ũ (record pairs
considered to be a non-match). To keep this analysis simple, it is assumed here
that the linkage algorithm does not classify record pairs as possible matches (as
discussed in Section 2.2). Both records of a truly matched pair correspond to
the same entity in Me. Un-matched record pairs, on the other hand, correspond
to different entities in Ae and Be, with the possibility of both records of such a
pair corresponding to different entities in Me. As each record relates to exactly
one entity, and there are no duplicates in the data sets, a record in A can only
be correctly matched to a maximum of one record in B, and vice versa. For
each record pair, the binary classification into M̃ and Ũ results in one of four
possible outcomes [15] as shown in Table 1. As can be seen, M = TP + FN ,
U = TN + FP , M̃ = TP + FP , and Ũ = TN + FN .

When assessing the quality of a linkage algorithm, the general interest is in
how many truly matched entities and how many truly non-matched entities have
been classified correctly as matches and non-matches, respectively. However, the
outcome of the classification is measured in the comparison space (as number
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Table 1. Confusion matrix of record pair classification

Actual Classification

Match (M̃) Non-match (Ũ)

Match (M) True match False non-match
True positive (TP) False negative (FN)

Non-match (U) False match True non-match
False positive (FP) True negative (TN)

of classified record pairs). While the number of truly matched record pairs is
the same as the number of truly matched entities, |M | = |Me| (as each truly
matched record pair corresponds to one entity), there is however no correspon-
dence between the number of truly non-matched record pairs and non-matched
entities. Each non-matched record pair contains two records that correspond
to two different entities, and so it not possible to easily calculate a number of
non-matched entities.

The maximum number of truly matched entities is given by Equation 4.
From this follows the maximum number of record pairs a linkage algorithm
should classify as matches is |M̃ | ≤ |Me| ≤ min(|Ae|, |Be|). As the number
of classified matches M̃ = TP + FP , it follows that |TP + FP | ≤ |Me|. And
with M = TP + FN , it also follows that both the numbers of FP and FN will
be small compared to the number of TN, and they will not be influenced by
the multiplicative increase between the entity and the comparison space. The
number of TN will dominate, however, as, in the comparison space, the following
equation holds:

|TN | = |A| × |B| − |TP | − |FN | − |FP |. (6)

This is also illustrated in Figure 2. Therefore, any quality measure used in dedu-
plication or data linkage that uses the number of TN will give deceptive results,
as will be illustrated and discussed further in Sections 4 and 5.

The above discussion assumes no duplicates in the data sets A and B. Thus,
a record in one data set can only be matched to a maximum of one record in the
other data set (often called one-to-one assignment restriction). In practise, how-
ever, one-to-many and many-to-many linkages or deduplications are possible.
Examples include longitudinal studies of administrative health data, where sev-
eral records might correspond to a certain patient over time, or business mailing
lists where several records can relate to the same customer (this happens when
data sets have not been properly deduplicated). While the above analysis would
become more complicated, the issue of having a very large number of TN stills
hold in one-to-many and many-to-many linkage situations, as the number of
matches for a single record will be small compared to the full number of record
pair comparisons.
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Table 2. Quality measures used in recent deduplication and data linkage publications

Measure Formula / Description Used in

Accuracy acc = TP+TN

TP+FP+TN+FN
[21, 35, 36]

Precision prec = TP

TP+FP
[1, 2, 10, 11, 14, 27]

Recall rec = TP

TP+FN
[1, 11, 14, 21, 27]

F-measure f−measure = 2( prec×rec

prec+rec
) [1, 11, 27]

False positive rate fpr = FP

TN+FP
[2]

Precision-Recall graph Plot precision on vertical and [3, 6, 28]
recall on horizontal axis

4 Quality Measures

Given that deduplication and data linkage are classification problems, vari-
ous quality measures are available to the data linkage researcher and practi-
tioner [15]. With many recent approaches being based on supervised learning,
no clerical review process (i.e. no possible matches) is often assumed and the
problem becomes a binary classification, with record pairs being classified as
either matches or non-matches, as shown in Table 1. A summary of the qual-
ity measures used in recent publications is given in Table 2 (a more detailed
discussion can be found in [8]).

As presented in Section 2.2, a linkage algorithm is assumed to have a thresh-
old parameter t (with no possible matches tlower = tupper), which determines
the cut-off between classifying record pairs as matches (with matching weight
R ≥ t) or as non-matches (R < t). Increasing the value of t results in an in-
creased number of TN and FP and in a reduction in the number of TP and FN,
while lowering t reduces the number of TN and FP and increases the number of
TP and FN. Most of the quality measures presented here can be calculated for
different values of such a threshold (often only the quality measure values for an
optimal threshold are reported in empirical studies). Alternatively, quality mea-
sures can be visualised in a graph over a range of threshold values, as illustrated
by the examples in Section 5.

Taking the example from Section 3, assume that for a given threshold a
linkage algorithm has classified |M̃ | = 900, 000 record pairs as matches and the
rest (|Ũ | = 5 × 1012 − 900, 000) as non-matches. Of these 900, 000 classified
matches 650, 000 were true matches (TP), and 250, 000 were false matches (FP).
The number of false non-matched record pairs (FN) was 50, 000, and the number
of true non-matched record pairs (TN) was 5×1012−950, 000. When looking at
the entity space, the number of non-matched entities is 4, 600, 000− 250, 000 =
4, 350, 000. Table 3 shows the resulting quality measures for this example in
both the comparison and the entity spaces, and as discussed, any measure that
includes the number of TN depends upon whether entities or record pairs are
counted. As can be seen, the results for accuracy and the false positive rate
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Table 3. Quality results for the simple example

Measure Entity space Comparison space

Accuracy 94.340% 99.999994%
Precision 72.222% 72.222000%
Recall 92.857% 92.857000%
F-measure 81.250% 81.250000%
False positive rate 5.435% 0.000005%

all show misleading results when based on record pairs (i.e. measured in the
comparison space). This issue will be illustrated further in Sections 5 and 6.

The authors of [4] discuss the topic of evaluating deduplication and data
linkage systems. They advocate the use of precision-recall graphs over the use of
single value measures like accuracy or maximum F-measure, on the grounds that
such single value measures assume that an optimal threshold has been found. A
single value can also hide the fact that one classifier might perform better for
lower threshold values, while another better for higher thresholds.

5 Experimental Examples

In this section the previously discussed issues on quality measures are illustrated
using a real-world administrative health data set, the New South Wales Midwives

Data Collection (MDC) [31]. 175, 211 records from the years 1999 and 2000 were
extracted, containing names, addresses and dates of birth of mothers giving
birth in these two years. This data set has previously been deduplicated (and
manually clerically reviewed) using the commercial probabilistic data linkage
system AutoMatch [25]. According to this deduplication, the data set contains
166, 555 unique mothers, with 158, 081 having one, 8, 295 having two, 176 having
three, and 3 having four records (births). The AutoMatch deduplication decision
was used as the true match (or deduplication) status for this example

A deduplication was then performed using the Febrl (Freely extensible biomed-
ical record linkage) [7] data linkage system. Fourteen attributes in the MDC were
compared using various comparison functions (like exact and approximate string
comparisons), and the resulting comparison values were summed into a match-
ing weight (as discussed in Section 2.2) ranging from −43 (disagreement on all
fourteen comparisons) to 115 (agreement on all comparisons). As can be seen
in the density plot in Figure 3, almost all true matches (record pairs classified
as true duplicates) have positive matching weights, while the majority of non-
matches have negative weights. There are, however, non-matches with rather
large positive matching weights, which is due to the differences in calculating
the weights between AutoMatch and Febrl.

The full comparison space for this data set with 175, 211 records would re-
sult in 175, 211× 175, 210/2 = 15, 349, 359, 655 record pairs, which is infeasible
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Fig. 3. The density plot of the matching weights for a real-world administrative health
data set. This plot is based on record pair comparison weights in a blocked comparison
space. The lowest weight is -43 (disagreement on all comparisons), and the highest 115
(agreement on all comparisons). Note that the vertical axis with frequency counts is
on a logarithmic scale

to process even with today’s powerful computers. Standard blocking was used
to reduce the number of comparisons, resulting in 759, 773 record pairs (this
corresponds to only around 0.005% of all record pairs in the full comparison
space). The total number of truly classified matches (duplicates) was 8, 841 (for
all the duplicates as described above), with 8, 808 of the 759, 773 record pairs
in the blocked comparison space corresponding to true duplicates (thus, 33 true
matches were removed by blocking).

The quality measures discussed in Section 4 applied to this real-world dedu-
plication procedure are shown in Figure 4 for a varying threshold −43 ≤ t ≤ 115.
The aim of this figure is to illustrate how the different measures look for a dedu-
plication example taken from the real world. The measurements were done in
the blocked comparisons space as described above. The full comparison space
(15, 349, 359, 655 record pairs) was simulated by assuming that blocking removed
mainly record pairs with negative comparison weights (normally distributed be-
tween -43 and -10). As discussed previously, this resulted in different numbers
of TN between the blocked and the (simulated) full comparison spaces. As can
be seen, the precision-recall graph is not affected by the blocking process, and
the F-measure differs only slightly. The two other measures, however, resulted
in graphs of different shape.
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Fig. 4. Quality measurements of a real-world administrative health data set

6 Recommendations

Based on the above discussions, several recommendations for measuring dedu-
plication and data linkage quality can be given. Their aim is to provide both
researchers and practitioners with guidelines on how to perform empirical stud-
ies on different algorithms, or production deduplication or linkage projects, as
well as on how to properly assess and describe the outcome of such linkages.

Record Pair Classification Due to the problem of the number of true nega-
tives in any comparison, quality measures which use that number (for example
accuracy or the false positive rate) should not be used. The variation in the
quality of a technique against particular types of data means that results should
be reported for particular data sets. Also, given that the nature of some data
sets may not be known in advance, the average quality across all data sets used
in a certain study should be reported. When comparing techniques, precision-
recall or F-measure graphs provide an additional dimension to the results. For
example, if a small number of highly accurate links is required, the technique
with higher precision for low recall would be chosen [4].
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Blocking The aim of blocking is to cheaply remove obvious non-matches be-
fore the more detailed, expensive record pair comparisons are made. Working
perfectly, blocking would only remove record pairs that are true non-matches,
thus affecting the number of true negatives, and possibly the number of false
positives. To the extent that, in reality, blocking also removes record pairs from
the set of true matches, it will also affect the number of true positives and false
negatives. Blocking can thus be seen to be a confounding factor in quality mea-
surement – the types of blocking procedures and the parameters chosen will
potentially affect the results obtained for a given linkage procedure. If compu-
tationally feasible, for example in an empirical study using small data sets, it is
strongly recommended that all quality measurement results be obtained without
the use of blocking. It is recognised that it may not be possible to do this with
larger data sets. A compromise would be to publish the blocking approach and
resulting number of removed pairs of records, and to make the blocked data set
available for analysis and comparison by other researchers. At the very least,
the blocking procedure and parameters should be specified in a form that can
enable other researchers to repeat it.1

7 Conclusions

Deduplication and data linkage are important tasks in the pre-processing step of
many data mining projects, and also important for improving data quality before
data is loaded into data warehouses. An overview of data linkage techniques has
been presented, and the issues involved in measuring the quality of deduplication
and data linkage algorithms have been discussed. It is recommended that data
linkage quality be measured using the precision-recall or F-measure graphs rather
than single numerical values, and measures that include the number of true
negative matches should not be used due to their large number in the space of
record pair comparisons. When publishing empirical studies, researchers should
aim to use non-blocked data sets if possible, or otherwise at least detail the
blocking approach taken, and report on the number of record pairs being removed
by the blocking process.
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Abstract. Addresses are a key part of many records containing infor-
mation about people and organisations, and it is therefore important
that accurate address information is available before such data is mined
or stored in data warehouses. Unfortunately, addresses are often cap-
tured in non-standard and free-text formats, usually with some degree
of spelling and typographical errors. Additionally, addresses change over
time, for example when people move, when streets are renamed, or when
new suburbs are built. Cleaning and standardising addresses, as well as
verifying if they really exist, are therefore important steps in data min-
ing pre-processing. In this paper we present an automated probabilistic
approach based on a hidden Markov model (HMM), which uses national
address guidelines and a comprehensive national address database to
clean, standardise and verify raw input addresses. Initial experiments
show that our system can correctly standardise even complex and un-
usual addresses.

Keywords: Data mining pre-processing, address cleaning and standard-
isation, hidden Markov model, G-NAF, postal address guidelines.

1 Introduction

Most real world data collections contain noisy, incomplete, incorrectly formatted,
or even out-of-date data. Cleaning and standardising such data are therefore
important first steps in data pre-processing, and before such data can be stored
in data warehouses or used for further data analysis or mining [11, 16]. In most
settings it is desirable to be able to detect and remove duplicate records from
a data set, in order to reduce costs for business mailings or to improve the
accuracy of a data analysis task. The cleaning and standardisation of personal
information (like addresses and names) is especially important for data linkage
and integration, to make sure that no misleading or redundant information is
introduced. Data linkage (also called record linkage) [10] is important in many

? Corresponding author

simeon
S. J. Simoff, G. J. Williams, J. Galloway and I. Kolyshkina (eds).  Proceedings of the 4th Australasian Data Mining Conference – AusDM05, 5 – 6th, December, 2005, Sydney, Australia,



application areas, such as compilation of longitudinal epidemiological studies,
census related statistics, or fraud and crime detection systems.

The main tasks of data cleaning [16] are the conversion of the raw input
data into well defined, consistent forms, and the resolution of inconsistencies in
the way information is represented or encoded. Personal information is often
captured and stored with typographical and phonetical variations, parts can be
missing or recorded in different (possibly obsolete) formats, or be out-of-order.
Addresses and names can change over time, and are often reported differently
by the same person depending upon the organisation they are in contact with.
Moreover, while for many regular words there is only one correct spelling, there
are often different written forms for proper names (which are commonly used as
street, locality or institution names), for example ‘Dickson’ and ‘Dixon’. For ad-
dresses to be useful and valuable, they need to be cleaned and standardised into
a well defined format. For example, various abbreviations should be converted
into standardised forms, nicknames should be expanded into their full names,
and postcodes should be validated using official postcode lists.

In this paper we report on a project that aims to develop techniques for
fully automated cleaning, standardisation, as well as verification, of raw input
addresses. In Section 2 we introduce the task of address cleaning and standard-
isation in more detail and present other work that has been done in this area.
While traditional approaches have been based on either rules that need to be
customised by the user according to her or his data, or manually prepared train-
ing data, our system is based on a mainly unsupervised approach. The main
contribution of our work is the automated training of a probabilistic address
standardisation system using national address guidelines and a comprehensive
national address database. We present our approach in Section 3, and discuss the
methods used to automatically train our system in Section 4. First experimental
results are then presented and discussed in Section 5, and an outlook to future
work is given in Section 6.

2 Address Cleaning and Standardisation

The aim of the cleaning and standardisation process is to transform the raw in-
put address records into a well defined and consistent form, as shown in Figure 1.
Addresses can be separated into three components, corresponding to the address

site (containing flat and street number details), street (containing street name
and type), and locality (with locality, state and postcode information). As can
be seen from Figure 1, these components are further split into several output
fields, each containing a basic piece of information. The standardisation pro-
cess also replaces different spellings and abbreviations with standard versions.
Look-up tables of such standard spellings are often published by national postal
services, together with guidelines of how addresses should be written properly on
letters or parcels. This information can be used to build an automated address
standardiser, as presented in more details in Sections 3 and 4.
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Fig. 1. Example address standardisation. The left four output fields relate to the ad-

dress site level, the middle two to street level, and the right three fields to locality

level

The terms data cleaning (or data cleansing), data standardisation, data
scrubbing, data pre-processing, and ETL (extraction, transformation and load-
ing) are used synonymously to refer to the general tasks of transforming source
data into clean and consistent sets of records suitable for loading into a data
warehouse, or for linking with other data sets. A number of commercial software
products are available which address this task. A complete review is beyond the
scope of this paper (an overview can be found in [16]). Address (and name)
standardisation is also closely related to the more general problem of extracting
structured data, such as bibliographic references or name entities, from unstruc-
tured or variably structured texts, such as scientific papers or Web pages.

The most common approach for address standardisation is the manual spec-
ification of parsing and transformation rules. A well-known example of this
approach in biomedical research is AutoStan [12], the companion product to
the widely-used AutoMatch probabilistic record linkage software. AutoStan first
parses the input string into individual words, and using a re-entrant regular
expression parser each word is then mapped to a token of a particular class (de-
termined by the presence of that word in user-supplied look-up tables, or by the
type of characters found in the word). This approach requires both an initial and
ongoing investment in rule programming by skilled staff. More recent rule-based
approaches, which aim at automatically induce rules for information extraction
from unstructured text, include Rapier [5], which is based on inductive logic
programming; Whisk [18], which can handle both free and highly structured
text; and Nodose [1], which is an interactive graphical tool for determining the
structure of text documents and for extracting their data.

An alternative to these rule-based, deterministic approaches are probabilis-
tic methods. Statistical models, especially hidden Markov models (HMMs), have
widely been used in the areas of speech recognition and natural language process-
ing to help solve problems such as word-sense disambiguation and part-of-speech
tagging [15]. More recently, HMMs and related models have been applied to the
problem of extracting structured information from unstructured text. An ap-
proach using HMMs to find names and other non-recursive entities in free text
is described in [3], where word features are used similar to the ones implemented
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in our system, and experimental results of high accuracy are presented using
both English and Spanish test data. HMMs are also used for information extrac-
tion by [9], which addresses the problem of lack of training data by applying the
statistical techniques of shrinkage to improve HMM parameter estimations (dif-
ferent hierarchies of expected similarities are built from a model). The issue of
learning the structure of HMMs for information extraction is discussed in [17],
where both labelled and un-labelled data is used, and good accuracy results
are presented. A supervised approach for segmenting text (including US and
Indian addresses) is presented by [4]. Their system Datamold uses hierarchical
features and nested HMMs, and does allow the integration of external hierarchi-
cal databases for improved segmentation. Their results indicate that Datamold

consistently performs better than the rule-base system Rapier. An automatic
system that only uses external databases is presented in [2]. The authors de-
scribe attribute recognition models (ARMs), based on HMMs, which capture the
characteristics of the values stored in large reference tables. The topology for
an ARM consists of the three states Beginning, Middle, and Trailing. Feature
hierarchies are then used to learn the HMM topology as well as transition and
emission probabilities. Results presented on various data sets show an up to 50%
reduction in segmentation errors compared to Datamold.

Earlier work [8] by one of the authors of this paper describes a supervised
name and address standardisation approach that uses a lexicon-based tokeni-
sation in combination with HMMs, work that was strongly influenced by [4].
Instead of directly using the elements of the input records for HMM segmenta-
tion, a tagging step allocates one or more tags (based on user definable look-up
tables and some hard coded rules) to each input element, and sequences of tags
are then given to a previously trained (using manually prepared tag sequences)
HMM. Results on real world administrative health data showed better accuracy
than the rule-based system AutoStan for addresses [8]. Training of this system
is facilitated by a boot-strapping approach, allowing a reasonable amount of
training data to be manually created within a couple of hours.

In this paper we present work which is mainly based on [2] and [8]. The main
contribution of our work is the combination of techniques used in these two
approaches, with specific application (but not limited) to Australian postal ad-
dresses. We use national address guidelines and a large national address database
to automatically train a HMM, without the need of any manual preparation of
training data. Our system is part of a free, open source data linkage system
known as Febrl (Freely extensible biomedical record linkage) [6], which is writ-
ten in the free, open source object-oriented programming language Python.

3 Probabilistic Address Standardisation

Our method is based on a probabilistic HMM which is automatically trained
using information taken from national address guidelines (which are available in
many countries) as well as a comprehensive national address database. The de-
tailed approach on how this HMM is trained using these two sources is discussed
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in Section 4. Here we present the actual steps involved in the standardisation of
raw input addresses, assuming such a trained HMM is available.

We assume that the raw input address records are stored as text files or
database tables, and are made of one or more text strings. The task is then to
allocate the words and numbers from the raw input into the appropriate output
fields, to clean and standardise the values in these output fields, and to verify
if an address (or parts of it) really exist (i.e. is available in the national address
database). Our approach is based on the following four steps, which will be
discussed in more detail in the four sections given below.

1. The raw input addresses are cleaned.
2. They are each split into a list of words, numbers and characters, which are

then tagged using features and look-up tables that were generated using the
national address database.

3. These tagged lists are then segmented into output fields using a probabilistic
HMM.

4. Finally, the segmented addresses are verified using the national address
database.

3.1 Cleaning

The cleaning step involves converting all letters into lower case, followed by vari-
ous general corrections of sub-strings using correction lists. These lists are stored
in text files that can be modified by the user. For example, variations of nursing

home, such as ‘n-home’ or ‘n/home’ are all replaced with the string ‘nursing

home’. Various kinds of brackets and quoting characters are replaced with a ver-
tical bar ‘|’, which facilitates tagging and segmenting in the subsequent steps.
Correction lists also allow the definition of strings that are to be removed from
the input, for example ‘n/a’ or ‘locked’. The output of this first step is a
cleaned address string ready to be tagged in the next step.

3.2 Tagging

After an address string has been cleaned, it is split at white-space boundaries
into a list of words, numbers, punctuation marks and other possible characters.
Each of the list elements is assigned one or more tags. These tags are based on
look-up tables generated using the values in the national address database, as
well as more general features. For example, a list element ‘road’ is assigned the
tag ‘ST’ (for street type, as ‘road’ was found in the street type attribute in
the database), as well as the tag ‘L4’ (as it is a value of length four characters
containing only letters). The tagging does not depend upon the position of a
value in the list. The number ‘2371’, for example, will be tagged with ‘PC’ (as
it is a known postcode) and ‘N4’ (as it is also a four digit number), even if it
appears at the beginning of an address (where it likely corresponds to a street
number). The segmentation step (described below) then assigns this element to
the appropriate output field.

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
57



Table 1. Example values from the national address database for features used for stan-
dardisation. Empty table entries indicate no such values are available in the database

Length Numbers Letters Alpha-numeric Others

1 3 a .
2 42 se b1 .,
3 127 lot 33a 1/7
4 1642 road 672a 3/1a
5 13576 place lot12 1/23b
6 to 8 2230229 street rmb1622 lot 1760
9 to 11 jindabyne coleville2 anderson’s
12 to 15 dondingalong bundanoon305 house no: 2/41
16 or more stonequarrycreek armidale-kempsey

Look-up tags specify to the HMM in which attribute(s) of the national ad-
dress database a list element appears. If it appears in several attributes, more
than one look-up tag will be assigned to it. However, if a list element in an input
address contains a typographical error, or does otherwise not exactly correspond
to any look-up table value, no tag would be assigned to it. Therefore, the features
are a more general way of representing the content of the different attributes in
the national address database. Features characterise the lengths of an attribute
value, as well as its content (if it is made of letters only, numbers only, if it is
alpha-numeric, or if it also contains other characters). For example, an attribute
value that only contains letters and has a length between 12 and 15 (feature tag
‘L12 15’) is in 73% a locality name, in 26% a street name, and in 1% a building
name, as this is the distribution of values with letters only and a length between
12 and 15 in the national address database. A feature tag ‘N6 8’, as another
example, corresponds to a number value with length between 6 and 8 digits.
Table 1 gives example attribute values from the national address database.

In the tagging step, the look-up tables are searched using a greedy matching
algorithm, which searches for the longest tuple of list elements that match an en-
try in the look-up tables. For example, the tuple (‘macquarie’,‘fields’) will
be matched with an entry in a look-up table with the locality name ‘macquarie
fields’, rather than with the single-word entry ‘macquarie’ from the same
look-up table.

The output of the tagging step is a list of words, numbers and separators,
and a corresponding list of look-up and feature tags (as shown in the example
given below). As more than one tag can be assigned to a list element (as in the
street type example above), different combinations of tag sequences are possible,
and the question is which tag sequence is the most likely one, and how should
the list elements be assigned to the appropriate output fields? This problem is
solved using a probabilistic HMM in the segmentation step as discussed next.
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3.3 Segmenting

Having a list of elements (words, numbers and separators) and one or more
corresponding tag lists, the task is to assign these elements to the appropriate
output fields. Traditional approaches have used rules (such as ”if an element

has a tag ‘ST’ then the corresponding word is assigned to the ‘street type’

output field.”). Instead, we use a HMM [15], which has the advantages of being
robustness with respect to previously unseen input sequences, and that it can
be automatically trained as will be detailed in Section 4.

Hidden Markov models [15] (HMMs) were developed in the 1960s and 1970s
and are widely used in speech and natural language processing. They are a
powerful machine learning technique, able to handle new forms of data in a
robust fashion. They are computationally efficient to develop and evaluate. Only
recently have HMMs been used for address standardisation [4, 8, 17].

A HMM is a probabilistic finite state machine made of a set of states, tran-
sition edges between these states and a finite dictionary of discrete observation
(output) symbols. Each edge is associated with a transition probability, and each
state emits observation symbols from the dictionary with a certain probability
distribution. Two special states are the ‘Start’ and ‘End’ state. Beginning from
the ‘Start’ state, a HMM generates a sequence of length k of observation sym-
bols O = o1, o2, . . . , ok by making k − 1 transitions from one state to another
until the ‘End’ state is reached. Observation symbol oi, 1 ≤ i ≤ k is generated in
state i based on this state’s probability distribution of the observation symbols.
The same output sequence can be generated by many different paths through a
HMM with different probabilities. Given an observation sequence, one is often
interested in the most likely path through a given HMM that generated this se-
quence. This path can effectively be calculated for a given observation sequence
using the Viterbi [15] algorithm, which is a dynamic programming approach.
Figure 3 shows a HMM generated by our system for address standardisation.

Instead of using the original words, numbers and other elements from the ad-
dress records directly, the tag sequences (as discussed in Section 3.2) are used as
HMM observation symbols in order to make the derived HMM more general and
more robust. Using tags also limits the size of the observation dictionary. Once
a HMM is trained, sequences of tags (one tag per input element) as generated in
the tagging step can be given as input to the Viterbi algorithm, which returns
the most likely path (i.e. state sequence) of the given tag sequence through the
HMM, plus the corresponding probability. The path with the highest probability
is then taken and the corresponding state sequence will be used to assign the
elements of the input list to the appropriate output fields.

Example: Let’s assume we have the following (randomly created) input address
‘42 meyer Rd COOMA 2371’, which is cleaned and tagged (using both look-up
and feature tags) into the following word list and tag sequence:

[‘42’, ‘meyer’, ‘road’, ‘cooma’, ‘2371’ ]

[‘N2’, ‘SN/L5’, ‘ST/L4’, ‘LN/SN/L5’, ‘PC/N4’ ]
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with look-up tags ‘SN’ for street name, ‘ST’ for street type, ‘LN’ for locality
name, and ‘PC’ for postcode; and feature tags for numbers (‘N2’ and ‘N4’) and
letter values (‘L4’ and ‘L5’). The number of combinations of the tag sequences
is 1 × 2 × 2 × 3 × 2 = 24, for example [‘N2’, ‘SN’, ‘ST’, ‘LN’, ‘PC’] or
[‘N2’, ‘L5’, ‘ST’, ‘SN’, ‘N4’]. These 24 tag sequences are given to the
Viterbi algorithm, and using the HMM from Figure 3, the tag sequence with
the highest probability that is returned is [‘N2’, ‘SN’, ‘ST’, ‘LN’, ‘PC’].
It corresponds to the following path through the HMM (with the corresponding
observation symbols – the output fields – in brackets).

Start → number first (N2) → street name (SN) → street type (ST)

→ locality name (LN) → postcode (PC) → End

The values of the input address will be assigned to the output fields as follows.

number first: ‘42’

street name: ‘meyer’

street type: ‘road’

locality name: ‘cooma’

postcode: ‘2371’

3.4 Verification

Once segmented an input address can be easily compared to the existing ad-
dresses in the national address database. Different techniques can be used for this
task, for example inverted indices as described in [7], which allow approximate
matching (for example if parts of an address are missing or wrong). Alternatively,
hash encodings (like MD5 or SHA) can be used to create a unique signature for
each address in the national database, allowing to efficiently compare a hash
encoded input address with the full database. Similarly, hash encodings of the
locality and street (and their combinations) allow the verification of only these
parts of an address. This component of our system is currently under develop-
ment, and more details will be published elsewhere.

4 Automated Hidden Markov Model Training

The automated HMM training approach is based on national address guidelines
and a large national address database, and only needs minimal initial manual
efforts. Guidelines for correctly addressing letters and parcels are increasingly
becoming important as mail is being processed (sorted and distributed) auto-
matically. Many national postal services therefore publish such guidelines1. Our
system uses these guidelines to build the initial HMM structure, as shown in
Figure 2. This is currently done manually, but in the future it is likely that elec-
tronic versions of such guidelines (for example as XML schemes) will become
available, making the initial manual building of the HMM structure automated

1 See for example: http://www.auspost.com.au/correctaddress
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Start (hidden)

building_name

number_first

lot_number_prefix

postal_type

flat_type

flat_number

level_type

level_number

number_last

street_name

street_type

street_suffix

locality_name

state_abbrev

End (hidden)

postcode

lot_number

Fig. 2. Initial HMM topology manually constructed from postal address guidelines to
support the automated HMM training

as well. The structure is built with the national address database in mind, i.e.
the HMM states correspond to the database attributes, and aims to facilitate
the automated training process which uses the clean and segmented records in
such an address database.

A comprehensive, parcel based national address database has recently be-
come available in Australia: G-NAF (the Geocoded National Address File) [13].
Developed mainly for geocoding applications in mind, approximately 32 million
address records from several organisations were used in a five-phase cleaning and
integration process, resulting in a database consisting of 22 normalised tables.
G-NAF is based on a hierarchical model, which stores information about address
sites (properties) separately from streets and locations [14]. For our purpose, we
extracted 26 address attributes (or output fields) as listed in Table 2. The aim of
the standardisation process is to assign each element of a raw user input address
to one of these 26 output fields, as shown in the example in Figure 1. Only the
G-NAF records covering the Australian state of New South Wales (NSW) were
available to us, in total 4, 585, 707 addresses. There are two main steps in the
set-up and training phase of our address standardisation system as follows.
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Table 2. G-NAF address attributes (or fields) used in the standardisation process

G-NAF fields

Address site flat number prefix, flat number, flat number suffix, flat type,
level number prefix, level number, level number suffix,
level type, building name, location description, private road,
number first prefix, number first, number first suffix,
number last prefix, number last, number last suffix,
lot number prefix, lot number, lot number suffix

Street street name, street type, street suffix

Locality locality name, postcode, state abbrev

4.1 Generation of Look-up Tables

The look-up tables are generated by extracting all the discrete (string) values
for locality name, street name and building name into tables and then com-
bining those tables with manually generated tables containing typographical
variations (like common misspellings of suburb names), as well as the complete
listing of postcodes and locality names from the national postal services. Other
look-up tables are generated using the official G-NAF data dictionary tables
(for fields such as street type, street suffix, flat type, or level type).
The resulting look-up tables are then cleaned using the same approach as de-
scribed in Section 3.1, and used in the tagging step to assign look-up tags to
address elements.

4.2 HMM Training

The required input data for the training are (1) the initial HMM structure as
built using the postal address guidelines and as shown in Figure 2, and (2) the
G-NAF database containing cleaned and segmented address records. The dis-
tribution of both transition and observation probabilities are learned based on
frequency counts of the occurrences of attribute values in the G-NAF database.
Each G-NAF record is an example path and observation sequence. Due to minor
deficiencies in the data contained in G-NAF, such as the lack of postal addresses,
postcodes, or the character slash ‘/’ (which is often used to separate flat from
street numbers), manually added tweaks must be automatically applied where
appropriate to the model during training to account for the lack of observations
and transitions, and to account for unusual but legitimate address types, such
as corner addresses. A HMM trained using G-NAF is shown in Figure 3. Be-
cause training data often does not cover all possible combinations of transitions
and observations, during application of a HMM unseen and unknown data is
encountered. To be able to deal with such cases, smoothing techniques [4] (such
as Laplace or absolute discount smoothing) need to be applied, which enable un-
seen data to be handled more efficiently. These techniques basically assign small
probabilities to all unseen transitions and observations symbols in all states.

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
62



Start (hidden)

building_name

0.059

flat_type

0.007

flat_number

0.112

level_type

0.0002

number_first

0.701

number_last

0.0001

street_name

0.04

locality_name

0.0001

postal_type

0.029

postal_number

0.0510.48

0.004

0.053

0.0002

0.434

0.0001

0.027

1.0

0.005

slash (hidden)

0.095

0.005

level_number

0.0005

0.994

0.0005

0.236

0.764

1.0

0.091

0.053

0.846

0.01

0.979

0.021

0.128

street_type

0.563

street_suffix

0.001

0.3080.006

0.997

0.24

0.24

0.5

state_abbrev

0.02 0.123

0.377

postcode

0.05

End (hidden)

0.450.5

0.5

0.2

0.8

0.3

0.7

0.7

0.3

Fig. 3. HMM (simplified) after automated training using the G-NAF national address
database (but before smoothing is applied)

5 Experimental Results and Discussion

Special care must be taken when evaluating HMM based systems. If the records
used to train a HMM are from the same or similar data set as the records used to
evaluate the performance of the same HMM, the model may become over-fitted
to the training data and may not accurately reflect the real performance of the
HMM. To test the accuracy of our probabilistic standardisation approach raw
addresses from three data sets were used. The first contained 500 records with
addresses taken from a midwives data collection, the second 600 nursing home
addresses, and the third a 150 record sample of unusual and difficult addresses
from a large administrative health data set. There are three major variations
possible in our system for standardising addresses:

1. Features and look-up tables (F&LT)
During the tagging step of standardisation, each element in the address is
assigned one or more tags depending if it can be found in one or more look-
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up tables. Once all tables have been checked, the element will also be given
a feature tag as described in Section 3.2. However, elements of one character
length are only given a feature tag and look-up tables are not searched.

2. Look-up tables only (LT)
This is similar to the supervised system [8] as previously implemented in
Febrl [6]. An address element is given one or more look-up tags, depending
if it can be found in the look-up tables. If it is not assigned any tags, it is
given a feature tag. Again, elements of one character length are only given
feature tags.

3. Features only (F)
Single address elements are only given feature tags and look-up tables are
not used. Any sequence the greedy matching algorithm finds of length two
or more elements is assigned a tag from the look-up tables as normal. Unlike
the other two options, elements were not placed into their canonical form,
since there is no look-up table used to check for original forms.

While HMM’s were trained using all three options of smoothing (no smoothing,
absolute discount, and Laplace), no smoothing was not tested as it is deemed to
be highly inflexible and unable to cope with unseen input data. Laplace smooth-
ing was tested, but not analysed extensively as initial tests showed a quite poor
performance. All results, unless specified, are therefore assumed to be from a
HMM with absolute discount smoothing applied. Comparison test were also per-
formed using the supervised Febrl address standardiser [6, 8].

Records were judged to be accurately standardised if all elements of an input
address string were placed into the correct output fields. It was not appropriate
to check for correct canonical correction, since feature based tagging will not
transform any words. Addresses not fully correct were judged on an individual
basis for level of correctness, either ‘close’ or ‘not close’, depending upon the
criticality of the error. For example, numbers being classified as number last

instead of number first were considered ‘close’, whereas street types being
judged localities are considered ‘not close’. A second measure of accuracy, called
‘could be accuracy’, was used to show the level of accuracy of the HMM when
including ‘close’ (but incorrectly standardised) records as correct.

In many data sets the majority of input addresses are of fairly simple struc-
ture. We therefore counted the frequency of the following three sequences and
included their numbers (labelled as ‘Easy addresses’ ) in Table 3.

(number first,number last,street name,street type,locality name,postcode)

(number first,street name,street type,locality name,postcode)

(street name,street type,locality name,postcode)

As expected, the data set with unusual addresses contained much less easy ad-
dresses, while for the other two data sets around 90% were easy addresses.

Performance was averaged over 10 runs of the system for each category of
execution. All standardisation runs were performed on a moderately loaded Intel
Pentium M Centrino 2.0 GHz with 512 MBytes of RAM.
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Table 3. Experimental accuracy and standardisation timing results on three test data
sets using absolute discount HMM smoothing. See text for discussion what easy ad-

dresses are

Midwives Nursing homes Unusual

Total number of addresses 500 600 150
Easy addresses (F&LT) 446 542 31
Easy addresses (LT) 438 538 27
Easy addresses (F) 445 542 31
Easy addresses Febrl 410 529 22

Accuracy (F&LT) 97.40% 96.67% 92.67%
Accuracy (LT) 95.40% 98.50% 72.67%
Accuracy (F) 96.60% 92.67% 79.33%
Accuracy Febrl 96.80% 96.00% 96.00%

‘Could be’ accuracy (F&LT) 98.00% 97.80% 94.67%
‘Could be’ accuracy (LT) 97.40% 98.50% 80.00%
‘Could be’ accuracy (F) 97.00% 96.50% 80.67%
‘Could be’ accuracy Febrl 97.60% 98.30% 96.00%

Milli-seconds per record (F&LT) 92 445 720
Milli-seconds per record (LT) 11 18 37
Milli-seconds per record (F) 6 7 7
Milli-seconds per record Febrl 7 9 10

5.1 Discussion

As can be seen by the difference between actual accuracy and ‘could be’ accuracy
in Table 3, not only is the accuracy of the new system quite high, especially when
using the (F&LT) variation, but quite a large number of the incorrect records
were only marginally incorrect in non-critical parts of an address. Perhaps half
of the remaining errors were caused by a known deficiency in the greedy tagging
system, which has to do with the value ‘st’ being a known abbreviation both
for ‘Saint’ and ‘Street’. Most remaining errors were examined in depth, but in
general it was impossible even for a human to determine the exact correct output.
Accuracy using our automatically trained system versus a manually trained Febrl

HMM is equal to or better than in all cases tested. Quite surprisingly, accuracy
using the (F) HMM was quite comparable to the (LT) based HMM.

Also, the Febrl address HMM failed on almost all non NSW addresses given,
due to them generally being outside the scope of its look-up tables, thus the
tagging was ineffective. However the (F&LT) and (F) HMM’s both success-
fully standardised most non NSW addresses by using the feature information
where the look-up tables came up blank. This has promising possibilities for
using the HMM to standardise addresses outside the domain of G-NAF without
any retraining necessary. There are also possible applications where licensing or
other reasons are non permissive for distribution of the G-NAF national address
database and corresponding look-up tables generated.
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Timing performance using the (F&LT) HMM is relatively poor due to the
large number of possible combinations of tag sequences, however still quite ac-
ceptable, especially since accuracy is generally more highly valued than time
taken, and the fact that addresses can be easily standardised in parallel.

6 Outlook and Future Work

In this paper we have presented an automated approach to address cleaning and
standardisation based on national postal address guidelines and a comprehensive
national address database (G-NAF), and using a probabilistic hidden Markov
model (HMM) which can be trained without manual interaction. Standardising
addresses is not only an important first step before address data can be loaded
into databases or data warehouses, or be used for data mining, but it is also
necessary before address data can be linked or integrated with other data.

There are still various improvements possible to our system. Currently corner
addresses are implicitly supported, but explicitly creating HMM states such as
a second street name and type is a more complete solution. Characters such as
dash, brackets, commas, etc. are currently processed in the cleaning step, but
handling them in the HMM could improve accuracy. Other minor improvements
include training the HMM using corrected G-NAF data, and ways to minimise
the number and size of manual tweaks to the HMM. The look-up tables contain
some common typographical error correction data, drawn from manually created
lists. It should be possible to build far more comprehensive lists automatically by
matching between the G-NAF address data and correctly standardised example
addresses, in order to find typographical variations.

Each distinct tag sequence given to the HMM will always have the same
output states and Viterbi probability. This can be used to advantage by caching

the set of input tags and the resulting probability during execution. Since up
to 90% of addresses in some data sets have the same output fields, it is highly
likely that there will be a considerable number of addresses with the same tag
sequence. These redundant calculations can be eliminated by checking the tag
sequence against a cache of sequences. If found in the cache, directly return the
probability, otherwise the sequence will be run through the HMM and the result-
ing probability and input tags will be added to the cache. Using the (F&LT)
variation, addresses can have dozens of possible tag sequences, thus the caching
of results should give considerable performance improvements.

While developed with and using Australian address data, our approach can
easily be modified to other countries, or even other domains (for examples names,
medical data, etc.) as long as standardisation guidelines and a comprehensive
database with standardised records are available.

Acknowledgements

This work is supported by an Australian Research Council (ARC) Linkage Grant
LP0453463 and partially funded by the NSW Department of Health.

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
66



References

1. Adelberg, B: Nodose: a tool for semi-automatically extracting structured and
semistructured data from text documents. In proceedings of ACM SIGMOD In-
ternational Conference on Management of Data, New York, pp. 283–294, 1998.

2. Agichtein, E. and Ganti, V.: Mining reference tables for automatic text segmenta-
tion. In proceedings of the ACM SIGKDD’04, Seattle, pp. 20–29, August 2004.

3. Bikel, D.M., Miller, S., Schwartz, R. and Weischedel, R.: Nymble: a high-
performance learning name-finder. In proceedings of ANLP-97, Haverfordwest,
Wales, UK, Association for Neuro-Linguistic Programming, pp. 194–201, 1997.

4. Borkar, V., Deshmukh, K. and Sarawagi, S.: Automatic segmentation of text into
structured records. In proceedings of the 2001 ACM SIGMOD international con-
ference on Management of data, Santa Barbara, California, 2001.

5. Califf, M.E. and Mooney, R.J.: Relational learning of pattern-match rules for in-
formation extraction. In proceedings of the Sixteenth National Conference on Ar-
tificial Intelligence (AAAI-99), Menlo Park, CA, pp. 328–334, 1999.

6. Christen, P., Churches, T. and Hegland, M.: A Parallel Open Source Data Linkage
System. Proceedings of the 8th PAKDD’04 (Pacific-Asia Conference on Knowledge
Discovery and Data Mining), Sydney. Springer LNAI-3056, pp. 638–647, May 2004.

7. Christen, P., Churches, T. and Willmore, A.: A Probabilistic Geocoding System
based on a National Address File. Proceedings of the 3rd Australasian Data Mining
Conference, Cairns, December 2004.

8. Churches, T., Christen, P., Lim, K. and Zhu, J.X.: Preparation of name and ad-
dress data for record linkage using hidden Markov models. BioMed Central Med-
ical Informatics and Decision Making 2002, 2:9, Dec. 2002. Available online at:
http://www.biomedcentral.com/1472-6947/2/9/

9. Freitag, D. and McCallum, A.: Information extraction using HMMs and shrink-
age. In papers from the AAAI-99 Workshop on Machine Learning for Information
Extraction, Menlo Park, CA, pp. 31–36, 1999.

10. Gill, L: Methods for Automatic Record Matching and Linking and their use in
National Statistics. National Statistics Methodology Series No. 25, London 2001.

11. Han, J. and Kamber, M.: Data Mining: Concepts and Techniques. Morgan Kauf-
mann, 2000.

12. AutoStan and AutoMatch, User’s Manuals. MatchWare Technologies, 1998.
13. Paull, D.L.: A geocoded National Address File for Australia: The G-NAF What,

Why, Who and When? PSMA Australia Limited, Griffith, ACT, Australia, 2003.
Available online at: http://www.g-naf.com.au/

14. Paull, D.L. and Marwick, B.: Understanding G-NAF. Proceedings of SSC’2005
(Spatial Intelligence, Innovation and Praxis), Spatial Sciences Institute, Mel-
bourne, September 2005.

15. Rabiner, L.R.: A Tutorial on Hidden Markov Models and Selected Applications in
Speech Recognition. Proceedings of the IEEE, vol. 77, no. 2, Feb. 1989.

16. Rahm, E. and Do, H.H.: Data Cleaning: Problems and Current Approaches. IEEE
Data Engineering Bulletin, 2000.

17. Seymore, K., McCallum, A. and Rosenfeld, R.: Learning Hidden Markov Model
Structure for Information Extraction. In proceedings of AAAI-99, workshop on
Machine Learning for Information Extraction, 1999.

18. Soderland, S: Learning information extraction rules for semi-structured and free
text. Machine Learning, vol. 34, no. 1–3, pp. 233–272, February 1999.

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
67





���������	��
����������������������������� �!�����#"$���	����% ���'&)(*��������
)�,+

-/.�021436587�3:9;56<4=?>:@BADCE9GFHAJILK02.'M�0N5:OQP40R=?>:S*.'TVUW9GFXP6=?>69G5:AJ-/.�0ZY[3:9G5]\_^:9;Ta`
b$c�dfegeghHifh�d'jkc�d'l,m[n;oqpsraiat4uvhHd'wqi'psxzy{r[|}oqp~oqn;oqhEd'jk�_hX�Q�ar[dfegd'i'�?t[�	oqesx�rGo�x�uE��ta���;�

�����f���;�������}�f�f�G�'���G�_�}�f�?�H�4���'�[���?�������G�'���;���k�{���f�
  �;���[d?d'e¡d�j¢c�dfl,m[n;oqhXwBx'r[£�y�rajZd�wql�x�oqpgdfr$�;�HpghHra�Hh
�vraps¤fhXwq|¥p~o{��d'jk�Gdfn;oq��¦na|}o¥w�x'egpsx;t4�¦n[|}o¥w�x�egpNx
�G�G§�¨f�;���k�ª©f�;���f�?��«_�ª���;§�«f���{�'�f�k�}���

¬��®H¯H°�±4²'¯f³ �?o¥wqh�x'l!£[x�o�x/x'r4x�e~�a|¥pg|´£ap~µ6hXwq|$|¥pgi'r[p~¶4��x�r?oqeg�·jNwqdfl!o¥w�x'£ap~oqpgdfr4x�e
£ax�o�xVm;wqd?�HhH|¥|¥pgr[i;¸��_dm;wqd?�HhH|¥|�oq�[h,£ax�o�xVd'r[egpgr[hzoq�ah,x'egifd�wqp~oq�[l¹�4x�|�oqd�º�d�wq»
pgr]dfrah�m[x'|¥|Ht*pgr[�Hd�wqmDd'w�x�oqpsrai¼rahXº½£ax�o�x$pgr?oqd¼x$l,dG£;hHe�l�x�psr?o�x�psrah�£8pgr8l�x'pgr
l,hHl,d�w¥�?¸¡c�x�oqhHi'd'wqpg��x�e�|}o¥wqh�x'l¾�Xesna|}oqhXwqpgr[i$pg|�hH|¥mDhH�Hpsx�ese~�J£ap~¿,�Hnae~oLÀDhX��x'na|¥h,d'j
oq�ah�esx��Q»¼d'j�d'w�£;hXw�x'r4£ÂÁ��Hegdf|¥hHrahH|¥|¥Ã´mawqdfmDhQw¥oqpshX|H¸�Ä)h,m;wqdfmDdf|¥h�x$£ap~µ6hXwqhXrGoqpsx�e
��x�oqhHifd�wqpg��x'e¢|}o¥wqh�x'l¾l,pgr[pgrai�x�egifd'wqp~oq�al¹x'r4£¼£ahHl,d'r[|}o¥w�x�oqhLoq�[hXpgwEifd?dG£)x��H�HnaÅ
w�x��X��x'r[£,jZx'|}o	|¥mDhXh�£�d'r�|}�ar?oq�ahXoqpg�vx�r4£zwqh�x'eD�Hx�oqhHi'd'wqpg��x'e¡£[x�o�x;¸;�Æl�x�Ç}d'w�|}oqhHm
d�j�oq�[hvx'egifd�wqpgoq�al½pg|,Á}£[x�o�x��Hd'l,mawqhH|¥|¥pgdfraÃatapR¸ h'¸;oqdL|}oqd'wqh�x�l,dG£ahHeDd�w�|}�aradfma|¥ps|
d�j�m;wqd?�HhH|¥|¥h�£È£[x�o�x,psroq�ah�l,hHl,d'w¥�?¸;Ä)h�mawqd'mDdf|¥h�|¥hH¤�hXw�x�e*£[x�o�xz�Hdfl,m;wqhH|¥|¥pgdfr
|¥���[hHl,hX|¢oq�4x�o��Hx'r�hX¿,�HpghHr?oqe~�,i'hHr[hXw�x�oqh¦�Xdfl,m4x��Xo�wqhXmawqhH|¥hHr?o�x�oqpsd'r[|¢d'j¡d'wqpgifpgr4x�e
£ax�o�x;tG|¥d�x�|�oqd�hHr4x�À[egh¦oq�ah¦x�egifd'wqp~oq�alÉoqd�mawqd?�HhH|¥|�|}o¥wqh�x'l,|�x�o��apgif��|¥mDhHh�£�x'r[£
£;hXoqhH�Xo�oq�[hv�Q�[x'r[i'hH|�pgrn[r[£ahXwqe~�;pgr[iz£ax�o�xG¸

Ê8ËaÌ�Í�Î:Ï?Ð�Ñ;Ò*Ó[ÔXFQ.f9GK)>:M�Õ23:O�ÔQ.'FQ0256<:>6M'9?ÔX.�<;TaFQ0ZM�9;Õ�>4AD0NÖ_.'FQ.'5[ÔQ0Z9GÕ{>6M�T;K×6FX.'OXOQ0NTa5¼OXMH^6.�K.'O

Ø Ù[ÚBÛDÜ6Ý�ÞLß�à_Û6áqÝBÚ
Ó[ÔQFX.'9;KÉA69GÔX9�0ZO*â_.'M�T;K0256<L9�5:.�CÆ9G5:Az02K×¡TaF�ÔH9G5[ÔkÔq14×_.�TGã:A:9?ÔX9�O�Ta36FXM�.;ä�å A69?ÔH9�O�ÔQFX.'9GK
02O�9´OQ.'Y[36.'5:M�.�TGãBA69GÔX9È×_T;025[ÔXOLC�^60ZMH^]3:OQ3:9GÕ2ÕN18M'9G5]Ta56ÕN1)â_.�FX.'9aA)T;5:M�.�9;5:A]ADT4.'OL56T;Ô
O�36×:×¡TaF�Ô�FH9G5:A6T;Kæ9aM�M�.fOQO'ä*@	ç69;KV×:ÕN.fO,9GFX.�ÔX^6.ÈTaâ:O�.'FQè?9GÔQ02T;5:O�â41éAD0ZO�ÔQFX0Nâ636ÔQ.'AÆOQ.�5¡O�TaFXO'>
O�.fM�36FX0sÔq1¼9GÕZ9GFXK¾ÕNTa<aO'>69G5:A¼.�èa.�5[ÔXOE025)Õ29;FQ<a.�ê¥OQM'9GÕ2.LOXM�02.�5[ÔQ0Në¡MzM�TaKV×:3DÔX9GÔQ02T;5:O'ä
ìkFH9;AD0NÔQ02T;5¡9GÕ¦A:9?ÔX9WM�Õ23:OqÔX.�FX0N5:<]ÔQ.'5:A6O�ÔQT/<;.�ÔV98KTDAD.�ÕvãíFXT;K!ÔQ^:.´C�^6TaÕN.JA69?ÔH9WOQ.�Ô'>

9G5:A·ÔQ^6.)T;FHAD.'F�T;ã�ÔQ^6.8A69GÔX9é×¡Ta0N5[ÔHO�0ZOTGãRÔX.�5 56TGÔ$FX.�Õ2.�è?9G5[Ô'ä�7�T?Cv.�èa.�Ff>¢C�0NÔQ^ÂO�ÔQFX.'9GK
A69?ÔH96>kCv.ÈT;ãRÔQ.�5îCv9;5aÔ,ÔXTéOQ.�.ÔX^6.´.'è;T;Õ23DÔX0NTa5ÆTGã�KT4A6.�ÕZO�ä�Ó436×6×_TaOQ.ÈÔX^:9?Ô�Cv.ÈCE9G5[Ô�ÔXT
O�.'.�C�0sÔX^]56.'CïA69?ÔH9$M�T;K0256<È025*>_^6T?CÉÔQ^6.VM�Õ23:OqÔX.�FHO�TGã	ÔX^6.�A:9?ÔX9´MH^:9G56<a.;ä6-ð^¡9?ÔL0Nã	ÔQ^:.
A69?ÔH9WM�9;5656T;Ô�ë6Ô0N5·ÔQ^6.JK.�KT;FX1éâ:3DÖ_.'F$9G541�KVTaFQ.¼9?ãRÔQ.'FVOQT;K.´ÔQ02KV.�ñJ-é.J56.'.'A�ÔXT
9;M�M�T;KTDA69?ÔX.$56.�C¹A:9?ÔX98OQT].f9GFXÕN02.�F�A:9?ÔX9]^:9�è;.ÔXT]â¡.¼KT?è;.'A/Ta3DÔ�T;ãEK.'KVTaFQ1aä�Ó4025:M�.
C¦.89GFX.)AD.'9;ÕN0256<�C�0sÔX^ðOqÔXFQ.f9GKòA69GÔX96>	Cv.8M�9;5656TGÔ$FX.�ÔXFQ02.�èa.´ÔX^6TaOQ.).'9GFXÕ20N.'FA:9?ÔX9/ÕZ9?ÔX.�Ff>
9GÕNÔQ^6Ta36<;^�ÔX^6.´M�Õ23:O�ÔQ.'FQ0256<W9;ÕN<aT;FX0sÔX^6Kæ56.'.'A6O�ÔQ^6.'K)ä�åóOqÔXFQ.f9GKæ×:FQTDM�.fOQOQ0256<]9GÕ2<;TaFQ0NÔQ^6K
56.�.fA6O¦ÔQT9;A6ADFX.'OXOBÔQ^60ZOv×6FQTaâ6Õ2.�K)äaô}Ô�^:9aO�ÔXTVM�T;K×6FX.'OXO�ÔX^6.�T;ÕZA´A69GÔX9�0N5JO�TaKV.LCv9�1$9;5:A
P;.�.'×´ÔX^6.�M�TaK×6FQ.fOQOQ.'AÈãíT;FXK$9?Ô�025¼K.�KTaFQ1aä
@�è;.'5é0NãEC¦.$CE9G5[ÔzÔQT)ãíTDM�3¡O,T;5Éõ�FX.'M�.�5[Ô�A69?ÔH9;ö6>�TaF,FX9GÔQ^6.'F'>�ÔX^6.ÈA69GÔX9Jãª9GÕ2Õ20N56<)025Æ9

õQM�3:FQFX.�5[Ô,C�0N5¡ADT?C�ö¼ãíFQTaK÷OQT;K.×¡Ta0N5[Ô�TGãvÔQ02K.È025éÔX^6.È×:9aOqÔ,365[ÔX0NÕBÔQ^6.ÈM�36FQFX.�5[ÔzÔQ02K.;>
ø ���[pg|�wqhH|¥h�x�wq�Q�¼�4x'|�ÀDhHhXr¼m[x�w¥oqpsx'ege~�J|¥nam[mDd�w¥oqh�£´À?�Èùvx�oqpgdfr[x'e��;�HpghHra�Hh,ú[d'n[r4£ax�oqpgdfr)u¦w�x'r?o
c	c�ûBÅ�üGý�þGýHÿ����;¸

simeon
S. J. Simoff, G. J. Williams, J. Galloway and I. Kolyshkina (eds).  Proceedings of the 4th Australasian Data Mining Conference – AusDM05, 5 – 6th, December, 2005, Sydney, Australia,



9;OO�^:T?C�5·0N5 ë:<a36FQ.��;>�0NÔV0ZO$O�ÔQ02ÕNÕE×_TaOXO�02â6Õ2.´ÔX^:9?ÔÔQ^:. õXM�36FXFX.�5[Ô�C�025:ADT?C�öW02O�ÔQT4T/â602<
ãíT;F�ÔX^6.Jâ63DÖ�.�Ffä¢-ð^:9GÔ�� O�KTaFQ.a>k0Nã�ÔQ^6T[O�. õ�C�025:ADT?C�OXö89GFX.ÈT?è;.'FQÕZ9G×:×60N5:<:>kM�T;K×6FX.'OXO�02T;5
K9�1�â¡.LKT;FX.�3:O�.�ãí36Õ¡OQ025:M�.�0NÔ¦C�02Õ2Õ¡OX9�è;.vÔQ^6.L.�Ö�T;FQÔ�TGã�×6FXTDM�.'OXOQ0N56<zÔX^6.�T?èa.�FXÕ29;×6×¡.fA�×¡9GFQÔ
FQ.'×¡.f9?ÔQ.fADÕ21;ä¢Ó43:×6×¡T[O�.ÔX^:9?Ô,ÔX^6.·õXM�36FXFQ.'5[ÔzC�025:ADT?C�ö)OQÕN0ZAD.fO,T;5/ÔQ^:.ÈA69?ÔH98OqÔXFQ.f9GKæ9;5:A
.'9;MH^/OqÔX.�×�0NÔzKT?èa.'O�02O,M'9GÕ2ÕN.fAW9 õQA60sÖ�.�FX.�5[ÔQ0Z9GÕ�365:0sÔHö6ä��:T;Fz.�ç69GK×6Õ2.;>�025/×6FX9aM�ÔX02M�.;>�ÔQ^:.
M�36FXFQ.'5[ÔEC�025:ADT?CÉM�Ta36Õ2A¼â_.zë:è;.,^6Ta36FHO¦Õ2T;5:<9;5:AJ.'9aMH^¼AD0NÖ_.'FQ.'5[ÔQ0Z9GÕ*365:0sÔ�M�T;36ÕZA´â_.,T;5:.
^6T;36Ffä*@�èa.�FX1]^6Ta36F,C¦.$CE9G5[ÔzÔQT8TaâDÔX9;0N5éÔQ^:.´M�Õ23:O�ÔQ.�FX0256<)FQ.fO�36ÕNÔ,ãíT;FzÔX^6.ÈÕZ9;O�Ô��J^6T;36FHO'ä
-ð0sÔX^6T;3DÔ$M�TaK×6FQ.fOQOQ02T;5ÆCv.¼M�9;5·^:9�èa.$ÔQTé×6FQTDM�.'OXO,ÔQ^:.¼T?èa.�FXÕ29;×6×¡.fAÆA69?ÔH98FX.�×_.'9?ÔX.'ADÕ21;>
C�^602MH^80ZO�Taâ4è[02T;3¡O�Õ21È.�çD×_.�5:OQ02è;.;>¡9G5:A)0Nã�ÔQ^6.��V^6T;36F	� O�A69?ÔH9$M�9;5656TGÔ�ë6Ô�0258KV.'KT;FX1´Cv.
9GFX.�025¼ÔQFXT;36â6Õ2.;ä
å�5�9;ÕN<aT;FX0sÔX^6KÉÔQ^:9GÔ�M'9G5�×:FQTDM�.fOQO�A69GÔX9�025:M�FQ.'KV.'5[ÔX9GÕ2Õ21z9;5:A�A6.'M�FX.�K.'5aÔH9GÕ2ÕN1z0ZO¢M'9GÕ2ÕN.fA

9ÆõQAD0NÖ�.�FX.�5[ÔQ0Z9GÕ�9GÕ2<;T;FX0NÔQ^6K$ö6ä:ô}ÔL56T;Ô�T;56Õ21)M�9G58×:FQTDM�.fOQO�ÔQ^6.�A69?ÔH9$è;.'FQ1J.�
ÈM�02.�5[ÔXÕN1a>:â63DÔ
9GÕZO�T�M�9;5z.�ç4ÔQFH9;M�Ô*KVTDAD.'Õ2O*ãíFQTaK�M�36FQFX.�5[Ô*A69GÔX96>'9G5:AzM�TaK×:9GFX.�ÔQ^6.	KTDAD.'Õ2O*ãíFQTaK�AD0NÖ_.'FQ.'5[Ô
ÔQ02KV.,025[ÔQ.'FQè?9GÕZOE025JTaFXA6.�FvÔQT$AD0ZOQM�T?è;.'F¦ÔX^6.,365:A6.�FXÕN140256<$MH^:9G56<a.'O'ä

current window

buffer

... ...

now

data stream

Differential
unit

���� ³��[³�� x�o�x�|}o¥wqhHx'lta�Hnaw¥wqhHr?o	º�pgr4£;d�º x�r4££;p~µ6hXwqhHr?oqpsx'e:n[r[p~o

å�ÕNÔQ^6Ta36<;^025ÔQ^6.�FX.'9;Õ6CvT;FXÕ2AVKTaO�Ô�TGã�ÔQ^:.�A69?ÔH9,O�.�ÔXO�M�T;5[ÔX9;0N5$M'9?ÔQ.'<;TaFQ0ZM�9;Õ4ãí.'9?ÔX36FX.'O'>
ÔQ^6.'FQ.�02OvÕ2.'OXOBFX.�ÕZ9?ÔX.'A$CvT;FXPT;5´M�ÕN3¡OqÔX.�FX0N56<M�9GÔQ.'<;T;FX0ZM�9GÕ¡A69?ÔH9�ÔX^:9G5¼T;5È5436K.�FX0ZM�9GÕ�A69GÔX96ä
7�T?Cv.�è;.'F�0N58FX.'9;Õ*Õ20sãí.�9;×6×6Õ202M'9?ÔX0NTa5:O�>:K9;541¼A69GÔX9Vãí.'9GÔQ36FX.'OL9GFX.,M�9?ÔX.�<aT;FX02M'9GÕ�â41´5:9GÔQ36FX.;>
O�3:MH^Æ9aOz56.�ÔqCvT;FXP]×6FXTGÔXT4M�T;ÕZO��?^6TaO�Ô�A6T;K$9G025:O��fÔq14×¡.fOzTGã�9;M'M�.'OXOQ.'AWë:ÕN.fO,025/5:.�ÔqCvT;FXPW9;M�ê
M�.'OXOvÕNTa<aO'>[9;5:A´M�T;Õ2T;F��?OQ^:9G×_.�T;ãkT;â��q.fM�ÔHO¦025¼OXM�02.�5[ÔX0së¡M�Taâ:O�.'FQè?9GÔQ02T;5:O'äaìE^6.zM�Õ23:O�ÔQ.'FQ0256<VTGã
M�9?ÔX.�<aT;FX02M'9GÕ�OqÔXFQ.f9GK0N5:<VA69GÔX9V0ZOE.�è;.'5´Õ2.'OXO�OqÔX3:AD02.'A�ä:-é.,9;A:ADFQ.fOQO¦ÔX^6.�M�9GÔQ.�<aT;FX02M'9GÕ_A69?ÔH9
M�Õ23:OqÔX.�FX0N5:<È9GÕ2<;T;FX0NÔQ^6Kó0N58ÔX^60ZO�×:9;×¡.'FL9G5¡A)3:O�.�ÔQ^60ZO�9aO�9VÔQT4TaÕ*ÔQT¼OqÔX3:AD1¼ÔQ^6.�.�è;TaÕN36ÔQ02T;5
TGã	M�9?ÔX.�<aT;FX02M'9GÕ�A69?ÔH96ä
ìE^602O�×:9G×_.�F�0ZO�TaFQ<[9G560���.fA´9aOEãíT;Õ2ÕNT?C�O��60258O�.fM�ÔQ02T;5��6>6Cv.,FQ.'è[02.�C�ÔQ^:.,FQ.'Õ29GÔQ.'AJCvT;FXP�ä

ô¥5OQ.'M�ÔQ02T;5���C¦.�A602OXM�3:OXO�T;3:FBAD0NÖ_.'FQ.'5aÔX029;Õ6M�Õ23:O�ÔQ.�FX0256<�9GÕ2<;TaFQ0NÔQ^6K)äGìE^6.'5C¦.E×6FX.'OQ.�5[Ô	ÔQ^:.
AD.�ÔH9G02Õ2O,T;ã�T;36F�M�T;K×6FX.'OXO�02T;5�OXMH^6.�K.'O�0N5ÆOQ.'M�ÔX0NTa5! :ä*ô¥5·OQ.'M�ÔQ02T;5"�JCv.$×6FQT?è40ZAD.ÈOQT;K.
.�çD×¡.'FQ02K.�5[ÔX9;Õ6FX.'OQ36ÕsÔHO�ä[Ó4.'M�ÔQ02T;5$#z0ZO�ãí3DÔQ3:FQ.�CvT;FXP�9;5:AO�.fM�ÔX0NTa5$%�M�T;5:M�ÕN3¡AD.'O�ÔX^6.�×:9;×¡.'F'ä

& ')(�*,+¢Û�(kÞ.- Ý�Ü�/
U8T;FX.�9G5:AVKT;FX.�9?ÔQÔQ.'5aÔX0NTa5^:9;OBâ¡.'.�5$×:9;02A�ÔQT�OqÔXFQ.f9GK A69GÔX9z×6FXTDM�.fOQOQ0N5:<$0 #:>1%4>��2 43}>GOQ3:MH^
9;O�M�Õ23:OqÔX.�FX0N5:<506�7�23{>fK$9G025aÔH9G02560256<�^60ZO�ÔQT;<aFX9;K$O806��9�3}>?9G×6×:FQT�çD02K9GÔQ0256<�M�.�FQÔX9G025�Y[36.'FQ02.'O:0 #43{>
T;F�â63602ÕZAD0N5:<ÈAD.'M�02OQ0NTa5´ÔXFQ.'.'O;0<%4>��� 43*02589VO�ÔQFX.'9;K¹.�54è402FQTa56K.�5[Ô'ä
-éTaFQP8^:9aOzâ¡.'.�5ÆADTa56.ÔQT8M�Õ23:O�ÔQ.'F�A69?ÔH9¼025:M�FQ.'KV.'5[ÔX9GÕ2Õ21]0N5�Ta56.×:9;OXO�0 �6>>=�3}>�C�^60ZMH^

02O�0ZAD.'9;Õ¢025WÔX^6.A69?ÔH9´O�ÔQFX.'9GK .'54è[02FXT;56K.�5[Ôfä�IL56.�ê{×¡9;OXO�9GÕ2<;TaFQ0NÔQ^:KO�TGãRÔX.�5�OqÔXT;FX.�OQT;K.
KVTDAD.'ÕE0N5DãíTaFQK$9GÔQ02T;5·ÔXTWFX.�×6FX.'OQ.�5[ÔV×6FQTDM�.'OXO�.fA·A69?ÔH9W×_T;025[ÔXO�T;FVÔQ^:.�02F�KTDAD.�ÕZO'ä�ô¥5 ÔQ^:.

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
70



M�9;OQ.´T;ã�5436K.�FX02M'9GÕvA69?ÔH96>�×¡.'T;×6Õ2.J3:O�. õ�FX.�×6FX.'OQ.�5[ÔH9?ÔQ02è;.$×_T;025[ÔXOXö 06�	��3 � 9WOQ.�ÔTGã�Cv.�Õ2ÕNê
OQM'9?Ô�ÔX.�FX.'A ×¡Ta0N5[ÔXOJ025�.f9;MH^ M�ÕN3¡OqÔX.�FJÔQ^:9GÔ]M�T;3:Õ2A�M�9G×6ÔQ36FX.WÔX^6.�O�^:9;×¡.�9G5¡A .�ç[ÔX.�5[Ô)TGã
ÔQ^6.]M�ÕN3:O�ÔQ.'F��VTaFÆõQOQ3�
ÈM�02.�5[Ô´O�ÔX9?ÔX02O�ÔQ0ZM�OXö)0 ��3 � OQ36K$O$TaF$KV.f9G5ÂTGã�ÔQ^:.]×¡Ta0N5[ÔHO$0N5Â.f9;MH^
M�Õ23:OqÔX.�Ff>vOQ36K$OJTGã�OXY[3:9GFX.'O´TGã�ÔX^6.é×_T;025[ÔXO¼0N5�.'9aMH^ M�Õ23:O�ÔQ.�Ff>EOqÔH9G5:A69;FXA AD.�è40Z9?ÔQ02T;5 TGã
.'9;MH^ÂAD02K.�5:OQ0NTa5*>�M�9;FXA60N5:9;ÕN0NÔq1ÆTGãLÔQ^6.]M�ÕN3¡OqÔX.�Ff>�9G5:A O�T/ãíTaF�ÔX^��V9;O$9�O�1456Ta×:OQ02OVTGã�ÔQ^:.
A69?ÔH96äaÓ402K0NÕZ9GF¦K.'MH^:9;5602OQK 0ZO	56.'.'AD.fAVãíT;F�^¡9G5:ADÕ20256<�M�9GÔQ.'<;T;FX0ZM�9GÕDA69GÔX9:>;9G5:ACv.�3:OQ.�T;3:F
õQM�TaK×6FQ.fOQOQ02T;5¼OXMH^6.'KV.fOQö�ãíT;FEÔX^60ZOEÔX9aO�P � O�.'.,O�.fM�ÔQ02T;5  ���ä
Ó4T;K.	56T?èa.�Õ;M'9?ÔQ.'<;TaFQ0ZM�9;Õ�M�ÕN3¡OqÔX.�FX0N56<�9;ÕN<aT;FX0sÔX^6K$O�^:9�èa.�â_.�.'5�×6FXT;×_TaOQ.'A50  ¡>>�43{ä�7�3:9G5:<

0 �	��3¢×:FQ.fO�.'5aÔX.'A)ÔX^6.�P[ê}KT4A6.'O�9GÕ2<;T;FX0NÔQ^6K)>¡9;58.�ç4ÔQ.'5:OQ0NTa58ÔQT´ÔQ^6.�C¦.'ÕNÕNê{P456T?C�58P[ê}K.'9G5¡O
9GÕ2<;T;FX0NÔQ^6K)ä?ìE^6.���I,I�S��vå	ì 0  73:9GÕ2<;T;FX0NÔQ^6K 0ZO	9G5V.�5[ÔQFXT;×41[ê{â¡9;OQ.'A�9;ÕN<aT;FX0sÔX^6K)äfô}Ô�025:M�FQ.�ê
KV.'5[ÔX9GÕ2Õ21¼×636ÔXO�ÔQ^6.�5:.�ç4ÔL×_T;025[Ô�0N5[ÔXTÈT;56.�TGã	ÔQ^:.�.�çD0ZOqÔX0N56<¼M�Õ23:OqÔX.�FHO�C�^6.'FQ.zÔX^6.�T?èa.�FH9GÕ2Õ
.�çD×¡.fM�ÔX.'AJ.�5[ÔQFXT;×41$T;ã�M�ÕN3:O�ÔQ.'FXO�M'9G5Jâ¡.,K025602KV0���.fA�ä

	�.'M�.�5[ÔQÕ21¼KTaFQ.�9;5:A)KT;FX.�9?ÔQÔQ.'5aÔX0NTa58^:9;O�â¡.'.�5]×:3DÔLTa58KV02560256<ÈÔX^6.�.'è;T;Õ23DÔX0NTa58TGã
ÔQ^6.�A:9?ÔX9 0 �a>>�D>�� %4>2�	� 3}ä7�:T;F�.�çD9;K×6ÕN.a>aå�<;<a9;FQCE9GÕ 06��3_3:O�.fO	è;.'ÕNTDM�0sÔq1VAD.�5:OQ0NÔq1�.fOqÔX0NK$9?ÔX0NTa5
M�T;5¡M�.�×6ÔÈÔQT·AD0Z9G<a56TaOQ.)ÔQ^:.WMH^:9G5:<;.'O025 9G5ð.'è;TaÕNè40256<ÆOqÔXFQ.f9GK)ä¦Ó4TaKV.WTGÔQ^:.�FÈFX.'OQ.'9;FXMH^
0 ��%	3�3:OQ.'O�9;5�.�5:OQ.�K�â6ÕN.$K.�ÔQ^6TDAéÔQT]AD.�ÔQ.fM�Ô�M�T;5:M�.�×DÔ�ADFX0NãRÔ'äk7�T?C¦.'è;.�Ff>�O�02K0NÕZ9GF�ÔQT)ÔQ^:.
OqÔXFQ.f9GK M�ÕN3¡OqÔX.�FX0N56<z×6FXT;â:ÕN.'KJ>;K�3:MH^$FX.'OQ.'9;FXMH^�C¦TaFQP,ãíTDM�3:O�.fO	T;55436K.�FX0ZM�9GÕ¡A69?ÔH96>GC�^602Õ2.
ÔQ^6.�.'è;TaÕN3DÔX0NTa5¼T;ã�M�9?ÔX.�<aT;FX02M'9GÕ�A69?ÔH9M�Õ23:OqÔX.�FHO�^:9aO�56TGÔ�â_.�.'5)ÔQ^6TaFQTa36<;^:ÕN1´O�ÔQ3¡AD0N.fA�ä�IL3:F
9GÕ2<;T;FX0NÔQ^6K)>�â[1ÆM�ÕN3:O�ÔQ.'FQ0256</M�9?ÔX.�<aT;FX02M'9GÕ¦A:9?ÔX9éOqÔXFQ.f9GK AD0NÖ_.'FQ.'5[ÔQ0Z9GÕ2ÕN1a>�M'9G5·â_.J3:O�.fAÆÔXT
P;.�.'×JO�ÔX9GÔQ.fOETGã	A69?ÔH9VO�ÔQFX.'9;K$O�9G5:AJAD.�ÔX.'M�Ô�ÔQ^6.,.'è;T;Õ23DÔX0NTa5¼T;ãkÔQ^:.�A69?ÔH9VM�ÕN3¡OqÔX.�FHO�ä


 � á� (*Ü�(kÚ¦Û6á + *�� +�Û (���Ý�Ü:áQà + *�� +�Û�+���*Qß��aÛ�(*Ü:áQÚ��
����� ��� Ë��! #"BË[Ï?Ë�$&%' �(*),+-)�.¢Ñ'%'Ë[Ï/ 0$�1324)01_Î:Ï/ 0% ��5
ô¥58T;FHAD.�FEÔXT´M�Õ23:O�ÔQ.�FL9$A69?ÔH9$OqÔXFQ.f9GKóA60sÖ�.�FX.�5[ÔQ0Z9GÕ2Õ21;>:Ta36F�O�ÔQFX.'9GK M�Õ23:O�ÔQ.�FX0256<È9GÕ2<;TaFQ0NÔQ^6K
ãíT;Õ2ÕNT?C�O�ÔQ^6.OqÔX.�×:OL0258ë:<;3:FQ. �6ä_ìE^:.�9GÕ2<;TaFQ0NÔQ^:KóC�02ÕNÕ�K$9GPa.�3:OQ.�T;ãB9ÈFX.�<;3:Õ29;F�M�9GÔQ.�<aT;FQê
02M'9GÕ¦M�ÕN3¡OqÔX.�FX0N56<é9GÕ2<;T;FX0NÔQ^6K76 � 0N5·Ta36F�×¡9G×_.�F�Cv.È3:OQ.$ÔX^6.´P[ê}KVTDAD.fO�9;ÕN<aT;FX0sÔX^6K8��>k9;5:A
K9;0N5[ÔH9G025J9A69GÔX9â63DÖ�.�Ffä
ô¥5�Ta36F�AD0ZOQM�3:OQOQ02T;5*>?Cv.E3:O�.�9�ÔQT�A6.�56T;ÔQ.vÔQ^6.�5436K�â¡.'F	TGã�M�Õ23:O�ÔQ.�FHO'>/:¼9;O�ÔX^6.�5436K�â_.�F

TGã�×¡Ta0N5[ÔXO'><;È9aOEÔQ^:.,5[3:K�â_.�F�T;ã�AD02K.�5:OQ02T;5:O'>>= ?-=69aOvÔQ^6.�M�36FQFX.�5[Ô�C�025:ADT?CÉO�0���.a>>= @A=D9aO
ÔQ^6.�AD0NÖ�.�FX.�5[ÔQ0Z9GÕ�365:0sÔLOQ0���.;>69;5:ACB¾9aO�9$A69?ÔH9O�.�Ô'ä
ìE^6.�ãíTa36F�ÔX^WO�ÔQ.�×k>võXA69?ÔH9ÈM�TaK×6FQ.fOQOQ02T;5:ö:>:OqÔXT;FX.'OL9ÈFX.�×6FX.'OQ.�5[ÔX9GÔQ02T;58T;ãBA69?ÔH9È025]ÔQ^:.

â63DÖ�.�FfäED�0NÖ_.'FQ.'5[Ô$M�T;K×6FX.'OXO�02T;5îKV.�ÔQ^6TDA6O$9;FQ.J9GÕZO�T�M�9;ÕNÕ2.'A õQM�T;K×6FX.'OXO�02T;5·OXMH^6.�K.fOQö:ä
ìE^6.�1�T;5:ÕN1/ÔX9;P;.´9éO�K$9;ÕNÕvMH^[3:56P�TGã�K.�KT;FX1;>�9G5¡AÆ9GFX.´025aÔX.�FHMH^:9G5:<;.'9;â6Õ2.$â[1�AD.fO�02<;5*>
0�ä .;ä2>:C�^6.'5)ÔQ02K.�9G5:A8OQ×:9aM�.�9GÕ2Õ2T?C,>6C¦.�M'9G583:OQ.�9KT;FX.�M�TaK×6ÕN0ZM�9GÔQ.fAJOXMH^6.'KV. � C�^60ZMH^
0NK×6Õ20N.fO�â_.�ÔQÔQ.�Fv9;M'M�36FH9;M�1F��>;9G5¡AC�^6.�5ÔX^6.�O�ÔQFX.'9GK M�TaKV.fO	025È9,â636FHOqÔ�TaF�K.�KT;FX1�FX365:O
O�^6TaF�Ôf>'0NÔ�02O�×_TaOXO�02â6Õ2.�ÔQTzOQC�0sÔHMH^,ÔQTz9�OQ0NK×6Õ2.�F	OXMH^6.�K.aäfìE^60ZOkãí.'9?ÔX36FX.¦0ZOk.fO�×_.'M�029;ÕNÕ21,3:OQ.�ãí36Õ
0N5)×6FH9;M�ÔQ0ZM�9GÕ�O�ÔQFX.'9;K 9G×6×:ÕN0ZM�9GÔQ02T;5:O'ä
ìE^602O,9;ÕN<aT;FX0sÔX^6KæM'9G5�×6FXT4A63:M�.$M�Õ23:O�ÔQ.'FXOz.2
$M�0N.'5[ÔQÕ21;ä*ô}ã�Cv.A6T;5 � Ô�ADT]O�ÔQ.�×"�6>�ÔQ^6.'5

0sÔ	� O�.'OXO�.'5aÔX029;ÕNÕ21¼9;5)0N5:M�FQ.'K.�5[ÔX9;Õk9GÕ2<;TaFQ0NÔQ^6K ÔQ^:9GÔLM�9;58<;.'56.�FH9?ÔX.�KTDAD.'Õ*ãíT;F�ÔQ^6.�C�^:T;Õ2.
A69?ÔH9�OQ.�Ô'äDå�Õ2OQT:>4â41$×¡.'FQ02TDAD0ZM�9GÕ2Õ21O�ÔQTaFQ0256<GB�H¦ÔXT�OQ.'M�T;5:A69;FQ1$O�ÔQTaFX9;<;.;>aC¦.�M�9;5´.'9aO�02Õ21V<aT
â:9;MHP$ÔXT$9�×:FQ.'è[02T;3¡OvÔQ02KV.,×_T;025[Ô�9G5:AJADTãí36FQÔQ^:.�F�9G5¡9GÕ214OQ0ZO�ä
Ó4T;K.�ÔX0NK.fO�>�9WA69GÔX9éO�.�ÔVM�Ta5[ÔX9G025:O�â¡T;ÔQ^ M�9?ÔX.�<aT;FX02M'9GÕB9;5:AÆ5436K.�FX02M'9GÕEA69?ÔH96ä�7�T?C

ÔQT¼M�T;K�â60N5:.,ÔQ^6.fO�.�ÔqC¦TÈÔq1[×_.'OLTGãBA:9?ÔX9È02O�9ÈADTaK9;0N56ê{FX.�ÕZ9?ÔX.'A)×6FXT;â6Õ2.�K)ä¡-é.VM�9G5W3:O�.�9
AD02O�ÔX9;5:M�.vK.�ÔXFQ0ZM�C�^60ZMH^�0ZO�9�Õ20N5:.'9GF�M�TaK�â6025:9GÔQ02T;5�T;ã6ÔQ^6.EAD0ZOqÔH9G5:M�.vM�T;K×63DÔX.'A�T;56Õ21zC�0sÔX^

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
71



ýf¸�ú�pgege4oq�[hBÀ[n;µ6hXw�t?d�w	m[n;o�x�eseDoq�ah¦x�¤'x'pgesx'ÀaeshvmDdfpgr?oq|�pgr,oq�[hBÀ[naµ6hQw�¸G���[h¦|¥hXo�d�j_mDd'psr?oq|�pgr
oq�ahEÀ[n;µ6hXw�pg|���¸

þG¸�c��ad?df|¥h���|}o�x�w¥oqpgr[izmDd'psr?oq|	j2wqd'l���¸
�;¸��Bm[maeg�,oq�ah��Hegn[|}oqhXwqpgrai,x'egifd�wqp~oq�[l��$oqd���x'r4£�ifhHrahXw�x�oqh�x�|¥hQo¦d�j*�Hegn[|}oqhXwq|��
	��f¸
�a¸�c�d'l,mawqhH|¥|�ÉÀ[x'|¥h�£$dfr��
	��ftDifhQoEx,r[hQº wqhHm;wqhH|¥hHr?o�x�oqpgd'r�����d'j¢£[x�o�x���t � hHmDhHr[£apgr[i
d'rVoq�[hv�Hdfl,m;wqhH|¥|¥pgdfr|¥���[hHl,h'tam[x�w¥oBd'j�d'w�oq�[hEhXrGoqp~wqh�Àanaµ6hXw�pg|	j2wqhHhH£:¸

� ¸Eyªj�r[hXh�£ah�£6tGwqhHl,d�¤�hvoq�[h¦wqhHmawqhH|¥hXrGo�x�oqpgdfrd�j*|}o�x'egh�£[x�o�xLj2wqd'l�� � ¸
ÿ;�̧�*nao¦r[hQºð£[x�o�x,mDdfpgr?oq|vpgr?oqdzoq�[h�À[naµ6hQwBj2d'w�x,rahXº����Rp~o¦l�xH�V�Hd'r?o�x'pgrÈ|¥dfl,h�mDdfpgr?oq|
jNwqdfl xmawqpgd�w����Q¸����zpg|�x�es|¥dÈpgr[�Xd'wqmDd'w�x�oqh�£)pgr?oqdoq�[pg|�r[hXº��,¸����[h�l,dG£;hH|�d'j	oq�[h
�Xesna|}oqhXwq|�pgr���	���x�wqh�na|¥h�£Vx�|Boq�ahE|}o�x�w¥oqpgraizmDdfpgr?oq|H¸

 ¸�uvdLoqdz|}oqhHm �Gt[narGoqpge6r[d�r[hXºîmDdfpgr?oq|Bx�wqh�x�¤'x'pgesx'À[eghf¸

�86� ³"!:³ ���[h�£;p~µ6hXwqhHr?oqpsx'e¡x'egifd�wqpgoq�al

M�9?ÔX.�<aT;FX02M'9GÕ*è?9GÕ236.fOL9;5:A8ÔX^6.VA602O�ÔX9;5:M�.VM�T;K×636ÔQ.'AWT;56Õ21)3:OQ0N56<¼5436K.�FX02M'9GÕ�è�9;ÕN3:.'O50 �	��3}>
T;FvÔQT$M�Ta54è;.�FQÔvÔQ^6.z5436K.�FX02M'9GÕ�è?9GÕ236.'OEâ41´A602OXM�FX.�ÔX06�'0N56<�ÔQ^:.�Kó9aM�M�T;FHAD0N5:<�ÔQT$OQT;K.zFQ3:ÕN.fO
9G5:AéÔQT8M�T;5:OQ02A6.�FzÔQ^:.ÈM�T;54èa.�FQÔQ.'Aéè?9GÕ236.'O,9aO,M�9GÔQ.�<aT;FX02M'9GÕ�T;5:.'O'ä$#�FXT?è[0ZAD.fA8ÔQ^¡9?Ô�Cv.A6T
56TGÔ�^:9�èa.LK�3:MH^JP[5:T?C�ÕN.fAD<;.,9Gâ_T;36ÔvÔX^6.�A69GÔX9O�.�Ô�0sÔHO�.'Õsãq>:C¦.�ãª9�è;TaFvÔQ^6.,ÕZ9?ÔQÔQ.�F�K.�ÔQ^6TDA�ä
ô}ã�OQT;K.�TGã�ÔX^6.�M�Õ23:O�ÔQ.�FHO	â_.'M�T;K.�.�K×DÔq1AD36.EÔXT,ÔQ^6.�FX.�KT?è?9GÕDT;ã�×¡Ta0N5[ÔXO'>GCv.�MH^6T4TaOQ.

9ÆA69?ÔH9�×¡Ta0N5[Ô´025ÂÔQ^6.Wâ63DÖ�.�FÈC�^60ZMH^ð0ZOÔQ^6.]ãª9GFQÔQ^6.fOqÔÈãíFXT;K ÔQ^6.éM�36FXFQ.'5[Ô5:T;5Dê}.�K×DÔq1
M�Õ23:OqÔX.�FHO�>69;5:A´ÔQ^6.'58K9;P;.�0sÔ�ÔX^6.,KTDAD.,TGã	9V56.�CÉM�Õ23:OqÔX.�Ffä

����% ��� Ë]Ê'& 5 Î*Ð�Ë[ÑG2C)01_Î¡Ï  0% ��5
-é.zÔH9GP;.�ÔX^6.,P[ê{KTDAD.'O�9;ÕN<aT;FX0sÔX^6K 06���43 � O�.'.�ë:<a36FX. � �E9;OvÔX^6. 6W025¼ë¡<;36FX. ��â_.'M'9G3:OQ.,0NÔ
C¦TaFQPDO�AD02FX.'M�ÔXÕN1Ta5´M�9GÔQ.�<aT;FX02M'9GÕ:A:9?ÔX9�.�
ÈM�02.�5[ÔQÕ21;ä47�T?Cv.�èa.�Ff>GCv.LADT�56TGÔEO�.'.�9G541FQ.f9;OQT;5
ÔQT$FX.'O�ÔQFX02M�ÔvTa36F�9G×6×:FQT[9;MH^ÈÔXTVÔQ^60ZO�9GÕ2<;TaFQ0NÔQ^:KJä
ô¥5¼ÔX^6.,P[ê{KTDAD.fO�9GÕ2<;T;FX0NÔQ^6K)>6OQ0N5:M�.8õ�KTDAD.'ö � C�0sÔX^8FQ.fO�×_.'M�ÔvÔXTÔQ^6.Wõ�K.'9;5:ö�025)ÔQ^:.

5[3:KV.'FQ0ZM�9;Õ¦OXM�.'5:9GFX0NT���02O�AD.�ë¡56.'A·9aO�98èa.'M�ÔXT;F�025·C�^60ZMH^Æ.'9aMH^Æ.�Õ2.�K.�5[ÔV02O�ÔQ^6. õ�KTaO�Ô
ãíFQ.fYa3:.�5[ÔQÕ21ÈTDM�M�36FQFX0256<è�9;ÕN3:.'ö � UéI)(ÉãíT;F�OQ^6TaF�Ô �BT;ãkÔX^6.�M�TaFQFX.'OQ×¡Ta5:AD0256<AD0NK.'5:O�02T;5)025
ÔQ^6.vM�Õ23:OqÔX.�Ff>�C�^:9GÔkCv.B9GFX.	0N5[ÔX.�FX.'O�ÔQ.'Az025�0ZO�ÔX^6.¦UéI)(·T;ã4.f9;MH^�AD02K.�5:OQ02T;5*ä	�6T;FXK$9GÕ2ÕN1a>�ãíTaF
.'9;MH^ÈA60NK.�5¡O�02T;58;�TGã�ÔX^6.�A69GÔX96>[C�0NÔQ^ÈFX.'OQ×¡.fM�Ô�ÔXT�9�A69GÔX9�OQ.�Ô+*8>aÔQ^6.�UéI�(-,'.0/ � ;213*C�
02O�A6.�ë:56.fA¼9aO

,'.0/ � ;213*C�46587:98,;58<2=?>@7BA0CED � /@13*C�
>@7BA0CED � /@13*4�F4HG . @ :JILKNMPO � <@D�4Q/F�= * =

�6FXT;K O�ÔX9?ÔX02O�ÔQ0ZM�O��v×¡Ta0N5[Ô8TGã�è402.�C UéI)(!02OJ.'OXOQ.�5[ÔQ0Z9GÕ2ÕN1 ÔX^6.�KVTDAD./TGãVAD0NK.'5:O�02T;5 ;:ä
7�T?Cv.�è;.'F	^6.�FX.�Cv.�3:OQ.�,;.0/ � ;R1
*C��ÔXT�AD0ZO�ÔQ0256<;360ZOQ^ãíFQTaK ÔX^6.�K�36ÕsÔX0sê¥AD02K.�5:OQ0NTa5:9GÕ¡KT4A6.
TGã�9,M�Õ23:OqÔX.�Ffä;ìE^6.�A69GÔX9zOQ.�ÔF*¾M�9;5�â_.�ÔX^6.�C�^6T;Õ2.�A69GÔX9,OQ.�ÔAB½T;F�9;5[1VO�3:â:O�.�Ô�TGã�0sÔfä;å�5¡A
G . @�:JILKRMPO � <�D�46/���02O�ÔQ^6.L5436K�â_.�FvTGã�TDM�M�36FQFX.�5¡M�.'O�TGã*è?9GÕ236.�/9GÕ2T;5:<�AD0NK.'5:O�02T;54;�ãíTaFÔQ^6.V×¡Ta0N5[ÔHO�025S*8ä �6TaF�ÔX^6.�OX9GPa.�TGãBOQ0NK×6Õ20ZM�0NÔq1;>�O�TaKV.�ÔQ02K.'O�>@70A0C:D � /21
*C��02O�O�02K×6Õ20së:.fA
ÔQT�>@7BA0C � /F��ä
IL56.�02K×¡TaF�ÔH9G5[Ô�ÔX^60N5:<¼9Gâ_T;36ÔzM'9?ÔQ.'<;TaFQ0ZM�9;ÕkA69?ÔH9´M�ÕN3:O�ÔQ.'FQ0256<¼02O�ÔQTJMH^6T4TaOQ.,ÔQ^6.AD0ZOqê

O�02K0NÕZ9GFX0sÔq1$K.f9;OQ36FQ.a>DT;FvÔQ^:.�AD02O�ÔX9;5:M�.zK.�ÔXFQ0ZMGä6åLOQOQ36K.zC¦.,9;FQ.�ÕNT4TaP[0256<9?Ô�9A69?ÔH9O�.�Ô
B´>4C�0sÔX^8:]A69?ÔH9�×_T;025[ÔXO'>T, AD02KV.'5:OQ0NTa5:O�äDIL56.�K.�ÔQFX02M�×6FQTa×¡T[O�.fAâ417�3:9G5:< 0 �	��3�02OBÔQ^:.
7�9GKK0256<JA602O�ÔX9;5:M�. �¡ÔX^6.$AD0ZOqÔH9G5:M�.�â_.�ÔqCv.�.'5]ÔqCvTJA69GÔX9´×¡Ta0N5[ÔXO�U64 � < = 13< ` 1"V"VEVW1X<@Y �

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
72



ýf¸��GhHeghH�Xo��pgrapgoqpsx�e_l,dG£ahX|H¸
þG¸��Begesd?�Hx�oqhvhX¤�hXw¥�zd'À;Ç{hH�Xo�oqd�oq�ah¦�Hegna|}oqhXw�º�p~oq�,oq�[hBr[h�x�wqhH|}o�l,dG£;hf¸?�¦m6£[x�oqh	oq�ah¦l,dG£;hH|H¸
�;¸���j2oqhXw�oq�ah,x'egegd?��x�oqpsd'r]d'j�x�ese*oq�[h�dfÀGÇ}hH�Xoq|Ht¡wqhH�Hd'l,m[naoqh�oq�[h,£;pg|}o�x'r[�Xhzj2wqdfl¾hHx'���JdfÀ;Å
Ç{hH�Xo�oqdJoq�ah$�Hnaw¥wqhHr?o�l,dG£;hH|H¸�yªj�x�r�dfÀGÇ}hH�Qo�� |�r[hHx�wqhH|}o��Hegn[|}oqhXw����4x�r[ifhX|Ht�wqh�x�esegd?��x�oqh
oq�ah�dfÀGÇ}hH�Xovoqdzoq�[h��Hegn[|}oqhXw¦º�pgoq�oq�ahLrah�x�wqhX|}oE�Hn;w¥wqhHr?ovl,dG£;hf¸4�¦m6£[x�oqh�oq�ah�l,dG£;hH|Bpgj
wqhHx'egegd?��x�oqpgdfrÈ�[x'm[mDhXr[|H¸

�a¸EûBhHmDh�x�o �vn[r?oqpgeGr[dEd'À;Ç{hH�Xo¢�4x'|*���4x�r[ifhH£��Hegn[|}oqhXwq|kx�j2oqhXw�x¦jZnaege[�X�;�Hegh�oqhH|}okd'j[oq�[h�º��[d'egh
£ax�o�x�|¥hQo�¸

�86� ³��:³ ���[h�»?Åªl,dG£ahX|	x'egifd�wqp~oq�[l
9G5:A�� 4 ��� = 1 � ` 1EV"VEV"1 � Y �	�4B½02O	AD.�ë:56.fAV9aO�ÔQ^6.�5436K�â¡.'F	TGã�AD02KV.'5:OQ0NTa5:O	9GÕ2T;56<�C�^60ZMH^
ÔqC¦T×_T;025aÔHOE^:9�è;.,AD0NÖ�.�FX.�5[Ô�è?9GÕ236.'O��

;�
�EI � U+1�����4 D���� =�� � < � 1 � � � 1 ?��2A:7BA � � < � 1 � � ��4�� 9 � < � 4 � � �
� � < ���4 � � � � � �

ô}Ô�02O,OQ0NK02Õ29;F�ÔQTJÔQ^6.��[9;M'M�9;FXA]OQ02KV02ÕZ9GFX0sÔq1]M�T[.2
ÈM�02.�5[Ô$0 �	#�3	ÔQ^¡9?Ô,02OzC�0ZAD.'ÕN1]3¡O�.fAé025/0N5Dê
ãíT;FXK9GÔQ02T;5�FX.�ÔQFX02.�è?9GÕvM�T;5[ÔX.�ç4Ô'äkìE^:02O�K.�ÔQFX0ZM$02O�O�02K×6Õ2.´9G5:A�.�Ö_.fM�ÔX0Nèa.;>kK.f9G560256<Gãí3:Õ¦025
ÔQ^6.z365:OQ36×_.�FXè402OQ.'A´ÕN.f9GFX560N5:<VOXM�.'5:9GFX0NTVO�025:M�.LCv.,ADT�5:TGÔ�^:9�è;.LK�3:MH^JP456T?C�Õ2.'AD<a.L9Gâ_T;36Ô
0N5:A60Nè40ZAD3:9GÕ¢AD0NK.'5:O�02T;5¡O�ä67�.�5:M�.,C¦.,9;A6T;×DÔX.'A¼0sÔ�025)T;36F�O�ÔQ3:A61;ä
@�5[ÔQFXT;×41J02Oz9È<aT4T4AWK.�ÔQFX0ZM�C�^6.'5W×6FXTDM�.fOQOQ0N5:<´M�9GÔQ.�<aT;FX02M'A69GÕ�A69?ÔH96>�9G5¡A]0NÔ�0ZO�3:O�.fA

C�02AD.'ÕN1é0N5ÆK$9;5[1/9GÕ2<;TaFQ0NÔQ^6K$O,9;5:A�9G×6×6Õ20ZM�9?ÔX0NTa5:O'ä�ô¥5ÆT;36F�FX.'OQ.'9;FXMH^k>_Cv.$K$9G0256Õ21]ãíTDM�3:O
T;5È×6FXTDM�.fOQOQ0N5:<�^602<;^´OQ×_.�.'A¼OqÔXFQ.f9GK$O � OQ0N5:M�.�ÔX^6.'OQ.zOqÔXFQ.f9GK$OB9;FQ.�AD0 
ÈM�36ÕsÔEÔXT�â63DÖ�.�F�9;5:A
OqÔH9?ÔQ0ZM)A69?ÔH9/×6FQTDM�.'OXO�0256<é9;ÕN<aT;FX0sÔX^6K$OM�9G5:56TGÔ$â_.)A60NFX.'M�ÔQÕ21î9G×6×:ÕN02.'AîÔQT/ÔQ^:.�K8��>¦C�^6.�FX.
×6FQTDM�.'OXO�0256<�FX9GÔQ. � 5436K�â_.�F	T;ã_A69GÔX9�×_T;025aÔHO�×6FXT4M�.'OXO�.fA,025V3:560sÔ	ÔX0NK. �k0ZO	9�K$9��qT;F	M�T;5:OQ02ADê
.�FH9?ÔQ02T;5kä'-/.E56TGÔX02M�.BÔX^:9?Ô�.�5[ÔQFXT;×41zFX.�ÕZ9?ÔQ.fA,K.�ÔX^6TDA6O�3:OQ3:9GÕ2ÕN1z025:M�3:F�KTaFQ.vM�T;K×636ÔX9?ÔX0NTa5
M�TaO�ÔEÔQ^:9;5)KVTDAD.���^60ZO�ÔQT;<aFX9;K¾â:9;OQ.'AJK.�ÔX^6TDA6O'>:O�TCv.�MH^6T4TaOQ.�ÔX^6.�P[ê}KVTDAD.,9;ÕN<aT;FX0sÔX^6K)ä
ô¥5)OQ.'M�ÔQ02T;5 ��C¦.,M�TaK×:9GFX.'A¼T;36F�FX.'OQ36ÕNÔ�C�0sÔX^)9;5¼.'5[ÔQFXT;×41Èâ:9aO�.fA¼9;ÕN<aT;FX0sÔX^6K)ä
ìkT/9G5 9;FQâ:0sÔXFX9;FQ1/×¡Ta0N5[Ô U 4 � < = 1X< ` 1EV"VEV"1X<@Y ��� B´>�ÔQ^:.JM�ÕN3:O�ÔQ.'F0sÔ$â_.�Õ2T;56<[O�ÔXT

9?Ô�ÔX0NK.'I�0ZO G�� � U�1XI ��ä �6T;FOQ0NK×6Õ202M�0sÔq1a>�C¦.¼3:O�. G�� � UA�,ÔXTéAD.'56TGÔX.´ÔX^6.¼M�ÕN3:O�ÔQ.'FVÔQ^:9GÔ Uâ¡.'ÕNTa56<aO¦ÔQT9?ÔEÔX^6.�ÔQ02KV.zT;ã¢M�Õ23:O�ÔQ.�FX0256<VY[3:9;ÕN0NÔq1$.�è?9;ÕN3:9GÔQ02T;5*äDìE^6.zKTDAD.zTGã¢9VM�Õ23:O�ÔQ.'F G��02OvAD.�5:TGÔQ.fAÈ9;O,;./;TA � G�� ��ä4ìE^6.�Ya3¡9GÕ20sÔq1VTGã¢9�M�Õ23:OqÔX.�FX0N5:<�OQT;Õ23DÔQ02T;5 G�� ��M�9G5$â_.�KV.f9;OQ36FX.'Aâ[1´0sÔHO�AD.�è40Z9?ÔX0NTa5*>DC�^60ZMH^J0ZO�AD.�ë:56.'A)9aO2�

;TA:/ � G�� � ��4 �
:! �K2M#" ;$
�EI � U+1X,;./;8A � G�� � UE� � � � � �

��� � % $� #%  0(*)� �& (F%' �Î�$ Î(' +G)�.¢Ñ'%'Ë[Ï?Ñ
ô¥560sÔX029;ÕN0��'9GÔQ02T;5ÈT;ã¢M�Õ23:O�ÔQ.'FXOvM�9;5Èâ¡.zADTa56.�â41FX9;5:ADTaKVÕ21$O�.'ÕN.fM�ÔX0N56<�×¡Ta0N5[ÔHO�ãíFXT;K ÔQ^:.�ë:FHO�Ô
õQM�3:FQFX.�5[ÔLC�025:ADT?C�ö:ä¡ô}Ô,0ZOzO�02K×6ÕN.�ÔQTJ02KV×:ÕN.'KV.'5[Ôzâ:3DÔzÔQT)O�TaKV.�.�ç4ÔQ.'5[Ôz9;FQâ60NÔQFH9GFX1;ä_-/.
3:O�.$9J^6.'36FQ0ZO�ÔQ0ZM$M�9GÕ2Õ2.'A�õQAD0ZOQOQ02KV02ÕZ9GFX0sÔq18FX0N5:<aOXöÈÔXT¼ë¡5:AéÔQ^6.ÈO�ÔX9;F�ÔX0N56<)×_T;025[ÔXO'ä�-é.ë:FHO�Ô
ë:5:A�T;36Ô,ÔQ^6.ÈKTDAD.$T;ãvÔX^6.ÈA69GÔX989G5¡A/M�T;K×63DÔX.$ÔQ^:.È7�9GKK0256<WAD0ZOqÔH9G5:M�.ãíFQTaKæ.f9;MH^
×¡Ta0N5[Ô,ÔQT)ÔX^6.$KTDAD.;äkìE^:.�5/ÔQ^6.$×_T;025[ÔXOzC�0NÔQ^·OX9GK.$AD0ZOqÔH9G5:M�.9;FQ.<aFQTa36×¡.fA]ÔXT;<a.�ÔQ^:.�Ffä
-é.M�9;5]^:9�è;.V9?ÔzKTaO�Ô ;*) ��<aFQTa36×:O � ÔQ^:.'OQ.�<aFQTa36×:O�9;FQ.�ÕN02P;.VM�Ta5:M�.'5aÔXFQ0ZM�FX0256<aO�C�0sÔX^

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
73



KVTDAD.�9;O�ÔQ^6.zM�.'5aÔX.�F ��äaô}ãk5436K�â_.�F¦TGãkM�Õ23:O�ÔQ.'FXO¦02O¦O�K$9;ÕNÕ2.�FBÔQ^:9;5$ÔQ^6.�5436K�â_.�F¦TGã*<aFQTa36×:O'>
C¦.,M�9;5JOQ.�Õ2.'M�Ô�KTaO�Ô�A602OXO�02K0NÕZ9GF�KTDAD.fO�TGã¢ÔQ^6.fO�.8õQFQ0256<aOXö�9aOET;36F�02560NÔQ0Z9GÕ*KTDAD.fO�ä

� � +�Û�+��/Ý�����Ü�(����4áqÝ¦Ú

ô¥5/M�ÕN3:O�ÔQ.'FQ0256<)OqÔX.�×/C¦.$ADT)56T;Ô�02<;5:T;FX.V9;5[18×_T;025[Ô'ä*ìE^6.'5/ÔQ^6.$M�TaK×6FQ.fOQOQ02T;5]0ZOz0NK×6Õ2.�ê
KV.'5[ÔQ.'A�â41�MH^6T4TaOQ0N5:<)OQT;K.´OQ.�.fA/×¡Ta0N5[ÔXO'>¢9aOQOQ02<;560256<8FX.'O�Ô�TGãEÔQ^6.´×¡Ta0N5[ÔXO�ÔQT8ÔX^6.�K OQT
9;O�ÔQTJãíTaFQK OQK$9GÕ2Õ	<;FXT;36×:O � O�36â�M�Õ23:O�ÔQ.'FXO���>*9;5:A]ãíTaF,.'9aMH^W<;FXT;3:×WFX.'M�TaFXA60N56<¼ÔQ^:.V<aFQTa36×
O�0���.a>:KTDAD.�9G5¡A)^602O�ÔQTa<;FH9GK ãíT;F�.f9;MH^8AD02K.�5:OQ0NTa5*ä¡ìE^:.�KTDAD.�TGã�ÔX^6.�OQ36â�M�Õ23:OqÔX.�FLK9�1
T;F�K$9�1È56T;ÔEâ_.zÔQ^:.,0N560NÔQ0Z9GÕ¢O�.'.'A�ä

-é.�Cv9;5aÔ�ÔQT´FX.'M�T;FHA¼ÔQ^6.�è�9;ÕN3:.'O�×:FQ.fO�.'5aÔ�0N5]ÔQ^6.VM�Õ23:OqÔX.�F�ãíT;F�.f9;MH^]AD02K.�5:OQ02T;5W9;5:A
ÔQ^6.�5436K�â_.�FETGãkÔQ02KV.fOvÔQ^6.'1È9G×6×_.'9;FQ.fA�ä4ìE^602OvFX.'OQ36ÕNÔXOv0N5J9�OQ.�ÔETGã¢^602O�ÔQTa<;FH9GK$O��GãíT;FE.f9;MH^
AD0NK.'5:O�02T;5k>69�Õ202O�Ô�TGã�×:9G02FXO � /85 � @�A81
>@7BA0C � / 5 � @�A � �	^:9aOvÔQTVâ¡.,FX.'M�T;FHAD.'A*ä��L9?ÔQ3:FX9;ÕNÕ21;>4Cv.M�9G5Æ3¡O�.·õQKT4A6.'ö]9;5:AÆAD02KV.'5:OQ0NTa5:O2�¢^60ZOqÔXT;<;FH9GK$O�9aO,ÔX^6.·õQOQ3�
ÈM�02.�5[Ô�O�ÔX9GÔQ0ZOqÔX02M'OQö:>¢9;5:A
KVTDAD.LM�9G5â_.�AD.fAD3:M�.fAVãíFQTaK A60NK.�5¡O�02T;5 � O	^60ZO�ÔQT;<aFX9;K$O�ä��LO�3:9;ÕNÕ21�ÔX^6.�ADTaK$9G025ãíT;F�.f9;MH^
M�9?ÔX.�<aT;FX02M'9GÕ¦A60NK.�5¡O�02T;5·0ZOO�K$9;ÕNÕ � 0{ä .;ä2>¢ÔX^6.J5[3:K�â_.�FTGã�×_TaOXOQ0Nâ6Õ2.´è?9;ÕN36.fOV02O�56TGÔè;.'FQ1
â60N<���ä:ìE^:.�FX.�ãíT;FX.�C¦.,9;OXOQ36K.LÔX^:9?Ô�ÔX^6.zÕN.'56<GÔX^)TGãkÔX^6.,Õ202O�Ô�TGã�×:9G02FXOE0ZOE56T;Ô�ÔQT4TÕNTa56<:>DTaF
FX9GÔQ^6.'F'>fÔQ^:.�^602O�ÔQTa<;FH9GK$O�C�0NÕ2ÕD56T;Ô	ÔX9GPa.v9�Õ2TGÔ�T;ã_OQ×:9;M�.E9;5:AVM�9G5Vâ_.�.�
ÈM�02.�5[ÔQÕ21�9aM�M�.fOQOQ.'A*ä
ô}ã	ÔQ^60ZO�0ZO�5:TGÔ�ÔX^6.�M'9;OQ.;>¡C¦.�M'9G5)ÔXFQ02K ÔQ^6.�^:02O�ÔQTa<;FH9GKóÔQT´9ÈM�.�FQÔX9;0N58Õ2.�56<;ÔQ^*>_0{ä .aäN>¡P;.�.'×
ÔQ^6.�^602<;^6ê{â60Z9;OQ.'A�^60ZOqÔXT;<;FH9GK$O:0 	436TGã¡ÔQ^6.ET;ÕZAVA69?ÔH96ä?ô}ã_9zM�ÕN3:O�ÔQ.'F	02Ozõ�ÔQ02<;^[ÔXö:>fÔQ^6.'59�OQK9;ÕNÕ
5[3:K�â_.�FvTGã*KTaO�ÔBãíFX.'Y[36.'5aÔXÕN1TDM�M�36FXFQ0256<�è?9GÕ236.fO¦OQ^6T;3:Õ2A$â_.zO�3�
ÈM�0N.'5aÔ¦ÔQTVFQ.'×6FX.'OQ.�5[Ô�ÔQ^:.
^602O�ÔQTa<;FH9GK ãª9;0NFXÕ21WCv.�Õ2Õ�ä	IL36F�.�çD×_.�FX0NK.'5aÔHO�OQ^6T?C ÔX^:9?Ô��JKVT[OqÔ,ãíFX.'Y[36.'5[ÔQÕ21WTDM�M�36FQFX0256<
è�9;ÕN3:.'OE×6FXT?è402AD.zFX.'9aO�Ta5:9Gâ6Õ2.L9aM�M�36FX9aM�1aä

ìE^6.�M�TaK×6FQ.fOQOQ.'AVA69GÔX9 � 0N5$ÔX^6.�ãíTaFQK TGã*OQ36â_M�ÕN3¡OqÔX.�FHO �	M'9G5â_.�3:OQ.'AÕZ9?ÔX.�F�C�0NÔQ^È5:.�C
A69?ÔH9z×¡Ta0N5[ÔXO�ÔQTzãíTaFQK�9z56.�C B � O�.'.Eë:<;36FX. � ��ä;ô}Ô�0ZO�.fYa3:0Nè?9GÕ2.�5[Ô	ÔXT�9;A6AA69GÔX9,025<;FXT;36×¡O
0N5[ÔQT�B́ >:T;56Õ21ÈÔX^6.'OQ.z<;FXT;36×:OEM'9G5656T;Ô�â¡.�OQ×6Õ20sÔ�ÕZ9?ÔX.�F�025JM�ÕN3¡OqÔX.�FX0N56<$O�ÔQ.'×*ä

7�T?Cv.�è;.'F'>'0N5�ÔQ^6.�AD0NÖ�.�FX.�5[ÔQ0Z9GÕDM�9aO�.a>'Cv.v56.�.fA,ÔQT�FX.�KT?è;.BÔQ^6.v.�Ö�.'M�Ô�T;ã¡9�OqÔH9GÕ2.Bâ6Õ2TDMHP_ä
ILâ[è402T;3:OQÕ21;>;0NÔE02OvAD06
$M�36ÕNÔ¦ÔXT�P456T?CÂÔQ^:.LM�Ta5[ÔQFX0Nâ636ÔQ02T;5ÈT;ãk9G5´9;FQâ60NÔQFH9GFX1�â:ÕNTDMHP�äa-/.�K9�1
.�è;.'5È^:9�èa.�ÔQT�<;T�â:9aMHP�ÔXT�ÔX^6.LTaFQ02<;025:9;Õ:A69?ÔH9�9;5:A$FX.�×_.'9?ÔBÔQ^6.�×6FXT4M�.'OXO	ÔXT�<;.'56.�FH9?ÔX.�ÔQ^:.
õQO�ÔQT;FX.'A¼KTDAD.�ÕZOQö$M�T;5[ÔQFX02â63DÔQ.fA)â41ÈÔQ^:.�OqÔH9GÕ2.,â6Õ2T4MHP�>6C�^:02MH^80ZO�56T;Ô�ãí.'9aO�02â6Õ2.;ä6ô¥5)ãª9aM�Ô'>¡9
FQ.f9;OQT;5:9;â6ÕN.z9;OXOQ36K×DÔQ02T;5)M�Ta36Õ2AJOQ0NK×6Õ20sãí1´ÔQ^60ZO�.�Ö_TaF�Ô	�


�����������������������! "���$#�%����&�(')#*��+, -��+��&��'.�!�*�&�/���0�213#4+*� 56 -%7 -�!�8��#*9:���/�&�<;#��>=? 
��%7 +*��;-�@ ?+*A:#���+B�&�! C��EDF G�H1C#3+*� 56 -%7 -�!�8��#*9I���!�&���J��;?�����!#*%?#K=-9E MLN�&�O�0�O�P ����EDF M�21Q�O�P 
R ;-��%�%7 -�!�SLN�&��+K�*LUT ä
ìE^602O�9aOQOQ36K×DÔQ02T;5V02KV×:ÕN02.'O�ÔX^:9?Ô�ÔQ^:.vâ_T;3:5:A69GFX1,TGã�9zA69?ÔH9�â6Õ2TDMHP�M�9;5�â_.�AD.'M�02AD.fA�â41

ÕN.'56<GÔX^*>6ÔX0NK.;>¡T;F�OQT;K.,T;ÔQ^6.'F�M�FX0sÔX.�FX029:ä6ìE^6.�FX.�ãíTaFQ.a>6C�^6.'58C¦.�M�T;K×6FX.'OXOvÔQ^6.�A:9?ÔX9:>6Cv.
56TGÔ�Ta56Õ21´56.'.'AJÔQT¼ADTÔQ^60ZO�ãíTaF�ÔX^6.�M�Õ23:O�ÔQ.'FXO'>6â63DÔz9GÕZO�TVãíTaF�.'9aMH^8AD0sÖ�.�FX.�5[ÔX029;Õ*36560NÔ'ä �6TaF
.�ç69GK×6Õ2.;>6<a0Nèa.�5)9VÕN02è;.,.'è;.�5[Ô�O�ÔQFX.'9GK <;.�5:.�FH9?ÔQ0256<.�èa.�5[ÔXOE.'è;.'FQ1ÈA69�1a>D0sÔL02O�FH9?ÔX0NTa5:9GÕ_ÔXT
O�.�ÔõQT;56.�A69�1Dö�9aOE9�365:0sÔ�TGã�A69?ÔH9�ÔXT�FX.�KT?èa.;ä4ìE^6.�FX.�ãíTaFQ.a>[C�^:.�5´Cv.zOqÔXT;FX.�ÔX^6.zKVTDAD.'Õ2O
ãíT;FEÔQ^:.zM�ÕN3¡OqÔX.�FHO�>DCv.,9GÕ2FQ.f9;AD1$P456T?CðÔX^:9?ÔÈõQT;56.zA69�1Dö�C�0NÕ2Õ�â¡.�9V365:0sÔf>:O�TVCv.zM'9G5)OqÔXT;FX.
KVTDAD.'Õ2O	ãíT;F�ÔQ^:.�×¡Ta0N5[ÔXO�0N5.'9aMH^VA:9�1,ãíT;F	.f9;MH^M�Õ23:OqÔX.�Ffä;Ó4025:M�.EÔX^6.�O�0���.�T;ã_9)õXAD0sÖ�.�FX.�5[ÔX029;Õ
36560NÔXö�02O�M�T;K×:9GFH9Gâ:ÕN.�C�0NÔQ^¼ÔQ^:.JõXM�36FXFX.�5[ÔBC�025:ADT?C�ö�C¦.�9GFX.LÕ2T4T;P40N5:<�9?Ô � C�^:02MH^¼KV.f9G5:O
ÔQ^6.8õXM�36FXFQ.'5[ÔEC�025:ADT?C�öVC�02ÕNÕk56TGÔ�M�T;5[ÔX9;0N5)9Õ29;FQ<a.z5[3:K�â_.�F�TGã	AD0NÖ_.'FQ.'5[ÔQ0Z9GÕ*365:0sÔHO ��>6ÔQ^:.
O�×:9aM�.,FX.'Y[3602FQ.fA¼ãíT;F�O�ÔQTaFQ0256<.�ç4ÔQFH9025DãíT;FXK$9?ÔQ02T;5JãíTaF�.'9aMH^)A60sÖ�.�FX.�5[ÔQ0Z9GÕ¢36560NÔLOQ^6T;36ÕZA)â_.
FQ.f9;OQT;5:9;â6ÕN.aä

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
74



7�.�5¡M�.;>kC�^6.�5Æ98AD0NÖ_.'FQ.'5[ÔQ0Z9GÕ�365:0sÔ�0ZOzÔQT8â_.ÈFX.�KT?è;.fA�>�Cv.M�T;36ÕZA�O�02K×6Õ21]ÔQFH9�è;.'FXOQ.
ÔQ^6.,M�Õ23:O�ÔQ.'FXO'>DO�36â6ÔQFH9;M�ÔE0NÔXOE.�Ö�.'M�ÔEãíFQTaK�ÔQ^6.,O�ÔQT;FX.'AÈKVTDAD.'Õ�TGãk.f9;MH^JM�Õ23:OqÔX.�Ff>[ÔQTFQ.'KT?è;.
0sÔHO�M�Ta5aÔXFQ02â63DÔX0NTa5*ä
����� +�Î 5�� Ï?Ë4ÑfÑ' �Î�$���� � Ë 5 Ë4Ñ
-é.,.�ç4×:ÕNTaFQ.,OQ.�è;.'FX9;Õ_M'9?ÔX.�<;TaFQ0ZM�9;Õ�M�T;K×6FX.'OXOQ0NTa5¼OXMH^6.�K.'OE025JT;36F�.�ç4×_.�FX02KV.'5[ÔXO'ä

� (* 	�_Ë
�;Î 5�� Ï�Ë4ÑfÑ' �Î�$ ô¥5 5:9;0Nèa./M�T;K×6FX.'OXO�02T;5k>vM�ÕN3:O�ÔQ.'F¼KTDAD.fO89GFX.]ÔQ^:./OQ.�.fA6O�ä
7�.�5¡M�.,.'9aMH^JM�ÕN3¡OqÔX.�F�0ZO�9VOQ36â�M�Õ23:O�ÔQ.�Ffä

��( 5�� )� 0$�1� (6ÑfË4Ð��;Î 5�� Ï?Ë[ÑfÑ  ªÎ $/ìE^:.�O�.'.'A6OL9GFX.�OQ9;K×6ÕN.fAJãíFQTaK ÔX^6.�â636Ö_.'F'ä_ô¥5
T;FHAD.�FV56TGÔÔXTéK0ZOQOOQT;K.JOQK$9GÕ2Õ�M�Õ23:OqÔX.�FHO�>�Cv.JMH^:T[T[O�.¼ÔQT�OX9GK×6Õ2.JOQ.�.fA6O�ãíFQTaK .�è;.'FQ1
M�Õ23:OqÔX.�FfävìE^¡9?Ô)02O'>EC¦.é3:O�.éÔQ^:.'OQ.éM�Õ23:O�ÔQ.'FXOJ9;O)O�ÔQFH9?ÔX9:>¦9;5:A ADT OqÔXFX9GÔQ0Në:.'A�OQ9;K×6ÕN0256<¡ä
-é.M�9;5]<;02è;.�.f9;MH^WM�ÕN3¡OqÔX.�F�.'Y[3:9GÕ�OX9GK×6Õ2.�O�0���. � Cv.�M'9GÕ2ÕkÔX^60ZO´õQ.'Y[3:9GÕNê¥O�0���.�OX9GK×6Õ20256<aö:>
T;F�õQ@�ê}OX9GK×6Õ20N5:<aö ���¢TaF�Cv.8M�9;5 9GÕ2Õ2T4M'9?ÔX.JOX9GK×6Õ2.JOQ0���.'Oâ¡9;OQ.'A·Ta5 AD0NÖ�.�FX.�5[ÔÈM�FX0sÔX.�FX029:>
OQ9�1a>_9aM�M�TaFXA60N56<ÈÔQT¼M�ÕN3¡OqÔX.�F,O�0���. � M�ÕN3:O�ÔQ.'FzC�0sÔX^W^602<;^6.'F�M'9GFHAD025:9GÕ20sÔq1J<;.�ÔXO�KT;FX.�OQ×:9;M�. ��>
9;M�M�T;FHAD0256<ÈÔXTJ9;FQ.f9 � M�ÕN3¡OqÔX.�FzC�0sÔX^éÕZ9GFX<;.'FLFH9;A60N3:OL<;.�ÔXO�KT;FX.VOQ×:9aM�. ��>�T;Fz9;M�M�T;FHAD0256<ÈÔXT
ÔQ^6.J0N54èa.�FHO�.$T;ãLAD.�5¡O�0NÔq1 � ÔQ02<;^[ÔX.�FM�Õ23:OqÔX.�FV<;.�ÔXO�Õ2.'OXOVO�×:9aM�. ��ä�-é. � èa.¼9GÕZOQT8ÔQFX0N.fA·9 õ D�ê
OQ9;KV×:ÕN0256<aö)OXMH^6.�K.â418ë:FHOqÔ,<aFQTa36×60256<)×¡Ta0N5[ÔXOz025�.'9aMH^/M�ÕN3:O�ÔQ.'F,â418ÔQ^6.'0NF�AD02O�ÔX9;5:M�.VÔXT
ÔQ^6./KT4A6.;>EÔQ^:.�5 3¡O�0256< ÔQ^6.fO�.�AD0ZOqÔH9G5:M�.W<;FXT;3:×:O¼9aO¼O�ÔQFH9?ÔH96>E9G5:A�9GÕ2ÕNTDM'9?ÔQ0256< O�×:9aM�.fO
9;M�M�T;FHAD0256<�ÔXTVÔQ^6.,0254è;.�FHOQ.LT;ã¢ÔX^6.�02F�AD.'5:O�0NÔq1;ä

�´Ì�$�( 5  ��4%  01 � %'$�Ë4Ñ'Ñ��aÎ 5�� Ï?Ë4Ñ'Ñ  ªÎ $/ô¥5)ÔQ^60ZO�OXMH^6.�K.a>6C¦.�.�è?9GÕ23:9?ÔX.zÔQ^6.WõqÔQ02<;^[ÔQê
56.'OXOQö�TGã6.f9;MH^�M�ÕN3:O�ÔQ.'F¢â_.�ãíTaFQ.vM�TaKV×:FQ.fOQOQ0NTa5*ä'å M�Õ23:O�ÔQ.'F�� O�õ�ÔQ02<;^[ÔQ5:.'OXOQö�0ZO�AD.'M�02A6.'A,â41zÔQ^:.
ãíFQ.fYa3:.�5:M�1¼T;ã�KVT[OqÔ�TDM�M�3:FQFX0N5:<$è�9;ÕN3:. � U/I�( �EãíT;FL.'9aMH^]AD0NK.'5:O�02T;5é9G5:AJÔX^6.VA602O�ÔX9;5:M�.fO
ãíFQTaK¹0sÔHO�K.�K�â¡.'FXOvÔXT$0sÔHO�KT4A6.;ä
åÆM�Õ23:OqÔX.�F G�� 02O�ÔX0N<a^[Ôk<;02è;.'5�ÔX^6FQ.fO�^:T;ÕZA � >@1X7 ��0NÖ�ãíTaF*.'9aMH^�A60NK.�5¡O�02T;5*>:>@70A0C ������� ���

>9G5:A�7B5�;�
 @ � � G�� ��� 74ä?ìE^6.BFH9;A60N3:OkTGã:9�M�ÕN3¡OqÔX.�F G�� 0ZO*ÔX^6.¦K$9Gç402K�3:KÉAD0ZO�ÔX9G5¡M�.Bâ_.�ÔqCv.�.'59G541È×_T;025aÔ�025¼ÔQ^6.�M�ÕN3:O�ÔQ.'F�9G5¡A´0NÔXO�KTDAD.aä
7B5�;�
 @ � � G�� ��4 K$9?çKRM H�� � ;$
�"I � U+1X,;./;TA � G�� � � � � � �

ìE^6.õqÔQ02<;^[ÔX56.'OXOQö�ÔQ^:FQ.fO�^6TaÕ2A�^:9aO�ÔQTzâ¡.�A61[5¡9GK02M'9GÕ2ÕN1�MH^:9G56<a.'A�ÔQTzãíFX.�.E36×$O�×¡9;M�.vãíTaF
56.�C�×¡Ta0N5[ÔXO'ä6ìE^60ZOv02O�ADTa56.,9;M'M�T;FHAD0256<�ÔXT�ÔqCvTV^6.�36FX0ZOqÔX02M�FX36ÕN.fO2� � � �¦C�^6.�5¼ÔQ^:.�â:3DÖ_.'F�02O
9Gâ_T;3DÔ 	79��½ãí36Õ2Õ�>4Cv.�M�TaK×6FQ.fOQO¦9GÕ2Õ:ÔX^6.�×_T;025[ÔXO��q3:O�Ô¦Õ20NPa.�5:9;0Nèa.�M�TaKV×:FQ.fOQOQ0NTa5$ADT4.'O'>[9;5:A
ÕNT4TaOQ.�5¼ÔQ^:.zÔQ02<;^[ÔQ56.fOQO�ÔQ^6FX.'OQ^6T;ÕZA�� � � �v0Nã¢ÔX^6.,â63DÖ�.�F�0ZO�Õ2.'OXOvÔQ^:9;5 �79�� ãí36ÕNÕ{>:Cv.�ÔQ02<;^[ÔQ.'5
ÔQ^6.zÔX^6FQ.fO�^:T;ÕZA�ä

�*Ë �;Î $�Ð>(DÏ�Ì!� )0.�Ñ'%'Ë[Ï/ 0$�1$-é. � èa.�9GÕZO�TLÔQFX02.'A9G56T;ÔQ^6.'F�OQMH^:.�K.;>?C�^60ZMH^0N54èaT;Õ2è;.'O�OQ.'M�ê
T;5:A69;FQ1�M�Õ23:O�ÔQ.�FX0256<�T;ã[ÔX^6.B×_T;025[ÔXO¢0N5�ÔQ^6.¦â63DÖ�.�Ff>f9;5:A�M�TaK×6FQ.fOQOQ0256<EÔQ^6.BÔQ02<;^[Ô�OQ.'M�T;5:A:9GFX1
M�Õ23:OqÔX.�FHO�ä �6TaF�ÔQ^6.VA69?ÔH9ÈOQ.�Ô�Cv.�3:OQ.'A�>:ÔQ^6.�5436K�â_.�FLTGã�O�.fM�Ta5:A69GFX1´M�ÕN3:O�ÔQ.'FXO�02OL9Gâ_T;3DÔ  
T;F:�,ÔQ02K.'O¦ÔQ^6.L5436K�â_.�FvTGã�ë:5¡9GÕ�M�Õ23:O�ÔQ.�FHOBA6.'OQ0NFX.'A�ä[ô¥5$ÔX.�FXKO¦TGãk9aM�M�36FX9aM�1�ÔQ^60ZOvOQMH^6.'K.
9GÕZO�TéC¦TaFQPDO'>¢â636ÔVÔX^6.)M�T;K×636ÔX9?ÔX0NTa5îT?èa.�FX^6.'9aA�02O$OQ0N<a560Në¡M�9;5aÔ9G5:Aî0N5ÂOQT;K.´.�ç[ÔXFQ.'K.
M�9;OQ.'O¦0NÔEFX365:Ov.'è;.�5JO�Õ2T?Cv.�F�ÔX^:9G5¼ÔQ^:.LFX.�<a36Õ29;F¦P[ê}KT4A6.'O'ä4ìE^:.�FX.�ãíT;FX.�Cv.zAD02A´56TGÔ�FX.�×_T;FQÔ
AD.�ÔH9G02Õ2OET;ã�0NÔXO�FX.'OQ36ÕNÔXO'ä
����% 2"�#� .¢Ï/($�GÌ +�Î 5�� (6Ï  �Ñ'Î $
ìE^6.).�FXFQTaF�T;ã�M�TaK×6FQ.fOQOQ02T;5·0ZO$M�9;3:O�.fA·â41·K.�FX<;0256</×¡Ta0N5[ÔHO0N5[ÔQT�OQ36â_M�ÕN3¡OqÔX.�FHO�>	C�^602Õ2.
ÔQ^6.'1´â_.�Õ2T;56<VÔQTÈA60sÖ�.�FX.�5[Ô�M�Õ23:O�ÔQ.�FHOEÕZ9?ÔQ.'F'ä
Ó436×6×_TaOQ.	ÔqCvT�×¡Ta0N5[ÔHO U)9G5¡A �¼9GFX.BM�T;K×6FX.'OXO�.fAL025[ÔQT�Ta56.BOQ36â�M�Õ23:OqÔX.�Ff>'Cv.�CvT;36ÕZAzÕ20NPa.

ÔQT,K.'9aO�36FX.vÔQ^6.�×¡T[OQOQ0Nâ:0NÕ20sÔq1�ÔQ^:9GÔUé9;5:A��8â¡.'ÕNTa56<zÔQT�A60sÖ�.�FX.�5[ÔBM�Õ23:O�ÔQ.'FXO	025VÔQ^6.�ãí3DÔQ36FX.;ä
ô¥5aÔX360NÔQ02è;.�Õ21;>�0NãDÔQ^6.'0NF	AD0ZO�ÔX9G5¡M�.B0ZO¢â60N<a<;.'F'>�ÔQ^6.'5�ÔQ^:.¦×_TaOXO�02â602ÕN0NÔq1�ÔQ^:9GÔ¢ÔX^6.�1,OQ^6T;3:Õ2A,â_.�Õ2T;5:<

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
75



ÔQT8AD0NÖ_.'FQ.'5aÔ�M�ÕN3¡OqÔX.�FHOz02O,9;Õ2OQT)â60N<a<;.'F'ä�ìE^6.'FQ.�ãíT;FX.;>�ãíT;F,.f9;MH^/O�36â�M�Õ23:O�ÔQ.'F�<;.'56.�FH9?ÔX.'A]â41
9$M�T;K×6FX.'OXOQ0NTa5¼OXMH^6.�K.;>:C¦.�M'9G5J3:O�.zÔX^6.�OQ36K T;ã�A602O�ÔX9;5:M�.fO�â¡.�ÔqC¦.'.�589G541ÈT;ã¢ÔX^6.,ÔqCvT
×¡Ta0N5[ÔXOvÔXT�K.f9;OQ36FQ.�0Nã¢0NÔE0ZOõ�<aT4T4A:ö�T;FE56T;Ô'äDì¢T9�èaT;0ZAÈM�TaK×63DÔQ0256<VÔQT4TVK$9G541$×:9G02FXC�02OQ.
AD02O�ÔX9;5:M�.fO�>kC¦.ÈM'9G5�3:OQ.ÔQ^6.´OQ36K÷TGã�AD0ZOqÔH9G5:M�.'O�ãíFXT;Kæ.f9;MH^�×_T;025aÔ�ÔQT80NÔXO�OQ36â�M�Õ23:OqÔX.�F	� O
O�.'.'AJ9;O�9G589;×6×6FXT�ç402K$9?ÔX.'AÈ025:AD0ZM�9GÔQTaFvT;ã�9OXMH^6.�K. � OE<aT[TDAD5:.'OXO�ä

� 0Nèa.�59,A69?ÔH9,O�.�ÔAB́ >G0Nã BGH�02O�ÔX^6.�OQ.�Ô�TGã�OQ.�.'A:O�ãíT;F Bï3:OQ0256<�9zM�.�FQÔX9;0N5$M�T;K×6FX.'OXO�02T;5
OQMH^6.'K.;>4ÔQ^:.�58AD.�ë¡56.�O�.�Ô�AD.�è40Z9?ÔX0NTa5

� *�� ��� B 1B H ��4 �
K2M#" ;$
�EI � U�1X/8,'5�� � U+1B H � �W1

C�^60NÕ2.Jõ�è?9GÕ236.�K$9;×6×60256<aö /8,;5�� � U+1�� ��0ZO¦ÔQ^6.�×_T;025aÔv0N5 � ÔQ^¡9?ÔE02OvM�Õ2TaOQ.'O�ÔBÔXT UE>4<;02è;.'5È9
A69?ÔH9VOQ.�Ô	� 9;5:A¼9$A:9?ÔX9V×_T;025[Ô�U �

/8,;5�� � U�1
�,�F46587:9 , 
 :�� M� � ;$
�EI � U+1 � � ���
7�.�5¡M�.,0Nã¢ÔX^6.�O�.�Ô�TGã	O�.'.'A6O�02O,BGH�>6ÔX^6.�5 � *�� �8� B 1BGH��v02O�Ta36F�K.'9aO�36FX.�K.'5aÔ	�DÔQ^:.

O�K$9GÕ2Õ2.�F�0NÔ�02O'>4ÔQ^6.,â_.�ÔQÔQ.'F�ÔQ^6.�M�T;K×6FX.'OXO�02T;5JOQMH^:.�K.;ä
��� Ë4Î¡Ï?Ë 5 ����� 1 � = A � ` #*%7 �8L��<�-  +<�- -���S1 �*% ;?������%7 �?���&�('G#C+K#��$#C�- -� B AN
U��+ � =�J� #<���!=��- -�I�21 � `�� ���P -�B�O�P �������� ;#��(�  +�=��C;�*�6��%? �����&��'��(���&��' � ` �J�:��� '�%? ?#��$ -%�&�!#*�B�(���&�(' � =��#�FXT[T;ã �4�6TaFB9G541�×_T;025[ÔFUW025ÈA69GÔX9,OQ.�ÔAB́ >T/T,;5�� � U+1�� = �	9;5:A /T,;5�� � U+1
� ` ��M�9G5â_.�OX9GK.T;FkAD0NÖ�.�FX.�5[Ô'ä�ô}ã4ÔX^6.�1�9GFX.�ÔQ^6.BOX9GK.a>HÔQ^6.'5�;�
�EI � U+13/T,;5�� � U+1�� = � �F4 ;$
�"I � U+1X/8,'5�� � U+1
� ` � ���0sã�ÔX^6.�1$9GFX.�AD0NÖ�.�FX.�5[Ô'>4O�025:M�. � = 0ZOv9�O�3:â:O�.�Ô¦T;ã�� ` 9;5:AVÔQ^6.�O�3:â_M�ÕN3:O�ÔQ.'FXOv9GFX.�ãíTaFQK.'Aâ4156.'9;FQ.fOqÔ�56.'0N<a^4â¡TaF�OQ.'9GFHMH^*>�;$
�EI � U�1X/8,'5�� � U+1
� ` � ��K�3:O�Ô�9;ÕNCE9�1DOzâ¡.¼56T]<;FX.'9GÔQ.'F,ÔQ^:9;5;�
�EI � U+13/T,;5�� � U�1�� = � ��ä:ìE^6.'FQ.�ãíT;FX.;>�

K2M#" ;$
�"I � U+1X/8,'5�� � U+1
� ` � �"! �
KRM#" ;�
�EI � U+13/T,;5�� � U+1
� = � �

ìE^602O)02K×6Õ20N.fOJÔQ^:9GÔ'>�C�0NÔQ^ ^602<;^É×¡T[OQOQ02â60NÕ20NÔq1;>�9ÂOQMH^:.�K.�C�0sÔX^ÉKTaFQ.�O�3:â_M�ÕN3:O�ÔQ.'FXO
O�^6Ta36ÕZAW<a.�ÔzÕN.fOQO,M�T;K×6FX.'OXO�02T;5].'FQFXT;FLÔQ^¡9G5WTa56.C�0sÔX^éÕ2.'OXO,OQ36â_M�ÕN3¡OqÔX.�FHO�ä*Ó402K0NÕZ9GFXÕN1]A61aê
5:9GK0ZM´ÔX0N<a^[ÔQ56.fOQO$M�T;K×6FX.'OXO�02T;5 O�^6Ta36ÕZA 9aMH^60N.'è;.)9?ÔÈÕ2.'9aOqÔÈ9;OV<aT[TDA 9;M'M�36FH9;M�1·9;OVÔQ^:.
5:9G02è;.,M�TaK×6FQ.fOQOQ02T;5*ä
��� � �  5 Ë�+�Î 5�� )ªË�#� 0%XÌ +�Î 5�� (DÏ/ ªÑfÎ�$
D�0NÖ_.'FQ.'5[Ô8M�T;K×6FX.'OXO�02T;5 OXMH^6.'KV.fOJK9�1Â×6FXTDAD3:M�./AD0NÖ�.�FX.�5[ÔJ5436K�â¡.'F)TGã�OQ36â�M�Õ23:OqÔX.�FHO�ä
ìE^602O�×6^¡9;OQ.�0254è;T;Õ2è;.fOL9¼×:9aOQOLTGãB5:.'9GFX.'O�Ôz56.�02<;^4â_T;FzO�.f9GFHMH^*>¡C�^:02MH^é02OzTa56.�T;ã�ÔQ^:.VK$9Gê
�qT;F�M�TaK×¡Ta56.�5[ÔXO�TGãvÔQ^6.$.�ç4.fM�3DÔX0NTa5WÔX0NK.aä¢ìE^6.'FQ.�ãíT;FX.V025[ÔQ360NÔQ02è;.'ÕN1é5:9G02è;.$M�T;K×6FX.'OXO�02T;5
O�^6Ta36ÕZA$â¡.LÔQ^:.�ãª9;O�ÔQ.fOqÔfäD7�T?Cv.�è;.'F'>GãíT;FEO�TaKV.�A69?ÔH96>[0sã*Cv.LA6T�56T;Ô¦ÔXFQ02K ÔQ^6.�^60ZOqÔXT;<;FH9GK$O'>
5:9G02è;.�M�T;K×6FX.'OXO�02T;5¼K9�1´ÔX9;P;.,KT;FX.�ÔQ02KV.�ÔQ^:9;5)OX9GK×6Õ20256<$â:9;OQ.'A)OXMH^6.�K.fO�>:9;ÕsÔX^6T;3:<;^
ÔQ^6.LÕ29GÔ�ÔQ.'FBPa.�.�×¡O	KT;FX.�×¡Ta0N5[ÔHO�025$ÔQ^6.�KV.'KT;FX1;äaìE^:02OB^:9G×6×_.�5¡OBC�^6.'5ÈO�TaK.�9?ÔQÔQFX0Nâ636ÔQ.'O
^:9�è;.J9]FX.�ÕZ9?ÔQ02è;.'ÕN1�â602<éA6T;K$9G025*ä	ìE^6.)OQ9;KV×:ÕN0256<Wâ¡9;OQ.'A·OXMH^6.�K.fO�Pa.�.'×·KT;FX.´×_T;025aÔHO�>
â63DÔ�ÔX^6.WõXO�3:â_M�ÕN3:O�ÔQ.'FXOXöVãíT;FXK.'A89;FQTa365:AJÔQ^:.�K 9GFX.zÔQ02<;^[ÔQ.'F'>:ÔQ^6.'FQ.�ãíT;FX.,ÔQ^:.�^60ZOqÔXT;<;FH9GK
0N5DãíTaFQK$9GÔQ02T;5îPa.�×DÔ025 .f9;MH^ OX9GK×6Õ2.)M�9G5 â_.JK�3:MH^îÕ2.'OXO�ÔQ^:9;5 025Â9éM�ÕN3:O�ÔQ.'FKVTDAD.)025
5:9G02è;.EM�TaKV×:FQ.fOQOQ0NTa5*ä?7�T?Cv.�èa.�Ff>'Ta5:M�.E^60ZOqÔXT;<aFX9;KO�9GFX.¦ÔQFX0NKK.'AV025aÔXT�ë:ç4.fAVÕN.'56<GÔX^ � OQ9�1a>
M�T;5[ÔH9G02560N5:< �)KTaO�Ô�TDM�M�36FQFX0256<8è?9GÕ236.'O���>¢ÔQ^6.´5:9G02è;.´OXMH^6.'KV.¼9GÕ2Cv9�1DOzÔH9GP;.fO,Õ2.'OXO,ÔQ02K.;ä
å�ÕNÔQ^6Ta36<;^JÔQ^:.'OQ.�M�T;K×6FX.'OXOQ0NTa5¼OXMH^6.�K.'O�9;FQ.�â:9aO�.fA¼Ta5JA60sÖ�.�FX.�5[Ô�^6.'36FQ0ZO�ÔQ0ZM�O'>4ãíFQTaK¹ÔQ^:.
0NK×6Õ2.�K.�5[ÔH9?ÔQ02T;5W×¡Ta0N5[Ô�T;ã�è[02.�C 0NÔL0ZO�5:TGÔLAD06
ÈM�36ÕNÔ�ÔQT´AD145:9;K02M'9GÕ2ÕN1)O�C�0NÔXMH^)ãíFXT;K T;5:.
ÔQTÈ9G5:TGÔQ^:.�Ffä:ìE^60ZO�K$9GPa.'OvÔQ^:.�OqÔXFQ.f9GK M�Õ23:OqÔX.�FX0N5:<È9GÕ2<;T;FX0NÔQ^6K¹KTaFQ.�$:.�çD0Nâ6Õ2.�OQTÔQ^:9GÔ�0NÔ
M�9G5J^:9;5:ADÕ2.zÔQ^6.,è?9GFX0Z9?ÔQ02T;5¼TGã�ÔQ^6.�O�ÔQFX.'9;K OQ×¡.'.'A¼T;F�â63DÖ�.�FLO�×:9aM�.aä

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
76



� ��� �;(*Ü:á7� (¢ÚBÛ�+ * ' (>�[ß *¥Û*�
ô¥5ðÔQ^60ZO)O�.fM�ÔX0NTa5*>¦Cv.éA602OXM�3:OXO¼T;36F¼.�çD×¡.'FQ02K.�5[ÔXO¼T;5 â¡T;ÔQ^ FX.'9;ÕL9;5:A OQ1[5[ÔX^6.�ÔX02MéA69?ÔH9
3:O�0256<JÔQ^:.ÈAD0sÖ�.�FX.�5[ÔX029;Õ�9GÕ2<;T;FX0NÔQ^6K)>*OQT)9aOLÔQT]M�TaK×:9GFX.�ÔX^6.$×_.�FQãíT;FXK9;5:M�.VTGã�AD0NÖ_.'FQ.'5[Ô
M�T;K×6FX.'OXOQ0NTa5´OQMH^:.�K.'O'ä[ìE^:.�FX.'OQ36ÕNÔXOv025¼OQ.'M�ÔX0NTa5 �6ä6�a>��6ä ��9GFX.�×6FXTDAD3:M�.'AÈTa5¼9 #�.�5[ÔQ0236K
ôL( �aä � � 7 �;# � C�0NÔQ^ � ��� K.'KVTaFQ1aä	ìE^6.)T;×_.�FH9?ÔQ0256<�O�1DO�ÔQ.'K 02O 	�.fAD^:9?Ô %Dä �6ä�ìE^:.
.�çD×¡.'FQ02K.�5[ÔXO¦025´O�.fM�ÔX0NTa5 �Dä ��9GFX.�ADTa56.�Ta5´9 #�.�5[ÔX0N36K�ôL( �Dä =79 � 7 � � ��� K.�KT;FX1�# �
C�0sÔX^éM�14<aC�0N5���T;5]-ð025:ADT?C�O	��#�>�OQ0N5:M�.�ÔX^6. ��I,I�S �vå	ì½9GÕ2<;T;FX0NÔQ^6K C¦.�3:O�.VFX365:O�Ta5
-ð0N5:A6T?C�OE×6Õ29GÔ�ãíTaFQK$O'ä

�¢02FHOqÔ	Cv.�AD.�KT;5¡OqÔXFX9GÔQ.vÔQ^6.�.�
ÈM�02.�5:M�1;>;9aM�M�36FX9aM�1�9;5:AOQM'9GÕZ9Gâ602ÕN0NÔq1�T;ã¡ÔX^6.�9GÕ2<;TaFQ0NÔQ^6K
â[1 ADT;0256<Æ025:M�FX.�K.'5aÔH9GÕ�M�ÕN3¡OqÔX.�FX0N56<·9;5:AðM�TaK×:9GFX0N5:</C�0NÔQ^ÂÔX^6.]FX.�<a36Õ29;F$P[ê{KTDAD.'O´9GÕNê
<;T;FX0NÔQ^6K � Ta36F�T?C�5î0NK×6Õ2.�K.�5[ÔH9?ÔQ02T;5 ��ä�ô¥5ÆÔQ^:.JOQ.'M�T;5:A·OQ360NÔQ.¼TGã�.�çD×_.�FX0NK.'5aÔHO�Cv.¼A6T
AD0sÖ�.�FX.�5[ÔX029;Õ_M�ÕN3:O�ÔQ.'FQ0256<¡>;â41VOQÕ202AD0256<�ÔQ^6.¼õQM�3:FQFX.�5[Ô�C�025:ADT?C�ö�9;ÕNTa56<,ÔQ^:.LA69GÔX9�O�ÔQFX.'9;K ÔXT
×6FQTDAD3¡M�.ÈM�Õ23:O�ÔQ.'FXO�ãíTaF�.'9aMH^éC�025:ADT?C,ä*åvÔ�ÕZ9;O�Ô,C¦.ÈM�T;K×:9;FQ.T;3:F,0N5:M�FQ.'K.�5[ÔX9;Õ�FQ.fO�3:ÕsÔHO
C�0sÔX^¼ÔX^6.-��I,I�S��vå	ì�9GÕ2<;TaFQ0NÔQ^6K)ä
ô}ã�56TGÔ8O�×_.'M�0së¡.'A�>vC¦.éFQ3:5 .'9aMH^ 9GÕ2<;TaFQ0NÔQ^6K �ÆÔQ02KV.fO �  ·ÔX0NK.'OJ3:OQ0256<îFH9G5:A6T;KÕN1

O�.'ÕN.fM�ÔQ.fA]02560NÔQ0Z9GÕ�×¡Ta0N5[ÔHO�>�T;5:.�ÔQ02K.�3¡O�0256<¼ÔQ^6.VKTaO�ÔzAD0ZOXO�02K0NÕZ9GF�FQ0256<¼KVTDAD.fOz9;OL0N560NÔQ0Z9GÕ
M�Õ23:OqÔX.�FHO �BãíTaF�.'9;MH^J×:9;FX9;KV.�ÔQ.'FEOQ.�ÔQÔQ0256<È9G5¡A¼M�T;K×:9GFX.,9�è;.'FX9;<;.�è?9GÕ236.aä

 ��� % $ �GÏ?Ë 5 Ë�$&%'(<),+-)0.�Ñ'%'Ë[Ï/ 0$�1
ô¥5)ÔQ^60ZOLOQ.'M�ÔQ02T;58Ta36F�9GÕ2<;TaFQ0NÔQ^:K FX365:O�0258025:M�FX.�K.�5[ÔH9GÕkKTDAD. � O�ÔQ.�×��VTGã	ÔQ^:.�9GÕ2<;TaFQ0NÔQ^6K
02O	TaK0sÔQÔQ.'A���äG-/.�3:OQ.¦ÔX^6.;��9 ��� D D �¦36× � 	 	K	�A69?ÔH9�;>a9G59;OXM�0206A69?ÔH9�OQ.�Ô�C�0NÔQ^� �	4 9 ���
×¡Ta0N5[ÔXO�9G5:A  ��ãí.'9GÔQ36FX.'O � M�Ta5aÔX0N5436Ta3:Ovãí.'9GÔQ36FX.'O�9;FQ.zAD0ZOQM�FQ.�ÔQ0���.fA<��ä
ìkT�M�T;K×:9;FQ.�C�0NÔQ^���ê}KTDAD.�C¦.�O�.�Ô 9R4 =:ä;ìE^6.LOX9GK×6Õ20256<�â:9aO�.fA$OQMH^6.'K.'O	â_TGÔX^È3:OQ.

�4979V×_T;025[ÔXO�9aOvÔQ^6.�OX9GK×6Õ2.,O�0���.aä:ìE^6.�D�ê}OX9GK×6Õ20256<ÈOQMH^:.�K.,AD0Nè40ZAD.'O�.'9;MH^8M�ÕN3:O�ÔQ.'F�0N5[ÔXT
��<aFQTa36×:O'ä

�¢02<;3:FQ.� ]OQ^6T?C�O�ÔQ^6.$×_.�FQãíT;FXK$9G5:M�.$TGã�AD0NÖ_.'FQ.'5aÔ�M�T;K×6FX.'OXO�02T;5�OXMH^6.�K.'O'ä � .'M'9G3:OQ.
.�è;.'5ÔQ^6.LT;×DÔX0NK$9;Õ¡M�Õ23:O�ÔQ.'FQ0256<,FX.'OQ36ÕsÔ¦C�0NÕ2Õ¡^¡9�è;.�9,×_TaOQ0sÔX0Nèa.�;8AE/ � G�� � ��> C¦.�3¡O�. ;TA:/ � G�� � ���;TA:/ � . �RI 
 ,;5 � ��ÔQT�K.'9aO�36FX.)M�T;K×6FX.'OXOQ0NTa5î.�FXFXT;F � 0NÔ�K$9�1îO�ÔQ02ÕNÕ�M�T;5[ÔX9;0N5 .�FXFQTaFXOVAD36.JÔXTTGÔQ^:.�F´FX.'9aO�Ta5:O$OQ3:MH^ 9;O¼9Æâ:9;AÂ02560NÔQ0Z9GÕ206�f9?ÔX0NTa5*>Bâ636Ô¼0NÔ¼0ZO´9ÆFX.'9aO�Ta5:9Gâ6Õ2.89G×6×:FQT�çD02K9Gê
ÔQ02T;5���äLÓ4025:M�.�Cv.�A6T 5:TGÔ8P456T?C ÔQ^:.ÆT;×DÔX0NK$9GÕ,KTDAD.fO�>�Cv.�3:O�./ÔX^6.Æâ¡.fOqÔ8FX.'OQ36ÕNÔ)â41
FQ.'<;36ÕZ9GFVP[ê{KTDAD.'O�ÔQTÆ9;×6×6FXT�ç402K$9?ÔX.$ÔQ^6.'K)ä	-é.8M�9;5 OQ.�.J0N5îÔQ^6.)36×:×¡.'F$×6ÕNT;Ô�ÔX^:9?ÔÈ@�ê
OQ9;KV×:ÕN0256<,OQMH^:.�K.v9aMH^602.�è;.fO�ÕN.f9;O�Ô	9�èa.�FH9G<a.BM�TaKV×:FQ.fOQOQ0NTa5�.'FQFXT;F�O�025:M�.vKTaFQ.EO�3:â_M�ÕN3:O�ÔQ.'FXO
P;.�.'×ÈKT;FX.�025DãíT;FXK$9?ÔX0NTa5*ä D�ê}OX9GK×6Õ20256<�^:9aO¦OX9GK.L5[3:K�â_.�FvTGãkOQ36â_M�ÕN3¡OqÔX.�FHO�>[â63DÔ�AD36FX0N5:<
M�Õ23:OqÔX.�FX0N5:<�ÔX^6.z.�è;.'F�ê¥MH^:9;56<;0256<�AD.'5:O�0NÔQ02.'O�M'9G3:OQ.LÔQ^6.�FQ.fAD0ZOqÔXFQ02â63DÔX0NTa5´TGã�OQ9;K×6ÕN.zOQ×:9;M�.'O'ä
Ó4T;K.�AD0ZOQOQ02KV02ÕZ9GF�×¡Ta0N5[ÔHO	K$9�1�^:9�è;.vÔXT�â_.�K.�FX<;.fA�9GÔ�T;56.vÔQ02K.;>[9G5:A�C�^6.�5VÔX^6.�M�Õ23:O�ÔQ.�F
<;.�ÔHO�KTaFQ.�OQ×:9aM�.;>¡ÔQ^:.�18M�9;5656TGÔ�â¡.OQ×6ÕN0NÔ�OQTÈÔX^6.�3¡OQ9;<;.�T;ã�ÔQ^6.VO�×¡9;M�.�02OL56T;ÔLT;×6ÔQ02K9;Õ�ä
ìE^6.�FX.�ãíTaFQ.a>60N5]OQT;K.�M'9;OQ.'O'>DÔQ^6.�O�K$9GÕ2Õ2.'O�ÔLO�×¡9;M�.�9$M�ÕN3¡OqÔX.�F�<a.�ÔHO�0N5)ÔX^6.�C�^:T;Õ2.,×6FQTDM�.'OXO
AD.'M�02AD.fO�ÔX^6.¼9aM�M�36FX9aM�1aäkìE^6.´.'FQFXT;FzãíTaF��GP � ×¡Ta0N5[ÔHO ��â63DÖ�.�FV02O�O�K$9GÕ2Õ2.�F�ÔX^:9G5·ÔQ^6. ��9GP
M�9;OQ.�025ÈÔX^:9?ÔvÔQ^:.L5436K�â¡.'F¦T;ã¢O�3:â_M�ÕN3:O�ÔQ.'FXO¦0ZOBÔX^6.zOQ9;KV. � .aä <¡äN>��49 9zãíT;FE@	ê¥OX9GK×6Õ20N56<���ãíTaF
â¡T;ÔQ^8M�9aO�.fO�>6OQT ��9GP$â:3DÖ_.'F�02KV×:ÕN02.'O�ÕZ9GFX<;.'FvM�T;K×6FX.'OXO�02T;5¼FX9GÔQ02T:ä
å�ÕZO�TL0NK×_T;FQÔX9G5[Ô�0N5VOqÔXFQ.f9GK ×6FXT4M�.'OXO�0256<�0ZOkÔQ^6.vFX9GÔQ.v9?Ô�C�^602MH^�×¡Ta0N5[ÔXO�9;FQ.�×:FQTDM�.fOQOQ.'A*ä

ô¥5WT;3:FL.�ç4×_.�FX02KV.'5[ÔXO�C¦.9GFX.�9;â6Õ2.�ÔQTJ×6FXTDM�.'OXOLKVTaFQ.�ÔQ^:9;5 # 97979 9$×_T;025aÔHO�×¡.'FzOQ.'M�T;5:A*ä
�6FXT;Kóë:<;36FX.  ¼C¦.�M'9G5]OQ.�.�ÔQ^:9GÔ�ÔQ^:.�5:9;0Nèa.�M�TaKV×:FQ.fOQOQ0NTa589;MH^602.�èa.'OEãª9aOqÔX.�F�×:FQTDM�.fOQOQ0256<
� �¦¤'x'pgesx'Àaesh�x�o���������� ���������! #"%$'&(��)+*, #".-(/
0��¦¤'x'pgesx'Àaesh�x�o���������� ����132�24 5)6"%7% 58�"%)9 #:.2;8(�<2�=(�9=�>.=(7%:?79�@132�2�"%8A�,B3B%��132�2�"%8;�,B�B4 ����/�C

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
77



FX9GÔQ.;>?â:3DÔBÕZ9GFX<;.�F�.'FQFXT;Ffä?ìE^602O�K9GÔXMH^6.fO�T;36F¦9G5:9;ÕN1DOQ02O�025OQ.'M�ÔQ02T;5� :ä<��9G5:A5 ¡ä �:äGå�M�M�36FH9;M�1
9G5:AV×6FXTDM�.'OXOQ0N56<zFH9?ÔX.�9GFX.�9�ÔQFH9;AD.�ê{T;Ö�ä;ìE^:.�FX.�ãíT;FX.EC�^6.�5ÈA:9?ÔX9 $¡T?C FH9?ÔX.v0ZO�^:0N<a^VCv.�M�9;5
O�C�0NÔXMH^îÔQT/5:9G02è;.JOQMH^6.'K.´ÔXTé×6FXTDM�.fOQO�9GÕ2Õ¦ÔX^6.8A69?ÔH96>�9G5:AîC�^6.�5 $:T?C¹FH9?ÔX.¼ADFXT;×:O�Cv.
M�9G5 O�C�0NÔXMH^·â¡9;MHPéÔQT/KVTaFQ.¼M�T;K×6Õ20ZM�9?ÔX.'A·OXMH^6.'KV.fO,ãíTaF�â_.�ÔQÔQ.�F$9aM�M�3:FX9aM�1;ä¢ìE^6.´ë¡<;36FX.
ADT4.'O�5:TGÔLOQ^6T?C�ÔQ^6.�.�Ö_.fM�Ô�TGã�M�TaKV×:FQ.fOQOQ0NTa5JOQ×:9aM�.'O � ÔQ^:.�OX9GK×6Õ2.�O�0���.�0ZO�ÔX^6.�OX9GK.,ãíTaF
��9GP·9;5:A)�?PÆâ63DÖ�.�F ��ä�7�T?C¦.'è;.'F�Ta36FTGÔQ^:.�F.�çD×_.�FX0NK.�5[ÔHO$O�^6T?C�O�ÔX^:9?ÔãíT;F.fYa3¡9GÕNê}OQ06�'.
OQ9;KV×:ÕN0256<:>DÕZ9GFX<;.'FEâ63DÖ�.�F�OQ×:9;M�.�ÔX.�5:A:OEÔQT$<a.�Ô�â¡.�Ô�ÔX.�F�9aM�M�3:FX9aM�1;ä

5k 10k
0

0.05

0.1

0.15

0.2

0.25

Av
g.

 o
m

pr
es

si
on

 e
rro

r

5k 10k
0

2

4

6

8
x 10

4

Pr
oc

es
si

ng
 ra

te
 (p

ts
/s

)

Buffer size

naive
espl
dtight
dspl

naive
espl
dtight
dspl
regular

���� ³��_³ y{ra�XwqhHl,hHr?o�x'e*�Hegna|}oqhXwqpgr[iat_�Hdfl,m[x�wqpg|¥dfr¼jZd'wL»;£[£¼£[x�o�x��_�Xdfl,mawqhX|¥|¥psd'r)hXw¥wqd�wzx�r4£¼m;wqd'Å
�XhH|¥|¥pgr[izw�x�oqhX|��ZwqhX�Hd'w�£;|BmDhQw¦|¥hX�Hdfr[£ �Q¸

-ð0sÔX^�ÔX^602O	A:9?ÔX9�OQ.�Ô'>?Ta36F	OqÔXFQ.f9GKVê}â:9;OQ.'A�9;ÕN<aT;FX0sÔX^6K ë:5:A:O�M�ÕN3¡OqÔX.�FHO¢C�0NÔQ^<aT[TDA�Ya3¡9GÕNê
0sÔq1]025�K�3:MH^�Õ2.'OXO�ÔQ02K.ÔQ^:9;5WÔX^6.$FQ.'<;36ÕZ9GFzP[ê}KVTDAD.fO,9GÕ2<;TaFQ0NÔQ^6K)ä�ìE^6.È9aM�M�3:FX9aM�18K.'9Gê
O�36FX.�K.'5aÔ�TGã�â_.'O�ÔLFX.'OQ36ÕNÔ�9;MH^:0N.'è;.'A)â41JÔQ^:.�.'Y[3:9;Õsê¥OQ06�'.�OQ9;K×6ÕN0256<¼02O�T;56Õ21 96ä %#� C¦TaFXOQ.
ÔQ^:9;5)ÔQ^:9GÔ�9;MH^:0N.'è;.'AJâ41¼ÔQ^6.�FX.�<a36ÕZ9GF�P[ê}KVTDAD.fO�ä/��9G02è;.�9G5:A8OX9GK×6Õ20N5:<$â:9;OQ.'A8OXMH^6.�K.fO
9GÕ2Õ�9;MH^602.�èa.OQ02<;560Në¡M�9;5[ÔzOQ×¡.'.'AD3:×*äkìE^6.ÈAD145:9;K02M�ÔQ02<;^[ÔX56.'OXO,OQMH^:.�K.$ADT4.'OQ5 � Ô�×:FQT?è40ZAD.
K�3:MH^ OQ×¡.'.'AD3:×*ä�IL5:.]FQ.f9;OQT;5Â0ZO$ÔQ^¡9?Ô´ÔX^6.WOXMH^6.�K.]0ZOÈ×:FQTaâ60N5:<ÆãíT;FJ9G5 9G×:×6FQTa×6FX029GÔQ.
ÔQ02<;^[ÔQ56.fOQOBÔQ^:FQ.fO�^6TaÕ2A � 96ä #79�0N560NÔQ0Z9GÕ2Õ21;>[C�^602MH^´KV.f9G5:OBÔQ^:.�ãíFX.'Y[36.'5:M�1VTGã*ÔX^6.LU/I�(�è�9;ÕN3:.
ãíT;FE.'9aMH^¼AD02K.�5:OQ0NTa5´0ZOE<;FX.'9GÔQ.�FBÔQ^:9;5  9�����>D9;5:AÈÔX^:9?Ô�0NÔ�KV02<;^[ÔE56.�.fAÈÔXTVA6TVM�T;K×6FX.'O�ê
O�02T;5�K�3:ÕsÔX0N×6Õ2.ÔQ02K.'O'ä¢å�Õ2OQT:>�ÔX.'O�ÔQ0256<80Nãv.f9;MH^ÆM�Õ23:O�ÔQ.�F,0ZOzÔX0N<a^aÔV9G5:A/×60ZMHP40N56<)×_T;025[ÔXOzÔXT
M�T;K×6FX.'OXOv0N5[ÔXFQTDAD3:M�.'O�9aA6AD0NÔQ02T;5:9;Õ�T?è;.�FX^6.f9;A�ä


 ��% �! #"BË[Ï?Ë�$&%' �(*),+-)�.¢Ñ'%'Ë[Ï/ 0$�1

å�ÕNÔQ^6Ta36<;^¼ÔQ^6.�A:9?ÔX9OQ.�ÔHOEFQ.fO�0ZAD.�T;5JÕNTDM�9;Õ*AD0ZO�P�>DCv.�ÔXFQ.f9?ÔEÔQ^6.'Kó9aOE0sã¢ÔQ^6.'1¼M�TaK.�ãíFXT;K
9�O�ÔQFX.'9GK)äDì¢T�ADTAD0NÖ_.'FQ.'5aÔX029;Õ_M�ÕN3¡OqÔX.�FX0N56<¡>aCv.zAD0Nè40ZAD.LÔQ^6.zA69?ÔH9�025[ÔQTVK9;541A60sÖ�.�FX.�5[ÔQ0Z9GÕ
36560NÔXO'>;9G5:AOQ.�Ô	ÔX^6.�O�0���.�T;ã¡Ta56.$õQM�36FQFX.�5[Ô�C�0N5¡ADT?C�öz9;O�ë:èa.�AD0sÖ�.�FX.�5[ÔX029;ÕD36560NÔXO'ä;-/.�O�Õ202A6.
ÔQ^6.C�025:ADT?C½â418FQ.'KT?è[0256<´ÔQ^6.V.�Ö�.'M�ÔzT;ãBT;5:.�TaÕ2AD.fOqÔ,AD0NÖ_.'FQ.'5[ÔQ0Z9GÕ�36560NÔ�9G5:Aé9;A6AD0256<J9
56.�C AD0NÖ_.'FQ.'5aÔX029;Õ�36560NÔ'ä

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
78



��Ì�$&% � Ë %' �� �!(F%'(÷ìkTÆOQ^6T?C¹ÔX^:9?ÔÈTa36F´M�T;K×6FX.'OXO�02T;5 OQMH^6.'K.'O$9G5¡A 9;ÕN<aT;FX0sÔX^6KòM�9;5
AD.�ÔX.'M�ÔVÔQ^:.¼MH^:9;56<;.fO�025î9]A69GÔX9WO�ÔQFX.'9;K)>kCv.¼9G×:×6ÕN1�Ta36F�AD0NÖ�.�FX.�5[ÔQ0Z9GÕE9GÕ2<;TaFQ0NÔQ^6K÷ÔQTé9
O�145[ÔQ^6.�ÔQ0ZM,A69?ÔH9O�.�Ô'ä

ìE^6.�O�145[ÔQ^:.�ÔQ0ZM�A69GÔX9<a.�56.'FX9GÔQT;F�Cv.,3:OQ.�0ZO�OQ0NK02Õ29;F�ÔQTÔX^6.�T;5:.�0N5"0 � 3�9G5:A!0 =�3}>6â63DÔ
0sÔ�T;36ÔQ×63DÔHO�M�9GÔQ.�<aT;FX02M'9GÕ_A69?ÔH96äDìE^6.z<;.'56.�FH9?ÔXT;F�ë¡FXO�ÔEMH^:T[T[O�.fO¦9OQ.�ÔETGã�KV.f9G5:OE9;5:AÈè?9GFX0Nê
9G5:M�.'O�ãíFXT;K ÔQ^6.�<a0Nèa.�5FH9G56<a.;>�ÔQ^:.�5$FH9G5:ADTaKÕN1VADFX9�C�O�×_T;025[ÔXO�ãíFQTaK K�3:ÕsÔX0N×6Õ2. � 9;3:OQOQ0Z9G5
AD02O�ÔQFX02â63DÔQ02T;5¡O�>�9G5:A·ë:5:9;ÕNÕ21�FQTa365:A6O�5436K.�FX02M'9GÕBè?9;ÕN36.fO�ÔXT/M�ÕNT[O�.fOqÔ�0N5[ÔQ.'<;.'FXO'>�OQTW9aO�ÔXT
K9;P;.,9/õQM'9?ÔQ.'<;TaFQ0ZM�9;Õ2ö�A69?ÔH9VOQ.�Ôfä6-/.�9GÕZO�TM�Ta5[èa.�FQÔ¦ÔX^6.,T;FX02<;025:9GÕ�K.'9;5:OETGã¢ÔQ^6.�A602O�ÔQFX0sê
â63DÔQ02T;5¡O,0N5[ÔXT80N5[ÔQ.'<;.'F,è�9;ÕN3:.'O,9G5¡Aé3¡O�.VÔQ^:.�K�9;O�ÔQ^:.ÆõqÔQFX36.fö¼KTDAD.fO�ä � .fM�9G3¡O�.TGãvÔQ^:.
M�T;54èa.�FHO�02T;5*>'ÔQ^:.'OQ.�KVTDAD.fO�K$9�1,56TGÔ�â_.vÔQ^6.�Ta×DÔQ02K$9GÕDKTDAD.'O	T;ã:ÔX^6.�A69?ÔH9LOQ.�Ôfä;7�T?Cv.�èa.�Ff>
ÔQ^6.'1¼OQ^6T;36ÕZA¼<;02è;.z3:OE<;3:02A69;5:M�.aä

ILâ[è402T;3:OQÕ21;>�T;3:F�OqÔXFQ.f9GKæâ¡9;OQ.'A�9GÕ2<;TaFQ0NÔQ^6KæC�0NÕ2ÕB×_.�FQãíT;FXKæCv.�Õ2Õ�T;5�365:0sãíTaFQKÕ21éAD0ZOqê
ÔQFX0Nâ636ÔQ.'A)A69GÔX9:ä47�T?C¦.'è;.'F'>4025¼FX.'9;Õ_Õ20Nãí.;>:9O�ÔQFX.'9GK¹A:9?ÔX9OQT;36FHM�.�K$9�1$56TGÔ�â_.z36560NãíT;FXKÕN1
AD02O�ÔQFX02â63DÔQ.fA�>kOQT)C¦.ÈM�FQ.f9?ÔQ.fAé9 õXO�Pa.�Cv.'A6öJA69?ÔH9)O�.�Ô'ä � 9;OQ0ZM�9GÕ2Õ218C¦.$<a.�56.'FX9GÔQ.'A� 8A69?ÔH9
O�.�ÔXO�C�0sÔX^  éOQ.�ÔHOVTGã�K.'9;5:O�9;5:AÆè?9GFX0Z9G5:M�.'O'ä¢ìE^6.JFX9;56<;.fO�T;ã�ÔQ^6.fO�.  éOQ.�ÔHO�T;ã�KV.f9G5:O
×:9GFQÔQÕ21´T?èa.�FXÕ29;×*äDìE^6.�5)Cv.�M�T;5¡M�9?ÔX.�5:9GÔQ.zÔX^6.; ÈA69?ÔH9$O�.�ÔXOEÔXT;<a.�ÔQ^:.�FEÔQT´<;.�Ô�9/õQ^[14â6FX0ZA6ö
A69?ÔH9�OQ.�Ôfä4ìE^:02OvA69?ÔH9�OQ.�Ô�M�Ta5[ÔX9G025:O ��9 97979 9z×¡Ta0N5[ÔHOv9;5:A$ÔX^6.�5[3:K�â_.�FETGã*ãí.f9?ÔX36FQ.fOB0ZO �49:ä
@B9;MH^$OQ36âÈA69GÔX9�OQ.�ÔB^¡9;O �	9,M�Õ23:O�ÔQ.�FHO'ä;å�5:AÈC¦.�OQ.�ÔBÔQ^6.L5[3:K�â_.�F�T;ãkM�Õ23:OqÔX.�FHO�9;O ��9zC�^6.'5
C¦.,ADT$M�Õ23:O�ÔQ.'FQ0256<:ä6ìE^:.zM�36FXFQ.'5aÔEC�025:ADT?C�OQ0���.z02O �	979 979�×_T;025[ÔXO'>:9G5¡A´.f9;MH^¼A60sÖ�.�FX.�5[ÔQ0Z9GÕ
36560NÔzM�T;5[ÔX9;0N5:O �49 979$×_T;025[ÔXO'ä_ìE^:.�ÔqCvT¼OX9GK×6Õ20N5:<´â:9aO�.fA]OQMH^:.�K.'OL3:OQ.'O �4979È×¡Ta0N5[ÔXOz9aO
OQ9;KV×:ÕN.z×_T[TaÕkOQ06�'.;ä

IL36F¢9;ÕN<aT;FX0sÔX^6K T;3DÔX×63DÔXO�9�O�.�Ô¢TGã¡KVTDAD.fO*ãíTaF¢.f9;MH^�M�36FXFQ.'5aÔ¢C�0N5:A6T?C � ë:FHOqÔ�C�025:ADT?C;� O
FQ.fO�36ÕNÔB0ZO�<a.�56.'FX9GÔQ.'A9GãRÔQ.�FB×6FQTDM�.'OXO�.fA �	979 979�×¡Ta0N5[ÔHO�ä[å�ãRÔQ.'F�ÔX^:9?Ôf>[9zFX.'OQ36ÕNÔB02OB<;.'56.�FH9?ÔX.'A
C�^6.�5$ÔX^6.�5:.�ç4Ô �797979�×_T;025[ÔXOv9GFX.�FQ.fM�.�02è;.fA<��ä4Ó4025:M�.L0sÔv02OBè;.�FX1AD0 
ÈM�36ÕsÔ¦ÔQT�è[0ZOQ3:9GÕ206�'.�ÔQ^:.
�49?ê¥AD02K.�5:OQ0NTa5:9GÕkKVTDAD.fO � >¡Cv.�ÔH9GP;.�ÔQ^6.�ãíT;36FzO�.�ÔXOLTGã�õ�ÔQFX36.'öKTDAD.'O � = > � ` > � � 9;5:A
�  >�9G5:A�M�TaK×63DÔQ. � *�� �8� � 1 ��� �W1 
�4 �P1�� 1>�R1, ¡ä ��02<;36FX.$� � Õ2.�ãRÔ ��OQ^6T?C�O�ãíT;36F�M�36FXè;.fO
<;.�5:.�FH9?ÔQ.fAÆâ41�T;56.JFQ3:5îTGã�ÔX^6.89GÕ2<;TaFQ0NÔQ^6K!â:9aO�.fA·T;5·ÔQ^6. D�ê}OQ06�'.¼OX9GK×6Õ20N5:<éOXMH^6.�K.;>
9G5:A8.f9;MH^]M�36FQèa.�0ZOL9 � *�� �8� � 1 � � ��C,ä F'ä Ô'ä¡ÔQ^6.�.�5:AWTGã	ÔX^6.VM�36FXFQ.'5aÔLC�0N5:A6T?C,ä ��02<;36FX.
� � FX02<;^[Ô���O�^6T?C�OV9WA60sÖ�.�FX.�5[Ô×6FQ.fO�.'5[ÔX9?ÔX0NTa5·TGã�ÔQ^6.J<;.'56.�FH9?ÔX.'A�FX.'OQ36ÕsÔHO2��.f9;MH^·×_T;025[ÔV025
ÔQ^6.�×6ÕNT;Ô�0ZO�ÔQ^6.V9�è;.�FH9G<a.,AD02O�ÔX9;5:M�.�ãíFQTaK 9ÈM�36FXFX.�5[ÔLC�025:ADT?C;� O�KTDAD.'O�ÔQT¼0sÔHO�×:FQ.'è[02T;3¡O
C�0N5:A6T?C;� OEKTDAD.'O'ä��6TaF�TGÔX^6.�F�M�T;K×6FX.'OXO�02T;5JOQMH^6.'K.'O'>DC¦.,<a.�Ô�O�02K0NÕZ9GF�FX.'OQ36ÕNÔXO'ä

0 5 10

x 10
4

0

5

10

15

20

25

SD
EV

End of current window

SDEV(S,S1)
SDEV(S,S2)
SDEV(S,S3)
SDEV(S,S4)

2 4 6 8 10

x 10
4

0

1

2

3

4

5

6

7

8

SD
EV

End of current window

���� ³��:³�� ¤�d'esn;oqpgdfr�£ahQoqhH�Xoqpgdfr�n[|¥pgrai � Åª|¥p��Xh¦|qx�l,m[egpgr[ia¸8�	�¡hXjNo3�k�Hd'l,m4x�wqpsraiEwqhH|¥n[e~o�l,dG£ahH|*º�p~oq�
m;wqh�£ahQ¶4r[hH£�l,dG£;hH|�
@�RûBpgif�?o3��m4x�p~w¥º�ps|¥h�£;ps|}o�x�r[�HhEjNwqdflï�Hn;w¥wqhHr?o�l,dG£ahH|�oqdzm;wqhH¤Gpgdfn[|�l,dG£;hH|

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
79



-é.WM'9G5 OQ.�.]ÔQ^:9GÔ´0N5 ÔQ^6.éÕN.�ãRÔ´ë:<a36FQ.a>�ãíFXT;K ��9 97979GÔQ^Â×_T;025aÔ¼×¡T[O�0NÔQ02T;5ðÔXTî9Gâ_T;36Ô
�� 9 979GÔQ^ ×_T;025[ÔW×_TaOQ0sÔX0NTa5*>�ÔQ^:.îM�Õ23:O�ÔQ.�FHO8<a.�56.'FX9GÔQ.'AÉ9GFX.�×6FX.�Ô�Ôq1ÉM�Õ2TaOQ.�ÔQT � = >�C�^602Õ2.
� *�� �C� � 1 � ` ��> � *�� ��� � 1 � � �$9G5¡A � *�� �8� � 1 �  �È9GFX.8K�3:MH^ðÕZ9GFX<;.'F'äBìE^:.�5ÂÔQ^:.�FX.02O�9/õQKV0NçD.'A¼×6^:9aO�.fö�C�^:.�FX.LÔX^6.�M�3:FQFX.�5[Ô�C�0N5¡ADT?C�M�T;5[ÔX9;0N5:O�A:9?ÔX9�ãíFXT;K¹â_TGÔX^JÔQ^6.zë:FHO�Ô
9G5:A�ÔQ^6.�OQ.'M�T;5:A�AD02O�ÔQFX02â63DÔQ02T;5kä;ìE^6.�M�Õ23:O�ÔQ.�FHO�â¡.fM�TaKV.�AD0ZOXO�02K0NÕZ9GF�ÔQTzâ_TGÔX^éõ�ÔQFX36.'öLKT4A6.
O�.�ÔXO'>�9;5:A8ÔX^6.�5/<;FH9;A63:9GÕ2ÕN1J<;TJM�Õ2TaOQ.�ÔXT � ` ä*Ó402KV02ÕZ9GFXÕN1a>¡ÔX^6.M�Õ23:OqÔX.�FHO�â¡.fM�T;K.M�Õ2TaOQ.�ÔXT� � 9G5¡A �  025$Õ29GÔQ.'FB×6^:9aO�.fO�ä;ô¥5ÔQ^6.LFQ02<;^[Ô�×6Õ2TGÔf>GÔQ^:.�×_.'9GPDO¦9G×6×6FXT�çD0NK$9GÔQ.'O�ÔX^6.�×_TaOQ0sÔX0NTa5C�^6.�FX.�9$C�025:ADT?CïM�T;5[ÔX9;0N5:0N56<¼A69?ÔH9È×636FX.�Õ21JãíFQTaK 9´56.�CïOQ.�ÔzTGã�KTDAD.fO�ä_ô}ÔL0ZO�Taâ4è[02T;3¡O
ÔQ^:9GÔÈT;36F$9GÕ2<;TaFQ0NÔQ^:KòM�9G5ÂAD.�ÔQ.'M�Ô$ÔQ^6.8.'è;TaÕN3DÔX0NTa5î025Â365:AD.'FQÕ2140N56<�A69GÔX9�9G5:A <;.'56.�FH9?ÔX.
M�Õ23:OqÔX.�FHOvâ:9;OQ.'A$Ta5ÈÔX^6.,M�36FXFQ.'5[Ô¦C�025:ADT?C,ä #�Õ2TGÔHO¦Õ202P;.�ÔX^6.zT;56.LÔQT�ÔQ^:.�FX02<;^[ÔvM'9G5´è40ZO�3¡9GÕNê
06�'.�ÔQ^:.LMH^:9;56<;.fO�TGã*KTDAD.fO¦9;5:AÈ9GFX.�KT;FX.�3:OQ.�ãí3:Õ¡025´×6FH9;M�ÔQ0ZM�9;Õ¡9G×:×6ÕN0ZM�9GÔQ02T;5:O � C�^602Õ2.�Cv.
ADT$56TGÔ�P456T?C ÔQ^6.WõqÔQFX36.fö�KTDAD.fO ��ä6-é.�M�9G589;Õ2OQT<;.�5:.�FH9?ÔQ.fOE×6Õ2TGÔXO�T;5JKVTDAD.fO�MH^:9;56<;.fO
C�0sÔX^ÈÕNTa56<;.'F�OqÔX.�×:O � OX9�1;>[AD02O�ÔX9;5:M�.L9;M�FXTaOXO ��9,M�36FXFQ.'5aÔ�C�025:ADT?C�O���>[MH^:9G5:<;.'O�T;ã�ÔQ02<;^[ÔQ56.fOQO
TGã	M�Õ23:OqÔX.�FHO�>6MH^¡9G56<a.'OvTGã¢ÔQ^6.�OQ06�'.'OET;ã�M�ÕN3:O�ÔQ.'FXO'>69G5¡A¼OQTVãíT;FQÔQ^*ä

Ê8Ð¢Ð �!(F% ( �6TaF�ÔQ^6. � D D.��9 �¾A69GÔX9$OQ.�Ô'>:ÔQ^6.VAD0NÖ_.'FQ.'5aÔX029;Õ*36560NÔ�OQ0���.,0ZO�OQ.�Ô�ÔXT$ 9 979
×¡Ta0N5[ÔXO'>*9G5¡A]ÔX^6.ÈM�36FXFX.�5[Ô�C�025:ADT?C O�0���.0ZO �49 97979´×¡Ta0N5[ÔHO�ä ��36K�â_.�F,T;ãvM�Õ23:O�ÔQ.'FXOz0ZO���9:>
9G5:AJOQ9;K×6ÕN.�OQ0���.z02O �7979V×_T;025aÔHO�ä
ô¥5$ë:<;3:FQ. #6>aÔQ^6.LFQ.'<;36ÕZ9GF¦Paê}KTDAD.'Ov9GÕ2<;TaFQ0NÔQ^6K T;5:ÕN1FX365:O¦T;5$ÔX^6.LÕZ9;O�ÔvM�36FXFQ.'5aÔ¦C�0N5Dê

ADT?C TGã,ÔQ^:.éA69GÔX9·OQ.�Ô¼9;5:A MH^6T4T[O�.fO$0N5:0sÔX029;ÕL×_T;025[ÔXO$ãíFXT;K 0NÔ'>vC�^60NÕ2.]ÔX^6.éA60sÖ�.�FX.�5[ÔQ0Z9GÕ
9GÕ2<;T;FX0NÔQ^6K ^:9aO�ÔXT¼3:OQ.�KTDAD.fO�ãíFXT;K ×6FX.�è402T;3:O�M�3:FQFX.�5[ÔLC�025:ADT?C,ä�ìE^6.AD0NÖ_.'FQ.'5aÔX029;Õ	9GÕNê
<;T;FX0NÔQ^6K â¡9;OQ.'AéT;5/T;36F�M�T;K×6FX.'OXO�02T;5/OQMH^6.'K.'O,9;MH^:0N.'è;.'O�CvT;FHO�.9;M'M�36FH9;M�1]M�TaKV×¡9GFX.'A
C�0sÔX^�ÔX^6.EFQ.'<;36ÕZ9GF�P[ê}KVTDAD.fO�9GÕ2<;T;FX0NÔQ^6K)>�^6T?Cv.�è;.'F'>'ÔQ^:.�FQ.'<;36ÕZ9GF�P[ê{KTDAD.'O	9;ÕN<aT;FX0sÔX^6K½^:9aO
ÔQT$O�.'ÕN.fM�Ô�O�ÔX9GFQÔQ0256<V×¡Ta0N5[ÔHOvãíFQTaK¾.'9;MH^JM�36FXFX.�5[Ô�C�0N5:A6T?C 9G5:A¼3:OQ.'OvK�3:ÕsÔX0N×6Õ2.,0NÔQ.�FH9?ÔX0NTa5:O'>
^6.�5:M�.,02OE5:TGÔ�×6FH9;M�ÔQ0ZM�9GÕ�02589VO�ÔQFX.'9;K¹.�54è402FQTa56K.�5[Ô'ä

5

6

7

8

9

10

11

12

13

14

15

naïve espl dtight dsize regular

Compression schemes

A
vg

.d
is

ta
nc

e
to

m
od

e

Min
Avg

���� ³��:³ � p~µ6hXwqhXrGoqpsx�e��Hegn[|}oqhXwqpgrai�hXw¥wqd�w��Hd'l,m4x�wqpg|¥d'r¡t6»;£[£���ýHü�£ax�o�xG¸¡c�dfl,mawqhX|¥|¥psd'rÈ|¥�Q�ahHl,hH|
�ZjNwqdfl eghXjNo,oqd´wqpgi'�Go3� �kr[x'pg¤�h 
*h��?n[x'e~Åª|¥p��Xh|qx'l,maespgrai 
k£;�;r[x'l,pg��oqpgi'�GoqrahH|¥|�
 � Åª|¥p �Hh|qx'l,maegpsrai 
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KVTaFQ.�OqÔH9Gâ6Õ2.;ä[ô¥5ÈÔX^60ZOvOQ.'M�ÔQ02T;5¼C¦.�M�T;K×:9;FQ.�T;36Fv0N5¡M�FX.�K.�5[ÔX9;Õ_9;ÕN<aT;FX0sÔX^6K�C�0sÔX^ ��I,I�S*ê
�vå	ìzä
ô¥5aÔX.�FX.'O�ÔQ0256<;Õ21;>D9;ÕsÔX^6T;36<a^´ÔX^6.,P[ê{KTDAD.fO�9GÕ2<;T;FX0NÔQ^6K¹9;5:A ��I,I�S �vå	ì â_TGÔX^¼ÔX.�5:A¼ÔXT

×63DÔÈõQOQ02KV02ÕZ9GFHö�×_T;025[ÔXOE025aÔXTÔQ^6.�OX9GK.,M�Õ23:O�ÔQ.'FXO'>4ÔQ^6.'0NF�9aOQOQ02<;56K.�5[Ô�TGã�56.�CÉ×_T;025aÔHOE0N5[ÔXT
.�çD02O�ÔQ0256<�M�Õ23:O�ÔQ.�FHO$M�9;5îâ_.8AD0sÖ�.�FX.�5[Ôfä	ô¥5 â6FX02.�ãq>�ÔQ^:.JFX.'9aO�Ta5ÆãíT;FÔX^6.8AD0ZOQ9;<;FX.�.�K.'5aÔV02O
ÔQ^:9GÔP[ê}KT4A6.'OT;5:ÕN1îM�T;K×:9;FQ.fO�56.'C ×_T;025[ÔÈC�0sÔX^îÔX^6.]UéI)(�>	C�^602ÕN.).'5aÔXFQTa×41Æ02O$9;Õ2OQT
9?Ö�.'M�ÔX.'A)â41ÈÔX^6.�A602O�ÔQFX0Nâ:3DÔQ02T;58T;ã�T;ÔQ^6.'F�×_TaOXO�02â6Õ2.,è�9;ÕN3:.'O'ä:ìE^60ZO�K$9GPa.'O ��I,I�S �vå	ì ÔXT
0N5:M�36F�K�3:MH^8^6.f9�è[02.�FLM�T;K×636ÔX9?ÔX0NTa58M�TaO�Ô�ÔX^:9G5)ÔX^6.�P[ê}KVTDAD.fO�ä�IL5)ÔQ^6.�TGÔQ^:.�F�^:9;5:A�>¡Paê
KVTDAD.fOB<a3:9GFH9G5[ÔX.�.'O�ÔX^:9?ÔvKTaO�ÔvAD02K.�5:OQ0NTa5:O��aUéI)( TDM�M�36FXFQ.'5:M�.fO	<;.�ÔB0N5¡M�FX.'9;OQ.'A*>;C�^60ZMH^
AD.'M�FQ.f9;OQ.,ÔQ^6.�×:9GFQÔ�T;ã�.�5[ÔQFXT;×41J<;.�5:.�FH9?ÔQ.fAJãíFQTaK ÔX^6.'OQ.�A60NK.�5¡O�02T;5:O'ä*IL36F�.�ç4×_.�FX02KV.'5[Ô
O�^6T?C�O�ÔQ^:9GÔ¢P[ê{KTDAD.fOkM�9;5,<;.'56.�FH9?ÔX.	×6FQ.�Ô�Ôq1�<;T4TDAz.�çD×_.'M�ÔX.'Az.'5aÔXFQTa×41�TGã:9;ÕNÕ;ÔQ^6.vM�Õ23:O�ÔQ.�FHO'ä
-é.v9;ADTa×DÔQ.fA�ÔQ^6.¦.�FXFQTaF�KV.f9;OQ36FX.�K.�5[ÔXOk3:OQ.'A,025$0  73{äfô¥5�â6FX02.�ãq>�ÔX^6.B.�çD×¡.fM�ÔQ.fA,.�5[ÔXFQTa×[1

TGã�ÔQ^6.�M�ÕN3:O�ÔQ.'FXOE0ZO�AD.�ë:56.'A)9aO
�� � G�� � ��4 �
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� MTD�� Y
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C�^6.�FX.�� � � � 0ZO�ÔX^6.�×6FXT;â:9;â602ÕN0NÔq1¼025]M�Õ23:O�ÔQ.'F 9¼ÔQ^¡9?Ô������´AD0NK.'5:O�02T;5]ÔX9GPa.'O�è?9;ÕN36. � ä¡ìE^:.O�K$9GÕ2Õ2.�F �� � G�� � �¦02O'>DÔX^6.,â¡.�Ô�ÔX.�F�ÔX^6.�M�Õ23:O�ÔQ.�FX0256<FQ.fO�36ÕNÔXO'ä
� ±[���� �[³ û¦hH|¥nae~oq|Bd'rV»;£[£Èý�ü � £[x�o�x �íx�¤Gi;¸[d�j � wqn[ra|X�

�;hXo¥oqpgrai c�d?d'eg��x�o � Å�|¥mae
l ü � þ�ü � ��ü � �fü � ù��'�

Àanaµ6hXw)�RmDd'pgrGoq|X� ýHü'» �füfü �fü'ü ý�ü�» ýHü'»
|qx'l,maegh��RmDdfpgr?oq|X� ýHüfü ý�üfü ý�ü'ü ý�üfü þ�üfü
��pgl,h0�R|¥hH�Hd'r4£a|X� ���Gý � ���  �aý'ý ý � þ ��þ ���

� r?o¥wqdfm?� �G¸ ü��!� �;¸ ü���� �;¸ þ�ü!� �a¸gý�þ � �;¸sý"���

ì¢9;â6ÕN. �JOQ^6T?C�O�ÔQ^6.JFX.'OQ36ÕsÔHOVT;5 9Wâ6025:9GFX1�è;.�FHOQ0NTa5·TGã � D D ��9 �!A69?ÔH96ä�IL36F$9GÕNê
<;T;FX0NÔQ^6K 3:OQ.'O�ÔQ^:.V.fY[3:9GÕNê}OQ0���.�OX9GK×6Õ20256<JOXMH^6.'KV.aä D�36.�ÔQTJÔX^6.�.'5[ÔQFXT;×418M�T;K×636ÔX9?ÔX0NTa5
T?è;.�FX^6.f9;A�>F��I,I�S��vå	ìðFX365:OvKT;FX.�.2
$M�0N.'5[ÔQÕ21ÈC�0sÔX^´â6025:9;FQ1ÈA69GÔX9:ä4ìE^:.�FX.�ãíT;FX.�Cv.zM�T;56ê
è;.�FQÔ	ÔQ^:.�5[3:KV.'FQ0ZM�9;Õ6è?9GÕ236.'O�0N5[ÔQT,â:0N5:9;FQ1�M�9?ÔX.�<aT;FX02M'9GÕ4è?9GÕ236.'O�9aM�M�T;FHAD0N5:<LÔXT$0  73 �GãíT;F�.f9;MH^
5[3:KV.'FQ0ZM�9;Õv9GÔ�ÔXFQ02â63DÔX.;>�9]K.fAD029;5 è?9;ÕN36. � 9aM�FXTaOXO,ÔX^6.)C�^6T;Õ2.¼A69GÔX9/O�.�Ô���0ZO�ÔH9GPa.�5î9;5:A
9G541Wè?9GÕ236.$Õ2T?C¦.'FzÔQ^:9;5·9�è;.'FX9;<;.V02O,FX.'M�T;FHAD.'A/9;O�96>*T;ÔQ^6.'FQC�0ZO�.È9aO��;ä¢ìE^6.È5436K�â_.�F�TGã
M�Õ23:OqÔX.�FHO�02O �DäGìE^:. ��I,I�S �vå	ìÆ.�çD.'M�3DÔX9;â6Õ2.¦FH9G5:A6T;KÕN1,FX.�TaFXA6.�FHO�ÔQ^:.v×_T;025[ÔXO�025�0NÔXO�.f9;MH^
FQ365k>¡9G5¡A8.'9aMH^8FQ3658T;ã�T;36FL9GÕ2<;T;FX0NÔQ^6K ×6FXT4M�.'OXO�.fOEÔQ^:.�×_T;025aÔHO�9aM�M�TaFXA60N56<ÔXT$ÔQ^:.�T;FHAD.'F
<;.�5:.�FH9?ÔQ.fA8â413��I,I�S��vå	ìïOQ.�ÔQÔQ0256<)T;56. � ë¡FXO�ÔzA:9?ÔX9JM�TaÕN3:KV5é0N5éÔX9;â6Õ2. � ��ä*ì¢T¼â_.�ãª9;0NF
ÔQT ��I,I�S �vå	ìz>GÔX^6.�ÔX0NK.�ÔXT�M�T;K×63DÔX.�ÔQ^:.�.�çD×_.'M�ÔQ.'AÈ.�5[ÔQFXT;×41�9GÔBÔX^6.�.'5:A$0ZOB025:M�Õ23:AD.fA
0N5WÔQ^6..�çD.fM�3DÔX0NTa5]ÔQ02K.�T;ãBT;3:Fz9;ÕN<aT;FX0sÔX^6K)ä¡-/.V3:O�.�ÔQ^:.VAD0ZOXO�02K0NÕZ9GFX0sÔq18FX0256<´KTDAD.�Õ�ÔXT
0N560NÔQ0Z9GÕ20���.¦ÔQ^6.EM�Õ23:O�ÔQ.�FHO'äfå�ÕNÕ4ÔX^6.vO�ÔX9;F�ÔX0N5:<�×_T;025aÔHO�9GFX.¦OQ.�Õ2.'M�ÔX.'AzãíFXT;K ÔX^6.¦ë:FXO�Ô�C�0N5:A6T?CÆTGã
A69?ÔH96ä:ìE^6.,×¡9GFH9GK.�ÔX.�F�, ãíFXT;K¾ÔX^6.���I,I�S �vå	ì 9GÕ2<;TaFQ0NÔQ^:K¹02O�ÔQ^6.�×_.�FHM�.'5[ÔX9G<a.zTGã�FQ.�ê
×6FQTDM�.'OXO�.fA�×_T;025[ÔXO'äaìE^6.�OQ9;K×6ÕN.�3¡O�.fA$â41���I,I�S �vå	ìî0ZO	ãíTaFB02560sÔX029;ÕN0��'9GÔQ02T;5 �a0sÔEADFH9�C�O	9
OQ9;KV×:ÕN.�ãíFQTaK ÔX^6.�C�^6TaÕN.�A69?ÔH9;OQ.�Ôf>a9G5¡AÔQ^6.LKTaO�ÔvAD0ZOQOQ02KV02ÕZ9GFB×_T;025[ÔXOv9GFX.�OQ.�Õ2.'M�ÔX.'AVãíFXT;K
ÔQ^60ZO�OX9GK×6Õ2.z9aOvÔQ^6.,02560NÔQ0Z9GÕ*KTDAD.fO � OQT$0sÔ�OXM�9;5:O¦ÔQ^6.�A69GÔX9�ÔqC�0ZM�. ��ä
Ó40N5¡M�.]Cv.]T;5:ÕN1Â^:9�èa.)ÔQ^6. ��I,I�S��vå	ì .�çD.'M�3DÔX9;â6Õ2.;>BCv.WM'9G5ðT;5:ÕN1 K.'9;OQ36FX.8ÔQ^:.

.�çD.'M�3DÔQ02T;5VÔQ02K.�TGã>��I,I�S �vå	ìîâ41�FX.'M�T;FHAD0256<�ÔQ^6.�×:FQTDM�.fOQO�FQ365:560N5:<zÔQ02KV.a>a9;5:A0sÔ¦K9�1
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56TGÔzâ¡.M�TaK×6ÕN.�ÔQ.'ÕN189;M'M�36FH9?ÔX.;ä�7�T?Cv.�èa.�Ff>DãíFQTaK ÔQ^6.�ÔX9;â6Õ2.�Cv.VM'9G5WOQ.�.�T;36Fz9GÕ2<;TaFQ0NÔQ^6K
3:O�.fO�OQ0N<a560Në¡M�9;5aÔXÕN1JÕ2.'OXO�ÔQ02K.�ÔXT´×6FXTDM�.'OXOEÔX^6.�A69GÔX9ÈOQ.�Ô � ÔX^6.�ÔX0NK.�F�.�FXFXT;F�ÔX^[3¡O�M�9;5]â_.
0N<a56T;FX.'A<��ä[ìE^:. ��I,I�S��vå	ìð9;ÕN<aT;FX0sÔX^6K�O�.'.�K$O�ÔXT�â_.�ãª9aOqÔX.�FvC�^6.�5´â63DÖ�.�F�O�0���.L02OvOQK9;ÕNÕ
FX9GÔQ^6.'FEÔQ^:9;5¼â602<:ä¡7�.�5¡M�.zC¦.,×:FQ.fO�.'5aÔ�FX.'OQ36ÕNÔXOvãíT;F�A60sÖ�.�FX.�5[Ô�O�.�Ô�ÔX0N56<[O�ä
ìE^6. ��I,I�S �vå	ì¹9GÕ2<;TaFQ0NÔQ^:K!FX365:OOQ0N<a560Në¡M�9;5aÔXÕN1ÆOQÕNT?Cv.�F�ÔQ^¡9G5îTa36F$9GÕ2<;TaFQ0NÔQ^6K�025

9GÕ2ÕkÔX^6.VOQ.�ÔQÔQ0256<aO'ä�å�ÕNÔQ^6Ta36<;^WÔQ^6.�<;Ta9;ÕkT;ãBT;36F�9GÕ2<;TaFQ0NÔQ^6K 0ZO�ÔXT´K02560NK0���.�ÔQ^6.9�è;.'FX9;<;.
AD02O�ÔX9;5:M�.EãíFXT;K .'9aMH^V×_T;025[Ô�ÔQTzÔX^6.�M�T;FXFQ.fO�×_T;5:A60N56<zKTDAD.;>;0sÔ¦A6T[.fO�9;MH^:0N.'è;.E×6FX.�Ô�Ôq1V<;T4TDA
.�çD×¡.fM�ÔX.'AÂ.�5[ÔXFQTa×[1 M�TaKV×¡9GFX.'A C�0sÔX^ðÔQ^6. ��I,I�S��vå	ì 9GÕ2<;T;FX0NÔQ^6K)ä��6TaF ��I,I�S �vå	ìz>
â60N<a<;.'F , 9G5:A/ÕZ9GFX<;.'F�â:3DÖ_.'F�OQ06�'.$K$9GP;.$M�ÕN3:O�ÔQ.'F�Y[3:9GÕ20NÔq1]â¡.�Ô�ÔX.�Ff>kâ63DÔ�ÔQ^6.$.�ç4.fM�3DÔX0NTa5
ÔQ02KV.0ZOzÕNTa56<;.'F'ä*IL56Õ2180N5éÔQ^:.VÕZ9;O�Ô�O�.�Ô�ÔX0N56<)ADT4.'O�ÔX^6.C��I,I�S��vå	ìï9;ÕN<aT;FX0sÔX^6K 9;MH^602.�èa.
9G5).�5[ÔQFXT;×41´OQÕ20N<a^aÔXÕN1´â¡.�Ô�ÔQ.'F�ÔX^:9G5)T;3:FXO'>Dâ63DÔ�ÔX^6.�.�çD.fM�3DÔX0NTa5¼ÔX0NK.,0ZO�9Gâ_T;36Ô � %�9�ÔX0NK.'O
ÕNTa56<;.'F�ÔQ^¡9G5·Ta36FXO'ä�-é.Jâ¡.'ÕN02.�èa.ÈÔX^:9?ÔO�×_.�.fA·0ZO�èa.�FX1é02K×¡TaF�ÔH9G5[Ô�025î×6FXTDM�.fOQOQ0N5:<]A69?ÔH9
OqÔXFQ.f9GK$O�ä?Ó4025:M�.ETa36F�9;ÕN<aT;FX0sÔX^6K FQ3:5:O�0N5VK�3:MH^VO�^:T;FQÔQ.�F¢ÔQ02K.;>?0NÔ�M'9G5�â¡.E3:OQ.'A�ÔQT�×6FQTDM�.'OXO
A69?ÔH9V9;FQFX02è[0256<9?Ô�9K�3¡MH^¼^602<;^:.�F�FH9?ÔQ.aä

� ��ß�Û6ß�Ü�( - ÝBÜ�/

-é.È×:Õ29;5�ÔQT]3:OQ.$ÔX^6.´AD0NÖ_.'FQ.'5[ÔQ0Z9GÕ¦9;ÕN<aT;FX0sÔX^6K ÔXTW9G5¡9GÕ21 �'.FQ.f9GÕBA69GÔX9]OQ.�ÔHO�9;5:AéÔQFX1WÔXT
ë:5:A¼ÔQ^6.zÔX0NK.�ê{FX.�ÕZ9?ÔX.'AJMH^:9G56<a.'OvTGã�KTDAD.�ÕZOE0N589;5J.2
ÈM�02.�5[Ô�Cv9�1aä
å�56T;ÔQ^6.'F�0N5[ÔQ.'FQ.fOqÔX0N5:<V×:FQTaâ6ÕN.'K 0ZO�^6T?CÉ9VO�ÔQFX.'9;K¹K0N5:0N56<È9;ÕN<aT;FX0sÔX^6K OQ^6T;3:Õ2AJFX.'9;M�Ô

C�^6.�5$9zOqÔXFQ.f9GKï<a.�ÔHO�ÔQ36FX56.fAéõQTGÖ�öz9G5:Aéõ�Ta5:ö6>?TaF	FX9GÔQ^6.'F'>?C�^:.�5�ÔQ^6.'FQ.�0ZO�9�ÕNTa56<z×¡.'FQ02TDA
TGã�ÔQ02KV.zÔX^:9?Ô�5:TA:9?ÔX99;FQFX0Nèa.;äDìE^6.,TaÕ2A¼KT4A6.�Õ � M�T;K×6FX.'OXOQ.'A¼â¡.�ãíT;FX.LÔX^60ZO�ÕNTa56<×:9G3¡O�. �
K9�1Â<a.�Ô¼Õ2.'OXO¼0NK×_T;FQÔX9G5[Ôf>¦TaF¼^:9�èa.WAD0NÖ_.'FQ.'5[ÔJK.'9;560256<aO'>¦TaF´.�ç4×:0NFX.éM�T;K×6Õ2.�ÔQ.'ÕN1aä�å
OqÔXFQ.f9GK¹K02560N5:<È9GÕ2<;T;FX0NÔQ^6K¹OQ^6T;3:Õ2A¼â¡.�9;â6Õ2.zÔQT^:9G5¡ADÕN.zÔX^6.'OQ.,O�0NÔQ3¡9?ÔQ02T;5¡O�ä
ìE^6.�OqÔXFQ.f9GK¹×:FQTDM�.fOQOQ0256<V9;Õ2OQTFQ.fY[360NFX.'O,D � UWÓJÕN.'è;.'Õ*O�36×:×¡TaF�ÔHOEãíT;F�O�ÔQFX.'9;K Y[36.�FX1[ê

0N56<¡>6A69?ÔH9$M�9aMH^60N5:<:>40N5¡M�T;K0256<FX9GÔQ.zè?9GFX029;5:M�. $¡9GÔ�ÔX.�560256<:>69;5:A)O�TVãíTaF�ÔX^*ä

� �éÝ¦Ú�à *�ß �4áqÝBÚ

ìE^602Ov×:9;×¡.'FE×6FQTa×¡T[O�.fOB9VAD0NÖ_.'FQ.'5aÔX029;Õ_M'9?ÔX.�<;TaFQ0ZM�9;Õ¡O�ÔQFX.'9;K�M�ÕN3¡OqÔX.�FX0N56<9GÕ2<;TaFQ0NÔQ^:K â¡9;OQ.'A
T;5 OQ.�èa.�FH9GÕvM�T;K×6FX.'OXOQ0NTa5·OQMH^6.'K.'O'äA�v9GÔQ.�<aT;FX02M'9GÕBA:9?ÔX9/O�ÔQFX.'9GK M�ÕN3:O�ÔQ.'FQ0256<é02O9WMH^¡9GÕNê
ÕN.'56<;0256<´×:FQTaâ6ÕN.'K AD36.�ÔQTÈÔX^6.V0N56^:.�FX.�5[ÔzM�T;K×6Õ2.�çD0NÔq1JT;ãBM�9GÔQ.�<aT;FX02M'9GÕkA:9?ÔX9´×6FXT4M�.'OXO�0256<¡ä
ìkTV×6FXT4M�.'OXOB^:0N<a^´O�×_.�.fA¼O�ÔQFX.'9;K$O�>49GÕ2<;TaFQ0NÔQ^6K$OB56.�.fAÈÔXT�9;MH^:0N.'è;.�^:0N<a^´×6FXTDM�.'OXOQ0N56<�FX9GÔQ.aä
IL36F$9GÕ2<;T;FX0NÔQ^6K M'9G5 <;.�5:.�FH9?ÔQ.)9G5Â9G×:×6FQT�çD02K$9?ÔQ.)M�Õ23:O�ÔQ.'FQ0256</FQ.fO�36ÕNÔ$T;5 ÔQ^6. $:1îC�0sÔX^
FQ.f9;OQT;5:9;â6ÕN.�9aM�M�36FX9aM�1aä¡ìE^6.VAD0sÖ�.�FX.�5[ÔX029;Õ�M�ÕN3:O�ÔQ.'FQ0256<´ãí365:M�ÔX0NTa5W0ZO�èa.�FX1¼.�Ö_.fM�ÔX0Nèa.�025]ÔQ^:.
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Modeling Microarray Datasets for Efficient Feature 
Selection 
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Abstract. Modeling multiclass gene expression datasets for the purpose of clas-
sification is still largely an unexplored area of research.  In this paper, we pro-
pose two approaches that can be used to model such microarray datasets.  We 
established the usefulness of the artificially generated datasets by demonstrating 
how they can improve the efficiency of a known feature selection technique.  In 
this study, the proposed models enable predetermination of parameters in fea-
ture selection based on characteristics of the dataset alone.  This precludes the 
need for parameter tuning in inner cross-validation loops, radically reducing the 
computational costs of the predictor set search.  Our microarray dataset simula-
tor can also be used with any other supervised machine learning techniques for 
microarray data analysis.        

Keywords. molecular classification, microarray data analysis, feature selection, 
artificial datasets 

1   Introduction 

Compared to datasets in other domains, real-life microarray datasets can be consid-
ered scarce in view of the complexities and costs involved in conducting large-scale 
microarray experiments.  Therefore, in the area of microarray data analysis, artificial 
datasets present an attractive solution to this problem.  Practical considerations aside, 
the use of artificial datasets to more precisely test the strengths and weaknesses of an 
algorithm has also been recommended in [1].  

The most palpable advantage of artificial datasets over real-life datasets is that they 
can be easily mass-produced requiring considerably less cost and amount of time than 
those involved in generating real-life datasets.  Another important advantage is the 
control the researcher exercises over parameters governing dataset characteristics 
such as number of classes and noise levels.  Moreover, unlike the case of real-life 
datasets, the amount of noise in artificial datasets is always a known quantity, since 
noise level is a parameter fed into the microarray dataset simulator.  This can facilitate 
the task of determining how dataset characteristics influence the optimal values of pa-
rameters in the data analysis techniques used. 

Although not fully explored for simulating microarray datasets so far, artificial 
datasets have been widely used in traditional machine learning and data mining areas. 

simeon
S. J. Simoff, G. J. Williams, J. Galloway and I. Kolyshkina (eds).  Proceedings of the 4th Australasian Data Mining Conference – AusDM05, 5 – 6th, December, 2005, Sydney, Australia,



The most well-known are the MONK dataset and the artificial characters database [2].  
More recently, in a feature selection challenge, four semi-artificial and one artificial 
datasets have been made publicly available [3].  Here it is to be noted that datasets are 
considered semi-artificial in the sense that randomly perturbed features are added to 
the original features in the dataset.  The limitation presented by these extant artificial 
datasets is that none of these simultaneously possesses the following two traits com-
mon to multiclass microarray datasets: 1) more than two classes, and 2) large number 
of features (high dimensionality).   

An adequate microarray dataset simulator should be able to produce artificial data-
sets with the aforementioned traits since these are the common characteristics of any 
multiclass microarray datasets.  Although several microarray dataset simulators have 
been proposed previously, all of them are for use with one or combinations of the fol-
lowing: clustering, normalization or noise-elimination techniques [4, 5, 6].  None of 
these are devised specifically for use with feature selection or classifier techniques.  
Therefore, to address these inadequacies, we have devised a novel method for gener-
ating artificial datasets to best simulate microarray datasets.  The two models behind 
our microarray dataset simulator are the one-vs.-all (OVA) and the pairwise (PW) 
models.  The ability of each model to realistically simulate microarray datasets is in-
vestigated in this paper.   

The two objectives of the study reported in this paper are as follows: 
1. Establish a suitable model for representing microarray datasets for use with feature 

selection or classifier techniques.  
2. Provide support to the hypothesis regarding the influence dataset characteristics 

have on the optimal value of the parameter(s) in a feature selection technique. 
The impact of the first objective is wide-reaching.  Although there are plenty of mi-
croarray datasets available publicly, many are the results of microarray experiments 
conducted for the purpose of class discovery.  This means that the class labels for 
samples in this kind of datasets are derived from the information in the datasets them-
selves.  This type of datasets will be useful for testing the performance of clustering 
and other unsupervised machine learning techniques, but not that of supervised tech-
niques such as classification and feature selection – the focus of our study.  Therefore, 
establishing a model which represents multiclass microarray datasets accurately will 
assist researchers in those two fields in overcoming the hurdle currently faced (i.e. the 
small number of available datasets), at least until the microarray technology catches 
up and the microarray version of the UCI repository is made possible.  Even then, the 
use of artificial datasets will still continue to be highly attractive because of the con-
trol over dataset characteristics (noise levels, number of features, samples or classes 
and class sizes) it affords researchers. 

The most likely of researchers to benefit from our microarray dataset simulator are 
those in the field of feature selection or classification, who, having tested their meth-
ods on various (but limited) real-life microarray datasets, have come to the conclusion 
that dataset characteristics are influencing the optimal parameters in their methods, 
and the ability to predict those optimal parameters based on the dataset characteristics 
will improve the performance of their feature selection or classifier techniques. 

The outcome of the second objective will add great value to any feature selection 
or classifier technique.  Instead of testing for the whole range of possible values (for 
example, 0 to 1) for a parameter of the feature selection or classifier technique during 
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internal cross-validation or tuning stage, knowing how (and which) dataset character-
istics influence the optimal value of the parameter will make it possible for us to pre-
dict a much narrower range for the parameter (e.g. 0.2 to 0.3) to focus on.  This will 
bring about definite savings in terms of computational power and time.   

Starting with a detailed presentation of the modeling method, we then provide a 
brief background regarding feature selection for microarray datasets and an overview 
of the degree of differential prioritization-based (DDP-based) feature selection tech-
nique that will be applied to study the viability of the microarray dataset simulator.  
This is then followed by classification results from real-life and artificial datasets.  
The paper ends with model validation, discussion regarding the strengths and short-
comings of the study, and the conclusion. 

2   Modeling Microarray Datasets 

It is widely accepted that over-expression or under-expression (suppression) of genes 
causes the difference in phenotype among samples of different classes.  The categori-
zation of gene expression is given as follows. 
• A gene is over-expressed: if its expression value is above baseline. 
• A gene is under-expressed: if its expression value is below baseline. 
• Baseline interval: the normal range of expression value. 
Usually the mean of the expression of a gene across samples is taken as the middle of 
the baseline interval.  Multiples of the standard deviation (SD) of expression across 
samples are used as boundaries of the baseline interval.  For example, expression val-
ues between −1.5SD and 1.5SD may be considered as baseline values.  With this 
categorization we next employ two well-known paradigms (OVA and PW) leading to 
the OVA and PW models respectively, which are then used to generate two different 
sets of artificial microarray datasets. 

Table 1. The OVA Model (aOX = over-expressed, bUX = under-expressed, cBL = baseline) 

Samples of class Groups of 
marker genes 1 2 … K 
Group 1 OXa BLc … BL 
Group 2 BL OX … BL 

M M M M M 
Group K BL BL … OX 
Group K+1 UXb BL … BL 
Group K+2 BL UX … BL 

M M M M M 
Group 2K BL BL … UX 

 
1. OVA model: The crux of the OVA concept has gained wide, albeit tacit, acceptance 

among microarray and tumor gene expression researchers.  The fact that particular 
marker genes are only over-expressed in tissues of certain type of cancer, and not 
any other types of cancer or normal tissues [7], is part of the entrenched domain 
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knowledge.  Hence the term ‘marker’ – for genes that mark the particular cancer 
associated with them.  We develop this concept into a model for use with the mi-
croarray dataset simulator.  In the OVA model (Table 1), certain groups of genes, 
also called the ‘marker genes’ are only over-expressed (or under-expressed) in 
samples belonging to a particular class and never in all samples of other classes.  
This model emphasizes that a group of marker genes is specific to one class.  
Therefore for a K-class dataset, there will be 2K different groups of marker genes. 

2. PW Model: In the PW model (Table 2), for a given pair of classes, a group of 
marker genes is over-expressed (or under-expressed) in samples of one class of the 
pair but under-expressed (or over-expressed) in samples of the other class.  As im-
plied by its name, this model represents the 1-vs.-1 paradigm as opposed to the 1-
vs.-others of the OVA model.  For a K-class dataset, there are 2(KC2) different 
groups of marker genes in the PW model. 

Table 2. The PW Model (aOX = over-expressed, bUX = under-expressed, cBL = baseline) 

Samples of class Groups of marker genes 
1 2 3 … K−1 K 

Group 1 (Classes 1 vs. 2) OX UX BL … BL BL 
Group 2 (Classes 1 vs. 3) OX BL UX … BL BL 

M M M M M M M 
Group KC2 (Classes K − 1 vs. K ) BL BL BL … OX UX 
Group KC2 + 1 (Classes 1 vs. 2) UX OX BL … BL BL 
Group KC2 + 2 (Classes 1 vs. 3) UX BL OX … BL BL 

M M M M M M M 
Group 2(KC2) (Classes K − 1 vs. K ) BL BL BL … UX OX 
 
Due to the high-throughput nature of microarray experiments and the hybridization 

tendencies of certain mRNA probe-target pairs, microarray datasets are inherently 
noisy, although the level of noise differs from dataset to dataset.  Hence, noise needs 
to be added to make the artificial datasets more realistic.  Following [5, 6], we use 
Gaussian noise to simulate hybridization noise in real-life datasets.  A percentage of 
noise, rv, is added for each data entry.  The expression of gene i in sample j (xi,j) is 
perturbed in the following manner. 

( )vjiji rxx +⋅= 1~
,,  (1) 

where rv is a random number picked from a Gaussian distribution having a mean 0 
and variance v.  The variance v is also referred to as the noise level of the dataset. 

3   Experiments to Validate the Models 

For microarray datasets, the term gene and feature may be used interchangeably.  The 
objective of feature selection is to form a subset of features (the predictor set), which 
would yield the optimal estimate of classification accuracy.  The importance of fea-
ture selection prior to classification for microarray datasets has been proven in previ-
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ous studies [8, 9, 10].  From techniques as simple as rank-based techniques [10, 11, 
12] to those as sophisticated as wrapper-based methods [13], various feature selection 
techniques have been proposed for microarray datasets, with mixed results.   

For filter-based feature selection, one or both of two criteria, relevance and redun-
dancy, have often been used in the search for the predictor set.  For microarray data-
sets, while relevance alone has been employed early on in rank-based techniques [10, 
11, 12, 14], it is only recently that redundancy is included as the second criterion in 
forming the predictor set [8, 9].  Extending from here, in [15], we have demonstrated 
that aside from relevance and redundancy, a third criterion, called the degree of dif-
ferential prioritization (DDP), is necessary for the optimal performance of filter-based 
feature selection for multiclass microarray datasets.  During the search for the predic-
tor set, DDP compels the search method to prioritize the optimization of one of the 
criteria (of relevance and redundancy) at the cost of the optimization of the other. 

In order to validate the models and the usefulness of artificial datasets, any feature 
selection or classifier technique can be used.  However, in this study the DDP-based 
feature selection technique is chosen for the following reason: The empirical results 
from this technique suggested that the optimal value of DDP (i.e. the value of DDP 
leading to the best estimate of accuracy) is dataset-specific [15], leading us to hy-
pothesize on the superficial characteristics of a dataset most likely to influence the 
value of its optimal DDP.  Superficial characteristics refer to dataset characteristics 
which are discernible through direct inspection, such as the total number of features, 
samples or classes.  However, due to the limited number of available real-life multi-
class microarray datasets, it is not possible to verify the hypothesis suggested by the 
findings in [15] without the use of artificial datasets.  Before validating the models, 
we briefly review the DDP-based feature selection technique. 

3.1   Overview of the DDP-based Feature Selection Technique 

The training set upon which feature selection is to be implemented, T, consists of N 
genes and Mt training samples.  Sample j is represented by a vector, xj, containing the 
expression of the N genes [x1,j,…, xN,j]T and a scalar, yj, representing the class the 
sample belongs to.  The target class vector y is defined as [y1, …, yMt],  yj∈[1,K] in a 
K-class dataset.  From the N genes, the objective is to form the subset of genes, called 
the predictor set S, which would give the optimal estimate of classification accuracy. 

The relevance of S, VS, is the average individual relevance of its members.  

( )∑
∈

=
Si

S iF
S

V 1  (2) 

The score of relevance for gene i, F(i), indicates the correlation of gene i to y.  A 
popular parameter for computing F(i) is the BSS/WSS ratios used in [8, 11]. 

US is the measure of the antiredundancy of S.   

( )∑
∈

−=
Sji

S jiR
S

U
,

2 ,11  (3) 
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R(i,j) is the Pearson product moment correlation coefficient between genes i and j.  
Larger US indicates lower average pairwise similarity among the members of S, and 
hence, smaller amount of redundancy in S. 

The score of goodness for predictor set S is given as follows.  

( ) ( ) αα −⋅= 1
, SSSA UVW  (4) 

where the power factor α ∈ (0,1] denotes the value of the DDP.  In other words, 
α/(1−α) represents the ratio of the priority in maximizing VS to the priority in 
maximizing US.  The significance of α has been elaborated in [15]. 

The linear incremental search method is employed, where the first member of S is 
chosen by selecting the gene with the highest F(i) score.  To find the second and the 
subsequent members of the predictor set, the remaining genes are screened one by one 
for the gene that would give the maximum WA,S.  This search method, with a much 
lower computational complexity of O(NPmax) than that of exhaustive search 
(O(NPmax)), has been applied in previous feature selection studies [8, 9].  Pmax is the 
upper limit of the predictor set size we wish to search. 

The DDP-based feature selection technique is applied to both real-life and artificial 
datasets.  Results from both categories of datasets are examined to validate the viabil-
ity of the proposed microarray dataset simulator and to then determine the better 
model (between OVA and PW models) for realistic simulation of microarray datasets. 

Table 3. Descriptions of real-life datasets.  N  is the number of features after preprocessing  

Dataset Type N K Training:Test set size 
GCM Affymetrix 10820 14 144:54 
NCI60 cDNA 7386 8 40:20 
PDL Affymetrix 12011 6 166:82 
Lung Affymetrix 1741 5 135:68 
SRBC cDNA 2308 4 55:28 
MLL Affymetrix 8681 3 48:24 
AML/ALL Affymetrix 3571 3 48:24 

3.2   Real-life Microarray Datasets 

The characteristics of seven real-life microarray datasets: the GCM [7], NCI60 [16], 
lung [17], MLL [18], AML/ALL [14], PDL [19] and SRBC [20] datasets, are listed in 
Table 3.  For NCI60, only 8 tumor classes are analyzed; the 2 samples of the prostate 
class are excluded due to the small class size.   Datasets are preprocessed and normal-
ized based on the recommended procedures in [11] for Affymetrix and cDNA mi-
croarray data.  Details regarding the performance of the DDP-based feature selection 
method on the first five datasets are available in [15].  With the exception of the GCM 
dataset, where the original ratio of training to test set size used in [7] is maintained to 
enable comparison with previous studies, for all other datasets we employ the stan-
dard 2:1 split ratio. 
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3.3   Artificial Datasets 

Artificial datasets are generated from both OVA and PW models presented in Section 
2.  For both models, several levels of noise have been incorporated by setting the 
value of v ranging from 0 to vmax with equal intervals of 0.05 (vmax being arbitrarily set 
to 0.35 in this study).  The range of K is from 3 to 15, producing 13 datasets for each 
level of noise.  All remaining parameters aside from v and K involved in generating 
the artificial datasets are kept fixed.  They are described below. 

Fig. 1. F-splits procedure 

The size of each group of marker genes is fixed at 2 genes per group.  Therefore, 
there is a total of 4K (or 4(KC2)) marker genes in a K-class dataset generated using the 
OVA (or the PW) model.  N being set to 2000, the remaining features are irrelevant 
genes containing random expression values.  The class size, 12 samples per class, is 
kept equal for all classes.  The bounds for over-expression are [0.5,2], for under-
expression [−2,−0.5] and for baseline [−0.5,0.5].  These bounds are in accordance 
with the standard microarray dataset preprocessing and normalizing procedures rec-
ommended in [11], where expressions are log-transformed and normalized to have 
mean 0 across features; and data entries with values above a maximal threshold or be-
low a minimal threshold are eliminated. 

3.4   Evaluation Procedure – Looking for α* 

Various values of α have been employed in the experiment, in the range of [0.1,1] 
with equal intervals of 0.1.  The range of the predictor set size, P, analyzed is from 2 
to Pmax=100.  The F-splits procedure (Figure 1) is used to evaluate the classification 
performance of a predictor set of a certain size P derived from a particular value of α.  
We set F to 10 in this study.  The DAGSVM classifier is used for all performance 
evaluation.  The DAGSVM is an SVM-based multiclassifier which uses substantially 
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less training time compared to either the standard algorithm or Max Wins, and has 
been shown to produce accuracy comparable to both of these algorithms [21]. 

Since our feature selection technique does not explicitly predict the best P from the 
range of [2, Pmax], in order to determine the value of α likely to produce the optimal 
accuracy, we use a parameter called size-averaged accuracy, which is computed as 
follows.  For all predictor sets found using a particular value of α, we plot the esti-
mate of accuracy obtained from the procedure outlined in Figure 1 against the value 
of P of the corresponding predictor set (Figure 2).  The size-averaged accuracy for 
that value of α is the area under the curve in Figure 2 divided by the number of pre-
dictor sets, (Pmax –1).  The value of α associated with the highest size-averaged accu-
racy is deemed the empirical estimate of α* (the empirical optimal value of the DDP).  
If there is a tie in terms of the highest size-averaged accuracy between different val-
ues of α, the empirical estimate of α* is taken as the average of those values of α. 

 

 
Fig. 2. Area under the accuracy-predictor set size curve 

3.5   Classification Results 

Real-life Datasets.  The size-averaged accuracy vs. α plots (Figure 3a) leads to the 
surmise that α* is strongly influenced by K.  The peak in the size-averaged accuracy 
plot moves towards the left as K increases.     
 

 
Fig. 3. Real-life datasets: (a) Size-averaged accuracy vs. DDP, and (b) α*−K scatter plot 

To more clearly demonstrate this hypothesis, a scatter plot of α* against K is de-
picted in Figure 3b. With just seven points of data, even the best curve-fitting method 
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would not be able to give us an equation governing the value of α* with sufficiently 
high confidence.  However, with the proposed microarray dataset simulator, this diffi-
culty can be easily surmounted.  

Another observation from Figure 3a is the tendency of accuracy to deteriorate as K 
increases.  This is not surprising since a 3-class problem is considerably easier than a 
15-class problem.  What is surprising is the gap between the accuracy from the 8-class 
NCI60 dataset and the 6-class PDL dataset (the latter possessing merely two classes 
less than the former).   However, we will be able to explain this phenomenon with the 
aid of artificial datasets. 

Artificial Datasets.  Results for artificial datasets are divided into 2 sections below, 
each section focusing on datasets generated from each of the OVA and PW models. 

OVA model.  The size-averaged accuracy vs. α plots from datasets with selected K 
values (3 to 15, with equal intervals of 3) for 3 out of 8 noise levels tested 
( 35.0,2.0,0=v ) are depicted in Figure 4a.  Due to space constraint, we have not 
shown all datasets from the complete tested range of K (3 to 15) and v (0 to 0.35). 

 

Fig. 4. Artificial datasets derived from OVA model: (a) Size-averaged accuracy vs. DDP for 3 
different noise levels v = 0, 0.2 and 0.35, and (b) α*−K scatter plot for various noise levels v 

For all noise levels, datasets with larger K produce lower accuracy than datasets 
with smaller K (Figure 4a).  In irrefutable support of Figure 3b, Figure 4b shows that 
the influence of K on α* is indubitable.  We say ‘irrefutable’, because the experiment 
settings are such that all parameters concerning the superficial dataset characteristics 
except K have been fixed for all of our artificially generated datasets.  Therefore, for 
each noise level, the value of α* must have been influenced by K alone.   

Using Figure 4, we can make some additional observations based on artificial mi-
croarray datasets which are not possible using real-life data sets.  Firstly, in terms of 
accuracy, datasets with larger K are more susceptible to rising level of noise than 
datasets with smaller K (Figure 4a).  That is, given the same amount of increase in 
noise level, accuracy from datasets with larger K (>6) decreases at a more drastic rate 
compared to accuracy from datasets with smaller K.  Secondly, while for each value 
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of K, minor aberrations in α* do occur due to different noise levels (Figure 4b), 
clearly the effect of the noise level, v, on α* is not as prevailing that of the number of 
classes per dataset, K.  For the OVA-based artificial datasets, the biggest difference 
between α* values for the same K from different v values occur at the smallest K 
value, 3.  The difference tapers off as K increases.  At the largest K values, 14 and 15, 
the difference in α* due to varying noise levels have actually disappeared. 

There are 2 similar trends between Figures 3 (real-life datasets) and 4 (OVA-based 
artificial datasets):  1) accuracy decreases as K increases, and 2) α* decreases as K in-
creases.  Hence, we can say that in terms of the relationships among K, accuracy and 
α*, the OVA model portrays real-life microarray datasets satisfactorily at this stage. 

PW Model.  Figure 5a depicts the size-averaged accuracy vs. α plots from datasets 
with selected K values (3 to 15, with intervals of 3) for 3 out of 8 noise levels tested 
( 35.0,2.0,0=v ). The α*−K scatter plot is shown in Figure 5b. 

 

Fig. 5. Artificial datasets derived from PW model (a) Size-averaged accuracy vs. DDP for 3 
different noise levels v = 0, 0.2 and 0.35, and (b) α*−K scatter plot for various noise levels v 

The overall trend shown by PW-based artificial datasets is similar to the trend pro-
duced by their OVA-based counterparts, with two important exceptions. 

Firstly, in general the resulting size-averaged accuracy is higher in PW-based data-
sets than accuracy from OVA-based datasets.  This is especially obvious in datasets 
with larger K (Figure 5a).  Secondly, for each particular value of K, the aberrations in 
the values of α* due to varying noise levels are larger for the PW model than the 
OVA model (Figure 5b).  For the PW-based artificial datasets, the largest noise-
induced difference in α* does occur at 3=K  as in case of the OVA-based counter-
parts.  However, as K increases the aberrations in α* do not deteriorate as rapidly as in 
case of the OVA-based datasets.  Even at 15=K , there is still a difference of 0.1 in 
α* among the 15-class PW-based datasets with varying noise levels. 
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4   Model Validation 

We now investigate how satisfactorily artificial datasets from OVA and PW models 
represent real-life datasets.  Since the DDP-based feature selection technique is cho-
sen as the microarray data analysis technique of interest, we validate the models in 
terms of the behavior of α* against K.  For any technique in general, the models are 
validated by investigating how closely the behavior of a parameter in that technique 
(against dataset characteristics) in results from artificial datasets resembles its behav-
ior in results from real-life datasets. 

4.1   Curve-Fitting 

For each level of noise, we fit a curve to the α*−K scatter plot from the artificial data-
sets (Figures 4b and 5b).  Three equations are considered in describing the α*−K rela-
tionship: exponential, power and rational fit of constant numerator and linear poly-
nomial denominator.  Based on the average of adjusted R2 values from all levels of 
noise, for both models, the best fit is the rational function:  

qK
b
+

=*α  (5) 

The values of the constants b and q differ depending on the level of noise.   
To investigate how well each model fits real-life datasets in terms of the behavior 

of α* w.r.t. K, we implemented a deductive fit analysis: 
 

1. For each noise level, v = 0, 0.05, …, vmax 
1.1. Apply curve-fitting to α*−K data points from noise level ranging from v to vmax 
(inclusive). 
1.2. Using the parameters b and q obtained from 1.1, fit the curve to α*−K data 
points from the seven real-life datasets (Figure 3b). 

1.3. Record the adjusted R2 value for this fit as R2(v→vmax).  Larger R2(v→vmax) in-
dicates better fit to the real-life datasets. 

2. Plot R2(v→vmax) against corresponding values of v. 
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Fig. 6. R2(v→vmax) against v for both OVA and PW models 

The results of this analysis (Figure 6) indicate that the OVA model portrays the 
real-life datasets more realistically than the PW model.  The PW model fits the real-
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life datasets best when zero noise level ( 0=v ) is included in the curve fitting exer-
cise, but as v is increased up to vmax, the fit as measured by R2(v→vmax) declines.  This 
is far from convincing, since real-life microarray datasets are not likely to contain 
zero noise.  Therefore, the initial high R2 value in case of the PW model may be dis-
missed as a case of overfitting the real-life datasets.  The case against the PW model 
is also strengthened by observations in the previous section: namely, the too-
optimistic size-averaged accuracies and the larger noise-induced aberrations in α*. 

Whereas for the OVA model, the best fit occurs when noise levels of 1.0=v  up to 
vmax are included in the curve fitting exercise.  It is only by eliminating α*−K data 
points from the lower noise levels ( 0=v  and 05.0=v ) that the fit to real-life datasets 
is improved.  Consequent removal of data points from noise levels higher than 

1.0=v  causes deterioration in the fit (as indicated by the decrease in R2(v→vmax)).  
This is possibly due to the fact that among themselves, the seven real-life datasets ac-
tually contain noise levels equivalent to the noise levels between 1.0=v  and 35.0=v  
of the artificial datasets.  

While determining the location of a real-life dataset in K-space is straightforward, 
it is not so in case of the v-space.  If classification has been performed on the real-life 
dataset, as is the case in our study, an alternative is to compare the best size-averaged 
accuracy of the real-life dataset to those of artificial datasets of varying noise levels, 
but of the same K.  However, the purpose of this study is to devise a way to predict a 
parameter in a feature selection technique based purely on the characteristics of the 
real-life dataset of interest before feature selection or classifier induction is actually 
conducted.  Hence, classifying test sets from all F-splits in order to determine the 
noise level the dataset contains defeats the very purpose of the study itself.   

One way to overcome this difficulty is the class variance analysis, where a number 
of real-life datasets are ranked in terms of noisiness.  This method might be useful in 
giving us an idea of the relative noise levels among a group of datasets, despite its 
two weaknesses:  Firstly, the ranking is only a surmise at best, and secondly, it does 
not provide any absolute quantitative information regarding the level of noise in each 
dataset.  The class variance analysis is conducted as follows:  
1. For each split, f = 1, 2, …, F  

1.1. For each of the top 100 genes ranked using BSS/WSS ratio 
1.1.1. For each class, k = 1, 2, …, K  

1.1.1.1. Compute the variance among samples belonging to class k. 
1.1.2. Average the variance for all classes.  This is the class-averaged vari-

ance for the gene. 
1.2. Pick the largest class-averaged variance from all top 100 genes. 

2. Average the largest class-averaged variance from all F splits.  This is a measure of 
the relative noise level for a dataset. 

Based on the class variance analysis, this is how the seven real-life datasets rank in 
terms of relative noise level, arranged in order of descending noise level:   

AML/ALL→NCI60→GCM→Lung→MLL→PDL→SRBC 
Allowing for the influence of K on accuracy, this ranking makes sense – for instance, 
the AML/ALL has lower accuracy than the MLL, which has lower noise level, al-
though both comprise of 3 classes.  More importantly, this also explains the low accu-
racy rate of the 8-class NCI60 dataset compared to the 14-class GCM dataset, or the 
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aforementioned discrepancy between the 8-class NCI60 dataset and the 6-class PDL 
dataset.  The NCI60 dataset contains higher noise level than the other two datasets. 

4.2   Classification Performance from Predicted α* 

According to the best realistic fit of the OVA model to the real-life datasets, the val-
ues of the constants in equation (5), which governs the relationship between α* and K, 
are: b = 2.85 ± 0.253 and q = 0.9334 ± 0.4789.  

Using the values of α* predicted from equation (5) with b and q set to the afore-
mentioned values, we re-run the DDP-based feature selection technique on the seven 
real-life datasets and evaluated the resulting predictor sets.  We then compare the best 
estimate of accuracy obtained from the predicted α* to the best accuracy obtained 
from the empirical α* (Table 4).  The greatest difference between accuracies from 
predicted α* and empirical α* is no larger than 3%.  As expected, the biggest devia-
tion of −3% occurs in the dataset with the second highest estimated relative noise 
level and the second largest numbers of classes, the NCI60 dataset.  Therefore, with-
out having to conduct feature selection for values of α from the full domain of 0 to 1, 
by using equation (5) we could simply focus on the much smaller predicted range or 
value of α* and emerge with similar classification accuracy. 

Table 4. Comparing accuracies obtained from empirical and predicted α*  

Dataset Empirical 
α* 

Predicted  
α* 

Best accuracy from 
empirical α* 

Best accuracy 
from predicted α* 

GCM 0.2 0.191 0.806 0.802 
NCI60 0.3 0.319 0.740 0.710 
PDL 0.5 0.411 0.990 0.988 
Lung 0.6 0.480 0.953 0.954 
SRBC 0.6 0.578 0.996 0.996 
MLL 0.7 0.725 0.992 0.992 
AML/ALL 0.8 0.725 0.979 0.979 
 
By comparing the best size-averaged accuracy of various datasets, real-life or arti-

ficial, it is clear that the measure of relevance being used in the DDP-based feature se-
lection technique is not efficient enough to capture the relevance of a feature when K 
is larger than 6.  The subsequent decrease in α* as K increases implies that placing 
more emphasis on maximizing antiredundancy (rather than relevance) produces better 
accuracy for large-K datasets.  On a more cautious note, the effect of noise on α* 
might be more profound than observed from the results at hand.  Extending the noise 
levels from the current vmax value of 0.35 to a higher value, or using interval size 
smaller than 0.05, will provide better understanding on the influence of noise on the 
optimal DDP value.  Moreover, candidate models for simulating microarray datasets 
are not limited to the two presented in this paper.  Other models might emerge that 
portray microarray datasets more accurately than the OVA model. 

This study demonstrates the usefulness of modeling microarray datasets in helping 
reduce the time and computational cost needed to determine the optimal value or 
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range of one parameter in one particular feature selection technique.  However, the fit 
established by the OVA model to the seven real-life datasets proves the robustness of 
the modeling technique.  Therefore, we believe that this modeling technique will 
work as well (as it does for our DDP-based feature selection technique) when applied 
to any other feature selection or classifier technique for microarray datasets, regard-
less of the number of parameters involved.  Furthermore, instead of the number of 
classes in the dataset, there are other dataset characteristics which can be varied – de-
pending on which characteristic(s) the researcher suspects is affecting the optimal 
value of the parameter(s) in his own technique. 

In cases where the optimal range of multiple parameters in the feature selection or 
classifier technique needed to be determined, one experiment will have to be con-
ducted for each parameter.  In each experiment, all other parameters are to be fixed 
while the optimal range of the parameter in question is being determined. 

5   Conclusion 

We have presented a novel method for simulating microarray datasets by employing 
two models (OVA and PW models), which can be used in conjunction with any fea-
ture selection or classifier technique for the analysis of microarray data.  In case of the 
DDP-based feature selection, we have demonstrated that the OVA model simulates 
real-life microarray datasets better than the PW model in explaining the relationship 
between K and α*. 

It would not have been possible to describe in more detail the relationship between 
a characteristic of the dataset and a parameter in a feature selection technique without 
the use of artificial datasets.  The capability to predict a narrow range of the optimal 
parameter for the dataset of interest is extremely useful in helping us achieve the op-
timal classification performance.  Savings are achieved in terms of computational 
costs and time, since with this capability the need to conduct feature selection and pa-
rameter tuning for the whole domain of the parameter is eliminated.  
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Predicting Intrinsically Unstructured Proteins

Based on Amino Acid Composition

Abstract. Intrinsically Unstructured or Disordered Proteins (IUPs) ex-
ist in a largely disordered structural state. The automated prediction of
IUPs provides a first step towards high-throughput analysis of IUPs.
The problem of predicting IUPs given training data of ordered proteins
and IUPs can be mapped to the classification problem. In this paper,
we propose to convert the original primary sequence database into an
amino acid composition database and build a decision tree model. The
system derives concise and biologically meaningful amino acid composi-
tion (AAC) classification rules. Cross-validation tests estimate that for
predicting IUPs that contain long disordered regions or are completely
disordered, the AAC-rule classifier achieves a recall of 77.3% and preci-
sion of 81.4%.

1 Introduction

Proteins are linear chains composed of 20 amino acids. The amino acids are linked
together by polypeptide bonds and folded into complex three-dimensional (3D)
structures. The global fold of linear chains has been believed to be essential for
protein function for a long time. Great efforts have been made to determine
the three-dimensional structures of proteins by experimental and computational
methods. Experimental methods such as X-ray diffraction and Nuclear Magnetic
Resonance (NMR) spectroscopy are used to determine the coordinates of all
atoms in a protein and thus its 3D structure.

Recent sequence analysis and experimental data show that a number of pro-
teins contain extended disordered or flexible regions [1]. Such disordered regions
(DRs) have little or no ordered structure under physiological conditions but
nonetheless carry out important functions [2–5]. The flexibility of DRs often
leads to difficulties in protein expression, purification and crystallisation [6].
NMR can provide valuable structural and dynamic information on such proteins
but this technique is complex and time-consuming. As it is known that sequence
determines structure, sequence should determine lack of structure as well. Se-
quence analysis has shown that the amino acid composition (AAC) is biased in
IUPs [7] and it is feasible to predict DRs and IUPs from protein sequences.

Predicting IUPs can be cast as the binary classification problem in machine
learning and data mining. Given unstructured protein sequences and protein
sequences of known structures as training data, the unstructured sequences are
supposedly tagged with the label P and the structured sequences are tagged
with label N. A classification model can be learnt from the training data. The
classification model can then classify an unseen protein sequence as belonging
to class P or N. In other words, it can predict whether a sequence is an IUP.
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There have been 14 published DR predictors. Comparing the predictors is
difficult because of the lack of a precise definition of disordered residues. Several
definitions for disorder have been proposed, including loop/coil regions where
the carbon alpha (Ca) on the protein backbone has a high temperature factor
and residues whose coordinates are missing in crystal structures. In this paper,
following the definition of lacking a fixed 3D structure, we build a disordered
database curated from DisProt [8].

Most of the 14 published DR predictors are based on complex models. VL-
XT and XL1 from PONDR [1], RONN [9], VL2, VL3, VL3H and VL3E from
DisProt [10], NORSp [11, 12], DISpro [13], and COILS, HOT-LOOPS and RE-
MARK465 from DisEMBL [14] are all based on the neural networks. DISO-
PRED [15] and DISOPRED2 [16] are based on the support vector machine.
These sophisticated modelling techniques are black box learning systems that
produce models from the input and gives no basis for how such a model is de-
rived.

In this paper, a predictor based on decision tree learning is developed, based
on the amino acid composition information from protein sequences. A set of
rules is produced from our curated IUP database for predicting IUPs. These
rules confirmed that IUPs have low overall hydrophobicity, high net charge and
low sequence complexity [17]. More importantly they present complex amino
acid composition information that is previously unknown. Our work is also dis-
tinguished from previous work in that protein sequences are predicted as IUPs
or otherwise structured proteins.

2 Preliminaries

A protein sequence comprises amino acids or residues. There are big proteins
defined by thousands of residues as well as small peptides of several residues.
Early work in structural biology has established that a protein sequence folds
spontaneously and reproducibly to a unique 3D structure in order to be func-
tional. The Protein Data Bank (PDB) 1 has over 32,000 proteins with solved
structures and it grows larger every day.

Predicting IUPs from primary sequences is a binary classification problem.
Training instances are presented to classification systems and classification mod-
els or classifiers are developed from the training data. In terms of estimating the
predictive accuracy of a classifier, self-test tends to underestimate the error rate,
as error rate is estimated on the training instances where the classifier is de-
veloped. Cross-validation is a reliable approach. By leaving out some training
instances as the test instances, a classifier is developed on the remaining training
instances and tested on the leave-out test instances. The error rate is estimated
from the misclassified test instances.

Leave-one-out cross-validation test or the jackknife test has been widely used
in evaluating protein structure class prediction [18, 19]. Each instance in turn of

1 http://www.rcsb.org/pdb/
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the training dataset is singled out and a classifier is developed on the remaining
training instances and tested on the singled-out instance. The error rate of a
classifier is estimated as the misclassified instances out of the whole population
of the training dataset.

Traditionally in machine learning, the performance of classification systems
is measured with overall accuracy. However overall accuracy can be misleading
when class distribution is very unequal. With a two-class problem of the positive
(P) and negative (N) classes, the recall and precision for each class provide a
much clearer description of the performance of a classifier on each class.

The recall for the class P is the percentage of the number of instances cor-
rectly predicted as P (TP ) compared to the number of actual instances of class
P : Recall(P ) = TP

TP+FN
, where FN denotes the number of false negatives, the

P class instances misclassified as class N . The precision for class P is the per-
centage of the number of instances predicted correctly in relation to the number
of residues predicted as class P: Precision(P ) = TP

TP+FP
, where FP denotes the

number of false positives, the N class instances misclassified as class P .
The Receiver Operating Characteristics (ROC) curve is a plot of the true

positive rate against the false positive rate for the different parameters of a clas-
sifier. ROC curves have long been used in signal detection theory. They are also
used extensively in medical and biological studies. There has been an increase
in the use of ROC graphs in the machine learning and data mining communi-
ties. In addition to being a generally useful performance graphing method, they
have properties that make them especially useful for domains with skewed class
distribution and unequal classification error costs.

An ROC graph depicts relative trade-offs between benefits (true positives)
and costs (false positives). The horizontal axis of the ROC space is the false
positive rate and the vertical axis of the ROC space is the true positive rate.
The diagonal line y = x represents the strategy of randomly guessing a class.
Generally a good classifier should produce a large area under its ROC curve at
low false positive rate.

3 Predicting IUPs with Amino Acid Composition Rules

We first describe how the amino acid composition training dataset is constructed.
We then show how decision tree learning is applied on the training data, and
then present the classification rules obtained.

3.1 Training Data

The disordered training set in our study was extracted from DisProt (release
2.1), a curated published database of IUPs. DisProt was established by searching
the relevant literature and biological databases. This database is exceptional in
that it includes molten globule-like proteins [8] for the definition of the absence
of a fixed 3D structure. Since the major information in DisProt is based on
literature-derived descriptions of DRs, some observations have certain overlap,
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Fig. 1. The distribution of ordered vs. disordered segments

which enlarges the overall evaluated accuracy. To eliminate this impact, only the
longest DR from all the overlapping DRs was chosen in each case. Furthermore
only DRs of more than 30 residues were extracted in order to reduce the random
noise from protein structure and focus on the AAC features of long disordered
regions or completely disordered proteins. As a result, 176 DRs including 25261
residues were used as our disordered training set, which is designated as D-
DisProt hereafter.

Our ordered training set was extracted from PDB Select 25, 2 a subset of
structures obtained from PDB [20] that shows less than 25% amino acid sequence
homology. From the 2485 protein sequences from the PDB Select 25, 366 higher
resolution crystal structures ( <2Å) that are free from missing backbone or side
chain coordinates, free from non-standard amino acid residues and with sequence
length larger than 80 residues were finally selected, which included 80324 residues
and is designated as O-PDBselect25 hereafter. All the PDB code of our training
sets are available upon request.

The contrasting distribution of disordered and ordered segments of different
lengths is plotted in Fig. 1. We can see that there are more shorter segments
in D-DisProt than in O-PDBselect25. Specifically more than 40% of disordered
segments contain less than 100 residues, of which about 25% contain less than 80
residues. Ordered segments usually contain less than 700 residues. In contrast,
disordered segments can contain thousands residues.

2 ftp://ftp.embl-heidelberg.de/pub/databases/protein extras/pdb select/recent.pdb select.
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Fig. 2. A decision tree

Each protein sequence in the training data sets was represented by its amino
acid composition (AAC). By a single scan of the given protein sequence database,
the composition database was constructed. With our training data, the IUP
database was converted into a 176 × 20 matrix and the ordered database was
converted into a 366 × 20 matrix. The amino acid composition for each sequence
of the IUP database is tagged with the label P and each sequence of the ordered
sequence database was tagged with the label N.

3.2 Learning amino acid composition rules by decision trees

A decision tree is constructed for the amino acid composition dataset. Each
node of the decision tree is a test on an amino acid X , “freq(X) > α?”. A
sample decision tree formed from our training data is illustrated in Figure 2.
The root node of the tree is on residue E with test “freq(E) > 12.36%?”: If
“freq(E) > 12.36%” the tree reaches a decision of “disorder”; otherwise the
frequency of P has to be tested.

Every path from the root of an unpruned tree to a leaf gives one initial
rule. The left-hand side of the rule contains all the conditions established by the
path, and the right-hand side specifies the class at the leaf. Each such rule is
simplified by removing conditions that do not seem helpful for discriminating the
nominated class from other classes, using a pessimistic estimate of the accuracy
of the rule. For each class in turn, all the simplified rules for that class are sifted to
remove rules that do not contribute to the accuracy of the set of rules as a whole.
The sets of rules for the classes are then ordered to minimise false positive errors
and a default class is chosen. This process leads to a production rule classifier
that is usually about as accurate as a pruned tree, but more understandable.

Using the popular C4.5 decision tree system [21] with default settings for
parameters, only 12 rules are learned for the D-DisProt, and 4 rules for the
O-PDBselect25. These rules are listed in Tables 1 and 2, respectively. Rules
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Table 1. Disordered rules from D-DisProt

# Rule Accuracy # Rule Accuracy

1 F≤0.013; L≤0.118; Y≤ 0.025 97.6% 7 E>0.124 94.7%

2 F≤0.007 97.4% 8 S>0.090; V≤0.034 94.6%

3 H ≤0.069; K>0.122; Y≤0.045 96.6% 9 G>0.093; I≤0.022 90.5%

4 P>0.103 95.9% 10 D>0.101; I≤0.035 89.9%

5 I≤0.022; K≤0.122; W≤0.003 95.5% 11 D>0.101; S>0.081; V>0.034 89.1%

6 C≤0.004; R≤0.011; Y≤0.039 95.3% 12 C>0.027; H>0.042; K≤0.122 79.4%

Table 2. Ordered rules from O-PDBselect25

# Rule Accuracy

1 D≤0.101; E≤0.124; F>0.013; H≤0.042; I>0.022; K≤0.122; P≤0.103; V>0.033 95.5%

2 E≤0.124; F>0.013; G≤0.104; K≤0.122; P≤0.103; S≤0.090; W>0.003 94.5%

3 E≤0.124; F>0.013; P≤0.103; Y>0.045 94.4%

4 F>0.013; H>0.069 85.7%

are listed in decreasing order of estimated predictive accuracy (the last column
of Tables 1 and 2). All rules are very concise and understandable. The rules
that describe the disordered state are much simpler than those describing the
ordered state. This is a result of the biased composition and lower sequence
complexity of the sequences in D-DisProt dataset. On the other hand, the AAC
in the sequences of the O-PDBselect25 dataset are more uniform and sequence
complexities are much higher. As a result, there are fewer rules and they tend
to be more complicated.

From the biological standpoint, some rules in Table 1 are extremely explicit,
such as rules 2, 4 and 7. They indicate that sequences extremely depleted in
Phe (F ≤ 0.70%) or extremely enriched in Pro (P > 10.3%) or Glu (E > 12.4%)
are very likely to be in a disordered state. Rule 1 shows that if a sequence lacks
Phe(F), Leu(L) and Tyr(Y) at the same time, it most likely is in a disordered
state. Most of the others rules listed in Table 1 are the combination of abundance
in polar or hydrophilic residues and dearth of hydrophobic residues. Interestingly,
positively charged residues His(H), Lys(K), and the sulphur-containing residue
Cys(C) are environment-dependent in their state. For example, the sequence
could be in disordered state if the content of Lys(K) is greater than 12.2%, but
that of His(H) less than 6.9%, and that of Tyr(Y) less than 4.5% at the same
time (rule 3). On the other hand, the sequence could also be in the disordered
state if the content of Lys(K) is less than 12.2% but the content of Ile(I) is less
than 2.2% and that of Trp(W) is less than 0.3% (rule 5), or the content of Cys(C)
is larger than 0.3% and that of His(H) is larger than 2.7% (rule 12).

Our rules not only confirm that residues Phe, Tyr, Trp, Ile, Leu and Val
are ordered promoters and Pro, Glu, Gln, Ser and Gly are disordered promoters
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Table 3. The self- and jackknife- test results

Overall
accuracy

IUP Ordered
Recall : Precision Recall: Precision

Self-test 97.2% 92.6% : 98.8% 99.5% : 96.6%
Jackknife test 86.9% 77.3% : 81.4% 91.5% : 89.3%

as indicated by others [3, 7, 17], they also describe the detailed and complicated
impact from the combinations of different AACs.

3.3 Predicting IUPs with AAC rules

To predict whether an unseen protein sequence is likely to be an IUP, the AAC
of the sequence is first computed. The AAC of the sequence is then checked
against the classification rules for each class learnt from training data, the rule
with the highest accuracy is used to predict. The estimated accuracy of the rule
is the probability of the prediction.

4 Performance Evaluation

With D-DisProt and O-PDBselect25, the self- and jackknife cross-validation tests
were used to study the overall accuracy, recall, and precision of our AAC-rule pre-
dictor. The results are shown in Table 3. With both the self- and jackknife tests
the recall and precision on the ordered proteins are better than those on IUPs.
This is because of the imbalance distribution of 3:1 for number of residues of
the ordered proteins to those of IUPs for training. The jackknife cross-validation
test is indicating good predictive accuracy of our AAC-rule predictor on IUPs,
with a recall of 77.3% and precision of 81.4%.

The ROC curve of the AAC-rule classifier derived from the jackknife test is
shown in Figure 3. The figure shows that the classifier has good performance.
With the default settings, at the very low false positive rate of 8.5%, the classifier
achieves a true positive rate of 77.3%. This implies that our classifier can achieve
good predictive accuracy at the low cost of not introducing too many errors. On
the other hand, the classifier reaches a high true positive rate of 91.5% at the
cost of a false positive rate of 22.7%.

5 Conclusions

Intrinsically Unstructured Proteins (IUPs) are becoming increasingly interesting
because they are common and functionally important. Experimental studies of
IUPs are expensive and time consuming. An effective computational tool is help-
ful for structural biologists to understand protein structure and related function.
In this paper we have proposed an approach for deriving amino acid composition
(AAC) rules for predicting IUPs. The AAC rules derived are consistent with the
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Fig. 3. The ROC curve of the AAC-rule classifier

biological findings [2, 7, 17] and also quantitatively specify the combined effect of
amino acid compositions. Cross-validation tests have shown that the our amino
acid composition rules have high accuracy for predicting IUPs. A user-friendly
interface for our predictor is under development. Further work includes elabo-
rating the system and a complicated tree model for predicting disordered regions
in IUPs.
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Abstract. Numerous techniques have sought to improve the accuracy
of Naive Bayes (NB) by alleviating the attribute interdependence prob-
lem. This paper summarizes these semi-naive Bayesian methods into
two groups: those that apply conventional NB with a new attribute
set, and those that alter NB by allowing inter-dependencies between
attributes. We review eight typical semi-naive Bayesian learning algo-
rithms and perform error analysis using the bias-variance decomposition
on thirty-six natural domains from the UCI Machine Learning Repos-
itory. In analysing the results of these experiments we provide general
recommendations for selection between methods.

Keywords

Naive Bayes, Semi-naive Bayes, attribute independence assumption, bias-variance
decomposition

1 Introduction

Supervised classification is a basic task in data mining, predicting a discrete
class label for a previously unseen instance I = 〈a1, . . . , an〉 from a labelled
training sample, where ai is the value of the ith attribute Ai. There are numerous
approaches to produce classifiers, functions that map an unlabelled instance to
a class label, such as decision trees, neural networks and probabilistic methods.
The Bayesian classifier [1] is a well known probabilistic induction method. It
predicts the class label for I by selecting

argmax
ci

(P (ci | a1, . . . , an)) ∝ argmax
ci

(P (ci)P (a1, . . . , an | ci)) , (1)

where ci ∈ {c1, . . . , ck} is the ith value of the class variable C.
However, accurate estimation of P (a1, . . . , an | ci) is non-trivial. Naive Bayes

(NB) [2–4] gets round this problem by making the assumption that the attributes
are independent given the class. Although the assumption is unrealistic in many
practical scenarios, NB has exhibited competitive accuracy with other learning
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algorithms, especially in domains without highly related attributes. There are
many attempts to explain NB’s impressive performance, and to develop tech-
niques that further improve its accuracy by alleviating the attribute interdepen-
dence problem [4–19]. Collectively, we call these methods semi-naive Bayesian
methods. Domingos and Pazzani [20] argue that the interdependence between
attributes will not affect NB’s accuracy performance, so long as it can gener-
ate the correct ranks of conditional probabilities for the classes. However, the
success of semi-naive Bayesian methods suggest that weakening the attribute
independence assumption is effective.

Gaining a better understanding of the strengths and limitations of different
semi-naive Bayesian algorithms motivates our comparative study. In this paper,
we broadly classify semi-naive Bayesian algorithms into two groups, and ex-
amine eight representative semi-naive Bayesian algorithms, including a detailed
time and space complexity analysis. We compare these algorithms on thirty-six
natural domains from the UCI Machine Learning Repository [21] by using the
bias-variance decomposition [22], a key tool for understanding machine learning
algorithms. We also give some general recommendations for selecting appropriate
semi-naive Bayesian methods.

2 Naive Bayes (NB)

Naive Bayes (NB) [2–4] simplifies probabilistic induction by making the assump-
tions that the attributes are independent given the class and all the probability
estimations from the training sample are accurate. Hence, NB classifies I by
selecting

argmax
ci


P (ci)

n∏

j=1

P (aj | ci)


 . (2)

Due to the independence assumption, NB is simple, and computationally
efficient. Although the attribute independence assumption is often violated, pre-
vious research [3,12,20] has shown that NB behaves well across many domains.
As it uses a fixed formula to classify, there is no model selection.

At training time NB generates a one-dimensional table of class probabil-
ity estimates, indexed by the classes, and a two-dimensional table of condi-
tional attribute-value probability estimates, indexed by the classes and attribute-
values. The time complexity of calculating the estimates is O

(
tn

)
, where t is the

number of training examples. The resulting space complexity is O
(
knv

)
, where

v is the mean number of values per attribute. At classification time, to classify
a single example has time complexity O

(
kn

)
using the tables formed at training

time with space complexity O
(
knv

)
.

3 Semi-naive Bayes Methods

Previous semi-naive Bayesian methods can be roughly subdivided into two groups.
The first group establishes NB with a new attribute set, which can be gen-
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erated by deleting attributes [4, 5, 9] and joining attributes [6, 9]. The second
group adds explicit links between attributes, which represent attribute inter-
dependencies. Sahami [10] introduces the notion of the x-dependence Bayesian
classifier, which allows each attribute to depend on the class and at most x
other attributes. NB is a 0-dependence classifier, and the methods that add
explicit links between attributes can be classified into those that establish 1-
dependence classifiers [12, 14, 19] and those that establish x-dependence clas-
sifiers (x ≥ 1) [8, 16]. In addition, these methods can be classified into eager
learning methods [4, 5, 8, 9, 12, 14, 19], which perform learning at training time,
and lazy learning methods [16], which defer learning until classification time.
The following Sections present these methods in more details.

3.1 Backwards Sequential Elimination (BSE) and Forward
Sequential Selection (FSS)

In Naive Bayes, all the attributes are utilised for classification. When two at-
tributes are strongly related, NB may overweight the influence from these two
attributes, and reduce the influence of the other attributes, which can result in
prediction bias. Deleting one of these attributes may have the effect of alleviating
the problem.

Backwards Sequential Elimination (BSE) [5] and Forward Sequential Selec-
tion (FSS) [4] select a subset of attributes using leave-one-out cross validation
error as a selection criterion and establish a NB with these attributes. Starting
from the full set of attributes, BSE successively eliminates the attribute whose
elimination most improves accuracy, until there is no further accuracy improve-
ment. FSS uses the reverse search direction, that is iteratively adding the at-
tribute whose addition most improves accuracy, starting with the empty set of
attributes. The subset of selected attributes is denoted as Atts = {Ag1 , . . . , Agh

}.
Independence is assumed among the resulting attributes given the class. Hence,
BSE and FSS classify I by selecting

argmax
ci


P (ci)

gh∏

j=g1

P (aj | ci)


 . (3)

At training time BSE and FSS generate a one-dimensional table of class
probability estimates and a two-dimensional table of conditional attribute-value
probability estimates, as NB does. As they perform leave-one-out cross validation
to select the subset of attributes, they must also store the training data, with
additional space complexity O

(
tn

)
. The resulting space complexity is O

(
tn +

knv
)
. Deleting attributes for BSE and adding attributes for FSS have time

complexity of O
(
tkn2

)
, as leave-one-out cross validation will be performed at

most O
(
n2

)
times. They have identical time and space complexity with NB at

classification time.
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3.2 Backward Sequential Elimination and Joining (BSEJ)

Creating new compound attributes when inter-dependencies between attributes
are detected is another approach to relaxing the attribute independence assump-
tion. Semi-naive Bayesian classifier [6] uses exhaustive search to join attribute
values iteratively based on a statistical method. However, the experimental re-
sults are somewhat disappointing.

Backward Sequential Elimination and Joining (BSEJ) [9] uses predictive ac-
curacy as a merging criterion to create new Cartesian product attributes. The
value set of a new compound attribute is the Cartesian product of the value sets
of the two original attributes. As well as joining attributes, BSEJ also considers
deleting attributes. BSEJ repeatedly joins the pair of attributes or deletes the at-
tribute that most improves predictive accuracy using leave-one-out cross valida-
tion. This process terminates if there is no accuracy improvement. The resulting
Cartesian product attribute set is denoted as JoinAtts = {Joing1 , . . . , Joingh

}.
The remaining original attributes that have not been either deleted or joined are
indicated as {Al1 , . . . , Alq}. Hence, BSEJ classifies I by selecting

argmax
ci


P (ci)

gh∏

j=g1

P (joinj | ci)
lq∏

r=l1

P (ar | ci)


 , (4)

where joinj is the value of attribute Joinj .
At training time BSEJ generates a one-dimensional table of class probabil-

ity estimates, a two-dimensional table of conditional attribute-value probability
estimates, as NB does. It also generates two-dimensional tables of conditional
joined attribute-value probability estimates, indexed by the classes and com-
pound attribute-values. In the worst case, the new Cartesian product attribute
has vn values. Therefore, the space complexity is O

(
tn + kvn

)
. BSEJ considers

at most O
(
n3

)
Cartesian product attributes. The time complexity of joining and

deleting attributes is O
(
tkn3

)
. At classification time, to classify a single example

has time complexity O
(
kn

)
and space complexity O

(
kvn

)
.

3.3 Tree Augment Naive Bayes (TAN) and SuperParent TAN
(SP-TAN)

Friedman et al. [12] compared NB with unrestricted Bayesian networks. The ob-
servation that unrestricted Bayesian networks did not usually result in accuracy
improvement and sometimes lead to reduction in accuracy motivated them to
use an intermediate solution that allows each attribute to depend on at most one
non-class attribute, called the parent of the attribute. Based on this representa-
tion, they utilised conditional mutual information to efficiently find a maximum
spanning tree as a classifier. As each attribute depends on at most one other non-
class attribute, TAN is a 1-dependence classifier. The parent of each attribute
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Ai is indicated as π(Ai). Hence, TAN classifies by selecting

argmax
ci


P (ci)

n∏

j=1

P (aj | ci, π(aj))


 . (5)

At training time TAN generates a one-dimensional table of class probabil-
ity estimates, and a three-dimensional table of probability estimates for each
attribute-value, conditioned by each other attribute-value and each class, with
space complexity O

(
k(nv)2

)
. The time complexity of forming the three dimen-

sional probability table is O
(
tn2

)
, as it requires each entry for every combination

of the two attribute-values for every instance to be updated. Creating the condi-
tional mutual information matrix requires each pair of attributes, every pairwise
combination of their respective values in conjunction with each class to be consid-
ered, resulting in time complexity O

(
kn2v2

)
. The parent function is then gener-

ated by establishing a maximal spanning tree, with time complexity O
(
n2 log n

)
.

At classification time, to classify a single example has time complexity O
(
kn

)
.

The three dimensional conditional probability table formed at training time can
be compressed by storing probability estimates for each attribute-value condi-
tioned by the parent selected for that attribute and the class. Hence, the space
complexity is O

(
knv2

)
.

SuperParent TAN (SP-TAN) [14], a variant of TAN, uses a different approach
to construct the parent function. It uses the same representation as TAN, but
utilises leave-one-out cross validation error as a criterion to add a link. The
SuperParent is the attribute that is the parent of all the other orphans, the
attributes without a non-class parent. There are two steps to add a link: first
selecting the best SuperParent that improves accuracy the most, and then se-
lecting the best child of the SuperParent from orphans. SP-TAN stops adding
links when there is no accuracy improvement. As TAN and SP-TAN use dif-
ferent criteria to establish the parent function, TAN tends to add N − 1 links,
while SP-TAN may have fewer links between attributes. Another difference is the
direction of links. TAN chooses the direction randomly, while SP-TAN makes
the direction from SuperParents to their favorite children. SP-TAN also uses
Equation 5 to classify an unseen instance.

At training time SP-TAN needs additional space complexity O
(
tn

)
for storing

the training data compared with TAN. The time complexity of forming the
parent function is O

(
tkn3

)
, as the selection of a single SuperParent is order

O
(
tkn2

)
, the selection of the favorite child of the SuperParent is order O

(
tkn

)
,

and parent selection is performed repeatedly at most O
(
n
)

times. SP-TAN has
identical classification time complexity and space complexity to TAN.

3.4 NBTree

NBTree [8] is a hybrid approach combining NB and decision tree learning. It
partitions the training data using a tree structure and establishes a local NB
in each leaf. It uses 5-fold cross validation accuracy estimate as the splitting
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criterion. A split is defined to be significant if the relative error reduction is
greater than 5% and the splitting node has at least 30 instances. When there
is no significant improvement, NBTree stops the growth of the tree. As the
number of splitting attributes is greater than or equals one, NBTree is a x-
dependence classifier. The classical decision tree predicts the same class for all
the instances that reach a leaf. In NBTree, these instances are classified using
a local NB in the leaf, which only considers those non-tested attributes. Let
S = {S1, . . . , Sg} be the set of the test attributes on the path leading to the leaf,
and let R = {R1, . . . , Rn−g} be the set of the remaining attributes, we have

P (C, I) = P (S)P (C |S)P (R |C,S) ∝ P (C |S)P (R |C, S). (6)

Therefore, NBTree classifies I by selecting

argmax
ci


P (ci | s)

n−g∏

j=1

P (rj | ci, s)


 , (7)

where s is a value of S and rj is a value of Rj .
In NBTree, the number of leaves possible is O

(
t
)
, and the height of the tree

is O
(
logvt

)
. Therefore, there are O

(
t/v

)
internal nodes in the tree. At the root,

NBTree performs 5-fold cross validation on each attribute to select the best one
to split, time complexity of O

(
tkn2

)
. Less time is required for the other internal

nodes. Hence, the time complexity of building the tree is O
(
t2kn2/v

)
. Each leaf

has O
(
n − logvt

)
attributes and stores a two-dimensional table of conditional

attribute-value probability estimates. The space complexity is O
(
tk(n−logvt)v

)
.

At classification time, to classify a single example has time complexity O
(
kn

)
,

and space complexity O
(
tk(n− logvt)v

)
.

3.5 Lazy Bayesian Rules (LBR)

Zheng and Webb [16] developed Lazy Bayesian Rules (LBR), which adopts a
lazy approach, and generates a new Bayesian rule for each test example. The
antecedent of a Bayesian rule is a conjunction of attribute-value pairs, and the
consequent of the rule is a local NB, which uses those attributes that do not
appear in the antecedent to classify. LBR stops adding attribute-value pairs
into the antecedent if the outcome of a one-tailed pairwise sign test of error
difference is not better than 0.05. As the number of the attribute-value pairs in
the antecedent is greater than or equals one, LBR is a x-dependence classifier.
Let s = {s1, . . . , sg} be the set of attribute values in the antecedent, and let
r = {r1, . . . , rn−g} be the set of remaining attribute values, LBR classifies I by
selecting

argmax
ci


P (ci | s)

n−g∏

j=1

P (rj | ci, s)


 . (8)
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The Bayesian rule generated by LBR can be described as a branch of a tree
built by NBTree. LBR generates a rule for each unseen instance, while NBtree
builds a single model according to all the examples in the training data. If
examples are not evenly distributed among branches in NBTree, small disjuncts,
which cover only few training samples, will result in poor prediction performance.
As LBR uses lazy learning, it may avoid this problem. LBR is efficient when few
examples are to be classified. However, the computational overhead of LBR may
be excessive when large numbers of examples are to be classified.

At training time, the time and space complexity of LBR are O
(
tn

)
, as it

only stores the training data. At classification time, LBR adds attribute-value
pairs to the antecedent with time complexity of O

(
tkn3

)
, as the selection of

an attribute-value pair for the antecedent is order O
(
tkn2

)
and this selection is

performed repeatedly until there is no significant improvement on accuracy. The
space complexity is O

(
tn + knv

)
.

3.6 Averaged One-Dependence Estimators (AODE)

To avoid model selection and retain the efficiency of 1-dependence classifiers,
Webb et al. [19] proposed AODE, which averages the predictions of all qualified
1-dependence classifiers. In each 1-dependence classifier, all attributes depend
on the class and a single attribute. For any attribute value aj ,

P (ci, I) = P (ci, aj)P (I | ci, aj). (9)

This equality holds for every aj . Therefore,

P (ci, I) =

∑
j:1≤j≤n∧F (aj)≥m P (ci, aj)P (I | ci, aj)

|{j : 1 ≤ j ≤ n ∧ F (aj) ≥ m}| , (10)

where F (aj) is the frequency of aj in the training sample.
AODE classifies by selecting:

argmax
ci


 ∑

j:1≤j≤n∧F (aj)≥m

P (ci, aj)
n∏

h=1

P (ah | ci, aj)


. (11)

If P (aj) is small, the estimate of P (I|ci, aj) may be unreliable. Hence, AODE
averages models where the frequency of the parent attribute is larger than m =
30, a widely used minimum sample size in statistics.

At training time AODE generates a three-dimensional table of probability
estimates for each attribute-value, conditioned by each other attribute-value and
each class. The resulting space complexity is O(k(nv)2). Forming this table is
of time complexity O(tn2). Classification requires the tables of probability esti-
mates formed at training time of space complexity O(k(nv)2). The time com-
plexity of classifying a single example is O(kn2) as we need to consider each pair
of qualified parent and child attribute within each class.
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4 Algorithm Comparisons

In this study, we compare eight representative semi-naive algorithms and NB.
These semi-naive Bayesian algorithms are BSE, FSS, BSEJ, TAN, SP-TAN,
NBTree, LBR and AODE.

4.1 Experimental Domains and Methodology

The thirty-six data sets from the UCI Machine Learning Repository used in our
experiments are shown in Table 1. The experiments were performed in the Weka
workbench [23] on a dual-processor 1.7 GHz Pentium 4 Linux computer with 2
Gb RAM, and all data were discretized using MDL discretization [24].

Table 1. Data sets

No. Domain Case Att Class No. Domain Case Att Class

1 Adult 48,842 14 2 19 Labor negotiations 57 16 2
2 Annealing 898 38 6 20 LED 1,000 7 10
3 Balance Scale 625 4 3 21 Letter Recognition 20,000 16 26
4 Breast Cancer (Wisconsin) 699 9 2 22 Liver Disorders (bupa) 345 6 2
5 Chess 551 39 2 23 Lung Cancer 32 56 3
6 Credit Screening 690 15 2 24 Mfeat-mor 2,000 6 10
7 Echocardiogram 131 6 2 25 New-Thyroid 215 5 3
8 German 1,000 20 2 26 Pen Digits 10,992 16 10
9 Glass Identification 214 9 3 27 Postoperative Patient 90 8 3
10 Heart 270 13 2 28 Primary Tumor 339 17 22
11 Heart Disease (cleveland) 303 13 2 29 Promoter Gene Sequences 106 57 2
12 Hepatitis 155 19 2 30 Segment 2,310 19 7
13 Horse Colic 368 21 2 31 Sign 12,546 8 3
14 House Votes 84 435 16 2 32 Sonar Classification 208 60 2
15 Hungarian 294 13 2 33 Syncon 600 60 6
16 Hypothyroid 3,163 25 2 34 Tic-Tac-Toe Endgame 958 9 2
17 Ionosphere 351 34 2 35 Vehicle 846 18 4
18 Iris Classification 150 4 3 36 Wine Recognition 178 13 3

As bias-variance decomposition provides a valuable insight into the aspects
that affect the performance of a learning algorithm, we use Weka’s bias-variance
decomposition utility which utilised the experimental method proposed by Ko-
havi and Wolpert [22] to compare the performance of the nine algorithms. Bias
denotes the systematic component of error, and variance describes the compo-
nent of error that stems from sampling [22]. There is a bias-variance tradeoff
such that bias typically increases when variance decreases and vice versa.

In Kohavi and Wolpert’s method, the training data are divided into a training
pool and a test pool randomly. Each pool contains 50% of the data. 50 local
training sets, each containing half of the training pool, are sampled from the
training pool. Classifiers are generated from each local training set, which is 25%
of the full data set. Bias, variance and error are estimated from the performance
of the classifiers on the test set.

4.2 Experimental Results

The mean error, bias and variance across all the thirty-six data sets for the nine
algorithms are shown in Table 2, 3 and 4 respectively. The pairwise win/draw/loss

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
148



Table 2. Error

No. Domain NB AODE NBTree LBR TAN SP-TAN BSEJ BSE FSS

1 Adult 0.168 0.152 0.144 0.140 0.147 0.147 0.141 0.146 0.144
2 Annealing 0.082 0.065 0.085 0.064 0.067 0.067 0.070 0.076 0.123
3 Balance Scale 0.303 0.302 0.304 0.302 0.303 0.300 0.301 0.304 0.319
4 Breast Cancer (Wisconsin) 0.030 0.027 0.031 0.030 0.050 0.030 0.030 0.030 0.050
5 Chess 0.143 0.140 0.151 0.141 0.128 0.137 0.133 0.142 0.186
6 Credit Screening 0.171 0.163 0.174 0.172 0.177 0.172 0.172 0.172 0.167
7 Echocardiogram 0.389 0.382 0.388 0.392 0.388 0.388 0.382 0.386 0.389
8 German 0.268 0.262 0.283 0.269 0.277 0.268 0.270 0.269 0.288
9 Glass Identification 0.300 0.299 0.299 0.303 0.300 0.295 0.298 0.300 0.313
10 Heart 0.215 0.216 0.232 0.215 0.236 0.218 0.224 0.221 0.269
11 Heart Disease (cleveland) 0.174 0.176 0.191 0.174 0.176 0.178 0.185 0.188 0.246
12 Hepatitis 0.139 0.140 0.144 0.140 0.143 0.138 0.138 0.140 0.153
13 Horse Colic 0.221 0.219 0.228 0.210 0.213 0.219 0.222 0.218 0.218
14 House Votes 84 0.086 0.054 0.064 0.069 0.068 0.082 0.082 0.083 0.039
15 Hungarian 0.169 0.173 0.176 0.173 0.179 0.172 0.176 0.172 0.196
16 Hypothyroid 0.024 0.021 0.018 0.016 0.025 0.018 0.015 0.015 0.014
17 Ionosphere 0.119 0.102 0.121 0.119 0.099 0.118 0.114 0.113 0.137
18 Iris Claasification 0.058 0.058 0.061 0.058 0.056 0.058 0.057 0.058 0.060
19 Labor negotiations 0.150 0.150 0.151 0.196 0.168 0.154 0.154 0.150 0.249
20 LED 0.255 0.258 0.272 0.257 0.271 0.259 0.265 0.265 0.271
21 Letter Recognition 0.292 0.193 0.238 0.220 0.212 0.210 0.250 0.287 0.288
22 Liver Disorders (bupa) 0.424 0.424 0.424 0.424 0.424 0.424 0.424 0.424 0.424
23 Lung Cancer 0.556 0.556 0.556 0.557 0.562 0.555 0.556 0.550 0.619
24 mfeat-mor 0.317 0.311 0.320 0.313 0.312 0.314 0.322 0.317 0.322
25 New-Thyroid 0.074 0.074 0.077 0.074 0.077 0.075 0.075 0.075 0.108
26 Pen Digits 0.132 0.037 0.071 0.065 0.066 0.055 0.078 0.124 0.125
27 Postoperative Patient 0.366 0.366 0.366 0.364 0.383 0.386 0.380 0.354 0.319
28 Primary Tumor 0.559 0.572 0.603 0.571 0.593 0.571 0.573 0.567 0.649
29 Promoter Gene Sequences 0.130 0.130 0.130 0.132 0.315 0.134 0.134 0.133 0.248
30 Segment 0.112 0.071 0.081 0.092 0.082 0.090 0.090 0.092 0.084
31 Sign 0.362 0.302 0.279 0.280 0.292 0.297 0.287 0.362 0.364
32 Sonar Classification 0.274 0.275 0.286 0.274 0.293 0.279 0.280 0.282 0.301
33 Syncon 0.069 0.059 0.095 0.069 0.058 0.069 0.068 0.068 0.115
34 Tic-Tac-Toe Endgame 0.296 0.261 0.254 0.291 0.294 0.295 0.265 0.294 0.293
35 Vehicle 0.444 0.383 0.375 0.385 0.382 0.428 0.421 0.433 0.420
36 Wine Recognition 0.040 0.042 0.049 0.040 0.053 0.040 0.044 0.043 0.158

Mean 0.220 0.206 0.214 0.211 0.219 0.212 0.213 0.218 0.241

summary of error, bias and variance for all the algorithms on thirty-six data sets
are presented in Table 5, 6 and 7. The win/draw/loss record in each table entry
compares the algorithm with which the row is labelled (L) against the algorithm
with which the column is labelled (C). The number of wins is the number of
data sets for which L achieved a lower mean value for the metric than C. Losses
represent higher mean values and draws represent values that are identical for
3 decimal places. The algorithms are sorted in ascending order on the mean
metric in each win/draw/loss table. As no specific prediction about relative per-
formance has been made, the p value is the outcome of a two-tailed binomial
sign test. We assess a difference as significant if p ≤ 0.05.

Considering first the error outcomes, AODE achieves the lowest mean error,
its mean error being substantially (0.010 or more) lower than that of BSE, TAN,
NB and FSS. The mean error of FSS is substantially higher than that of all
the other algorithms. The win/draw/loss record indicates that AODE has a
significant advantage over all the other algorithms, except LBR and SP-TAN.
The advantage of LBR, SP-TAN and BSE is significant compared to NBTree
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Table 3. Bias

No. Domain NB AODE NBTree LBR TAN SP-TAN BSEJ BSE FSS

1 Adult 0.156 0.139 0.123 0.127 0.129 0.119 0.114 0.115 0.122
2 Annealing 0.053 0.045 0.048 0.041 0.043 0.043 0.042 0.046 0.092
3 Balance Scale 0.175 0.172 0.177 0.173 0.172 0.172 0.174 0.172 0.181
4 Breast Cancer (Wisconsin) 0.028 0.025 0.025 0.028 0.027 0.028 0.026 0.026 0.030
5 Chess 0.104 0.101 0.078 0.097 0.062 0.090 0.081 0.095 0.112
6 Credit Screening 0.147 0.138 0.117 0.147 0.130 0.143 0.138 0.172 0.124
7 Echocardiogram 0.249 0.247 0.248 0.253 0.246 0.250 0.248 0.245 0.246
8 German 0.203 0.195 0.183 0.202 0.174 0.196 0.185 0.197 0.217
9 Glass Identification 0.169 0.168 0.160 0.167 0.164 0.166 0.161 0.161 0.153
10 Heart 0.156 0.156 0.153 0.156 0.165 0.154 0.152 0.146 0.143
11 Heart Disease (cleveland) 0.127 0.127 0.119 0.127 0.117 0.126 0.124 0.123 0.124
12 Hepatitis 0.098 0.096 0.082 0.094 0.078 0.095 0.088 0.094 0.083
13 Horse Colic 0.188 0.179 0.158 0.177 0.170 0.183 0.177 0.183 0.174
14 House Votes 84 0.077 0.043 0.028 0.046 0.044 0.071 0.071 0.070 0.028
15 Hungarian 0.156 0.156 0.144 0.157 0.134 0.155 0.151 0.150 0.158
16 Hypothyroid 0.021 0.018 0.012 0.013 0.022 0.014 0.012 0.012 0.013
17 Ionosphere 0.077 0.068 0.070 0.077 0.063 0.076 0.075 0.073 0.075
18 Iris Claasification 0.037 0.037 0.038 0.037 0.034 0.038 0.039 0.039 0.039
19 Labor negotiations 0.046 0.046 0.047 0.068 0.057 0.048 0.045 0.044 0.088
20 LED 0.209 0.211 0.209 0.208 0.221 0.208 0.207 0.211 0.212
21 Letter Recognition 0.230 0.133 0.102 0.103 0.124 0.110 0.142 0.226 0.223
22 Liver Disorders (bupa) 0.292 0.292 0.292 0.292 0.292 0.292 0.292 0.292 0.292
23 Lung Cancer 0.311 0.311 0.312 0.312 0.375 0.309 0.310 0.306 0.311
24 mfeat-mor 0.246 0.240 0.212 0.231 0.235 0.234 0.218 0.227 0.217
25 New-Thyroid 0.039 0.040 0.037 0.039 0.028 0.039 0.039 0.039 0.039
26 Pen Digits 0.111 0.023 0.025 0.025 0.035 0.025 0.045 0.097 0.094
27 Postoperative Patient 0.299 0.299 0.300 0.300 0.315 0.306 0.307 0.298 0.305
28 Primary Tumor 0.346 0.348 0.330 0.352 0.370 0.342 0.330 0.331 0.354
29 Promoter Gene Sequences 0.043 0.043 0.044 0.044 0.134 0.044 0.045 0.048 0.080
30 Segment 0.075 0.044 0.034 0.047 0.039 0.056 0.053 0.055 0.043
31 Sign 0.324 0.260 0.206 0.218 0.245 0.235 0.214 0.310 0.311
32 Sonar Classification 0.181 0.180 0.172 0.181 0.169 0.182 0.172 0.175 0.178
33 Syncon 0.046 0.037 0.027 0.046 0.027 0.046 0.045 0.045 0.033
34 Tic-Tac-Toe Endgame 0.234 0.191 0.107 0.207 0.195 0.199 0.134 0.214 0.192
35 Vehicle 0.315 0.255 0.225 0.248 0.231 0.300 0.299 0.306 0.267
36 Wine Recognition 0.015 0.016 0.014 0.015 0.017 0.016 0.016 0.016 0.063

Mean 0.155 0.141 0.129 0.140 0.141 0.142 0.138 0.149 0.150

and FSS. All the algorithms, except NB, have a significant advantage over FSS.
It is notable that AODE is the only algorithm to have a significant advantage
in error over NB.

With respect to bias, NBTree exhibits the lowest mean bias, its mean bias
being substantially lower than that of all the remaining algorithms but BSEJ.
The win/draw/loss record shows that NBTree has a significant advantage over
the other algorithms, except TAN. The advantage of BSEJ is significant com-
pared with SP-TAN and NB. All the algorithms except FSS have significant
advantage over NB.

Turning to variance, the mean variance of NB and AODE is substantially
lower than that of BSEJ, TAN, NBTree and FSS. The win/draw/loss record
indicates that NB has a significant advantage over the other algorithms, but
AODE. AODE shares similar levels of variance with NB and LBR, and has
a significant advantage over the other algorithms. LBR and SP-TAN have a
significant advantage over BSEJ, TAN, NBTree and FSS. The advantage of BSE
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Table 4. Variance

No. Domain NB AODE NBTree LBR TAN SP-TAN BSEJ BSE FSS

1 Adult 0.011 0.012 0.020 0.013 0.018 0.027 0.027 0.031 0.021
2 Annealing 0.028 0.020 0.036 0.023 0.023 0.024 0.027 0.030 0.031
3 Balance Scale 0.125 0.128 0.125 0.126 0.128 0.126 0.125 0.129 0.135
4 Breast Cancer (Wisconsin) 0.002 0.002 0.006 0.002 0.023 0.002 0.004 0.004 0.020
5 Chess 0.038 0.038 0.072 0.043 0.065 0.046 0.051 0.046 0.074
6 Credit Screening 0.024 0.025 0.056 0.024 0.047 0.028 0.034 0.037 0.042
7 Echocardiogram 0.137 0.133 0.138 0.137 0.139 0.135 0.131 0.138 0.140
8 German 0.063 0.066 0.098 0.066 0.101 0.071 0.084 0.071 0.070
9 Glass Identification 0.129 0.129 0.136 0.134 0.134 0.127 0.134 0.136 0.156
10 Heart 0.058 0.058 0.078 0.058 0.070 0.063 0.070 0.074 0.123
11 Heart Disease (cleveland) 0.046 0.048 0.071 0.046 0.059 0.051 0.059 0.063 0.119
12 Hepatitis 0.040 0.043 0.061 0.044 0.064 0.043 0.049 0.045 0.069
13 Horse Colic 0.032 0.040 0.068 0.033 0.042 0.035 0.043 0.034 0.043
14 House Votes 84 0.009 0.010 0.035 0.022 0.024 0.011 0.011 0.013 0.011
15 Hungarian 0.013 0.017 0.032 0.016 0.044 0.016 0.025 0.021 0.038
16 Hypothyroid 0.003 0.003 0.006 0.002 0.003 0.004 0.003 0.003 0.002
17 Ionosphere 0.041 0.033 0.050 0.041 0.036 0.041 0.039 0.039 0.061
18 Iris Claasification 0.021 0.021 0.022 0.021 0.021 0.019 0.018 0.019 0.020
19 Labor negotiations 0.102 0.102 0.102 0.126 0.109 0.104 0.107 0.104 0.157
20 LED 0.045 0.046 0.062 0.048 0.049 0.050 0.057 0.052 0.058
21 Letter Recognition 0.061 0.058 0.133 0.114 0.086 0.098 0.106 0.060 0.064
22 Liver Disorders (bupa) 0.130 0.130 0.130 0.130 0.130 0.130 0.130 0.130 0.130
23 Lung Cancer 0.240 0.240 0.240 0.240 0.184 0.241 0.241 0.239 0.302
24 mfeat-mor 0.070 0.070 0.106 0.081 0.075 0.079 0.101 0.088 0.103
25 New-Thyroid 0.034 0.034 0.038 0.034 0.049 0.035 0.036 0.036 0.068
26 Pen Digits 0.020 0.014 0.045 0.039 0.030 0.029 0.033 0.026 0.031
27 Postoperative Patient 0.065 0.065 0.065 0.064 0.067 0.078 0.071 0.056 0.013
28 Primary Tumor 0.210 0.219 0.268 0.215 0.218 0.225 0.238 0.232 0.290
29 Promoter Gene Sequences 0.085 0.085 0.085 0.086 0.177 0.088 0.088 0.084 0.165
30 Segment 0.036 0.026 0.047 0.044 0.043 0.034 0.036 0.037 0.040
31 Sign 0.037 0.041 0.072 0.060 0.045 0.061 0.072 0.051 0.052
32 Sonar Classification 0.092 0.093 0.112 0.092 0.122 0.095 0.106 0.105 0.120
33 Syncon 0.022 0.022 0.067 0.022 0.030 0.022 0.023 0.023 0.081
34 Tic-Tac-Toe Endgame 0.061 0.068 0.145 0.083 0.097 0.094 0.129 0.079 0.099
35 Vehicle 0.126 0.126 0.147 0.134 0.148 0.125 0.120 0.124 0.149
36 Wine Recognition 0.024 0.025 0.034 0.024 0.036 0.024 0.027 0.026 0.093

Mean 0.063 0.064 0.083 0.069 0.076 0.069 0.074 0.069 0.089

and BSEJ compared with NBTree and FSS is significant. TAN, NBTree and FSS
share similar levels of variance.

4.3 Analysis

Bias describes how closely the learner is able to describe the decision surfaces for
a domain, while variance reflects the sensitivity of the learner to variations in the
training sample. In general, the better the learner is able to fit the training data,
the lower the bias. However, closely fitting the training data may result in greater
changes in the model formed from sample to sample, and hence higher variance.
There is a tension between bias and variance. However, variance is expected
to decrease with increasing training sample size, as the differences between the
different samples decrease [25]. Therefore, bias may come to dominate error for
problems with large training samples.

NB uses a fixed formula to classify, and hence there is no model selection,
which results in relatively low variance. Weakening the attribute independence
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Table 5. Win/Draw/Loss Records of Error on 36 Datasets

W/D/L AODE LBR SP-TAN BSEJ NBTree BSE TAN NB FSS

p of W/D/L

AODE

LBR 12–6–18

0.3616

SP-TAN 11–3–22 13–7–16

0.0802 0.7110

BSEJ 8–3–25 13–3–20 11–9–16

0.0046 0.2962 0.4420

NBTree 5–5–26 10–1–25 9–3–24 11–3–22

0.0002 0.0166 0.0136 0.0802

BSE 7–4–25 10–7–19 12–6–18 12–7–17 24–2–10

0.0022 0.1360 0.3616 0.4582 0.0244

TAN 8–2–26 12–1–23 13–4–19 13–1–22 15–3–18 15–3–18

0.0030 0.0896 0.3770 0.1754 0.7284 0.7284

NB 8–7–21 11–10–15 11–6–19 15–3–18 21–4–11 13–7–16 17–3–16

0.0242 0.5572 0.2004 0.7284 0.1102 0.7110 1.0000

FSS 5–1–30 6–1–29 9–1–26 7–2–27 7–2–27 8–2–26 7–3–26 11–2–23

<0.0001 0.0002 0.0090 0.0008 0.0008 0.0030 0.0014 0.0580

assumption may make semi-naive Bayesian methods fit the training sample bet-
ter. Consequently, they may have lower bias, but higher variance compared with
NB. AODE reduces variance successfully by aggregating all the qualified 1-
dependence classifiers. It delivers competitive variance with NB. NBTree has
relatively low bias, but high variance. Brain and Webb [25] hypothesized that
the low variance algorithms tend to enjoy lower relative error on small training
sets, while low bias algorithms enjoy lower relative error on large training sets.
Therefore, the Weka bias-variance estimation method used in this study, which
produces small training sets, might put NBTree at a disadvantage. We believe
that this also accounts for why AODE was the only algorithm to achieve a sig-
nificant advantage over NB with respect to error in our experiments, given the
low variance of these two algorithms.

As has been discussed above, bias tends to dominate error for large train-
ing samples. Therefore, for large training data we recommend use of the lowest
bias semi-naive Bayesian method whose complexity satisfies the computational
constraints of the application context. For small training data we recommend
the lowest variance semi-naive Bayesian method that has suitable computational
complexity. For intermediate size training samples, an appropriate trade-off be-
tween bias and variance should be sought within the prevailing computational
complexity constraints. AODE has very low variance, relatively low bias, and
low training time and space complexity. In consequence, it may prove compet-
itive over a considerable range of classification tasks. For extremely small data

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
152



Table 6. Win/Draw/Loss Records of Bias on 36 Datasets

W/D/L NBTree BSEJ LBR AODE TAN SP-TAN BSE FSS NB

p of W/D/L

NBTree

BSEJ 7–5–24

0.0034

LBR 4–5–27 11–3–22

<0.0001 0.0814

AODE 10–2–24 13–3–20 18–4–14

0.0244 0.2962 0.5966

TAN 12–2–22 19–1–16 21–1–14 21–2–13

0.1214 0.7358 0.3106 0.2294

SP-TAN 5–4–27 7–4–25 15–7–14 16–3–17 14–3–19

0.0001 0.0022 1.0000 1.0000 0.4868

BSE 8–2–26 10–8–18 19–3–14 16–4–16 14–2–20 19–5–12

0.0030 0.1850 0.4868 1.2734 0.3916 0.2810

FSS 5–2–29 12–5–19 16–3–17 15–2–19 13–2–21 17–2–17 13–3–20

<0.0001 0.2810 1.0000 0.6076 0.1754 1.2734 0.2962

NB 6–2–28 4–2–30 7–11–18 4–9–23 9–1–26 7–4–25 5–2–29 13–3–20

0.0002 <0.0001 0.0432 0.0004 0.0060 0.0022 <0.0001 0.2962

NB may prove better and for large data NBTree, BSEJ and LBR may have an
advantage if their computational profiles are appropriate to the task.

Admittedly these guidelines are imprecise, as the relevant data size is relative
to the complexity of the decision surfaces that must be approximated, and in
most applications this is unknown. Nonetheless, we believe that they provide
a useful framework within which to operate when choosing between semi-naive
Bayesian methods.

5 Conclusion

A number of techniques have developed to improve Naive Bayes’s accuracy per-
formance by relaxing the attribute independence assumption. We study eight
typical semi-naive Bayesian algorithms, and give details of the time and space
complexity of these methods. BSEJ, NBTree and SP-TAN have relatively high
training time complexity, while LBR has high classification time complexity.
BSEJ has very high space complexity. We performed extensive experimental
evaluation of the relative error, bias and variance of these algorithms. For the
experimental data sets investigated, AODE shares similar levels of error with
LBR and SP-TAN, and has a significant advantage over the other algorithms.
NBTree has a significant advantage over all the other algorithms, except TAN.
All the other algorithms, except TAN and FSS have a significant advantage over
NBTree. As bias tends to be a larger portion of error when training set size
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Table 7. Win/Draw/Loss Records of Variance on 36 Datasets

W/D/L NB AODE LBR SP-TAN BSE BSEJ TAN NBTree FSS

p of W/D/L

NB

AODE 6–15–15

0.0784

LBR 3–13–20 10–8–18

0.0004 0.1850

SP-TAN 6–5–25 7–4–25 11–7–18

0.0008 0.0022 0.2650

BSE 7–2–27 6–2–28 13–1–22 11–5–20

0.0008 0.0002 0.1754 0.1496

BSEJ 5–4–27 4–2–30 10–2–24 7–5–24 12–6–18

0.0001 <0.0001 0.0244 0.0034 0.3636

TAN 3–3–30 2–4–30 8–4–24 11–1–24 12–2–22 13–5–18

<0.0001 <0.0001 0.0070 0.0410 0.1214 0.4732

NBTree 0–6–30 1–5–30 3–2–31 6–1–29 3–3–30 5–3–28 13–1–22

<0.0001 <0.0001 <0.0001 0.0001 <0.0001 <0.0001 0.1754

FSS 3–1–32 3–1–32 7–2–27 6–2–28 5–1–30 8–3–25 12–1–23 15–1–20

<0.0001 <0.0001 0.0008 0.0002 <0.0001 0.0046 0.0896 0.4996

increases, we suggest using low bias methods for large data sets, and low vari-
ance methods for small data sets, within the further constraints on applicable
algorithms implied by the computational constraints of the given application.
Computation cost and the trade-off between bias and variance should be con-
sidered for intermediate size data.
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Abstract. One of the fundamental tasks of data analysis in many disci-
plines is to identify the significant differences between classes or groups.
Contrast sets have previously been proposed as a useful tool for de-
scribing these differences. A contrast set is a conjunction of (association
rule-like) attribute-value pairs for which the conjunction is true for some
group. The intuition is that comparing the support for a contrast set
across groups may provide some insight into the fundamental differences
between the groups. In this paper, we compare two contrast set mining
methods that rely on different statistical philosophies: the well-known
STUCCO approach, and CIGAR, our proposed alternative approach.
We survey and discuss the statistical measures underlying the two meth-
ods using an informal tutorial approach. Experimental results show that
both methodologies are statistically sound, representing valid alternative
solutions to the problem of identifying potentially interesting contrast
sets.

1 Introduction

One of the fundamental tasks of data analysis in many disciplines is to identify
the significant differences between classes or groups. For example, an epidemio-
logical study of self-reported levels of stress experienced by health care providers
could be used to characterize the differences between those who work in rural and
urban communities. The differences could be conveniently described using pairs
of contrasting conditional probabilities, such as P(Stress=high ∧ Income=low

| Location=rural) = 32% and P(Stress=high ∧ Income=low | Location=

urban) = 25%. The conditional probabilities shown here are equivalent to rules
of the form Location=rural ⇒ Stress=high ∧ Income=low (32%) and
Location = urban ⇒ Stress=high ∧ Income=low (25%), known as associa-

tion rules [1], where the antecedents (i.e., Location=rural and Location=urban)
describe distinct groups that share a common consequent (i.e., Stress=high ∧
Income=low), and the percentages represent the number of examples in each
group for which the association rule is true (called support). The common con-
sequent is called a contrast set [2].

Contrast set mining is an association rule-based discovery technique that was
originally introduced as emerging pattern mining [4], a temporal pattern mining
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problem that is essentially a special case of the more general contrast set mining
problem. An excellent bibliography can be found in [6].

More generally applicable work in contrast set mining can be found in [2], [3],
and [8]. In [2], contrast set mining is studied within the context of an association
rule-based technique called STUCCO (Searching and Testing for Understandable
Consistent COontrasts). For an extensive description and evaluation, see [3]. The
fundamental characteristic of this approach is that it utilizes a canonical order-
ing of nodes in the search space, such that any node that cannot be pruned is
visited only once. STUCCO also utilizes χ2 testing of two-dimensional contin-
gency tables, along with a modified Bonferroni method to control Type I error,
to determine whether differences between rules in a contrast set are statistically
significant.

Group differences are also studied in [8] within the context of an association
rule-like technique called Magnum Opus, a commercial exploratory rule discovery
tool. However, the statistical reasoning used by Magnum Opus actually performs
a within-groups comparison rather than a between-groups comparison [7], finding
only a subset of the contrast sets generated by STUCCO, so we do not discuss
it further in this work.

Here, we discuss STUCCO in detail, and introduce CIGAR (ContrastIng,
Grouped Association Rules), a contrast set mining technique that relies on an
alternative statistical philosophy to the discovery of statistically significant con-
trast sets, yet still adheres to sound and accepted practices. CIGAR not only
considers whether the difference in support between two groups is significant,
it also considers whether the attributes in a contrast set are correlated, and a
correlational pruning technique is utilized to reduce the size of the search space.

2 The Contrast Set Mining Framework

In this section, we describe how the contrast set mining problem generalizes the
association rule mining problem from binomial or transactional data types to
multinomial, grouped categorical data.

2.1 The Association Rule Mining Problem

Mining contrast sets is based upon the problem of mining association rules [1].
The problem of association rule mining is typically studied within the context
of discovering buying patterns from retail sales transactions (i.e., market basket
data), and is formally defined as follows. Let A = {A1, A2, . . . , Am} be a set of
attributes called items. Let D be a set of transactions, where each transaction T
is described by a vector of m attribute-value pairs A1 = V1, A2 = V2, . . . , Am = Vm,
and each Vj is selected from the set {1, 0} (i.e., Vj = 1 (Vj = 0) indicates
that item Aj was purchased (not purchased)). The collection of purchased items
contained in transaction T is an itemset. Transaction T contains X, a set of
purchased items, if X ⊆ T . An association rule is an implication of the form
X ⇒ Y, where X ⊂ A, Y ⊂ A, and X ∩ Y = ∅. Confidence c in X ⇒ Y is the
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percentage of transactions in D containing X that also contain Y. Support s for
X ⇒ Y is the percentage of transactions in D containing X ∪ Y. The confidence
in an association rule X ⇒ Y measures the conditional probability of Y given X,
denoted P(Y|X). The goal of association rule mining is to identify rules whose
support and confidence exceed some user-defined thresholds.

2.2 The Contrast Set Mining Problem

In the problem of contrast set mining [2], [3] transaction set D is generalized to
a set of multinomial examples, where each example E is described by a vector
of m attribute-value pairs A1 = V1, A2 = V2, . . . , Am = Vm, and each Vi is selected
from the finite set of discrete domain values in the set {Vi1 , Vi2 , . . . , Vin} asso-
ciated with Ai. One attribute Aj in D is a distinguished attribute whose value
Vjk in example E is used to assign E into one of n mutually exclusive groups
G1, G2, . . . , Gn. A contrast set X is a conjunction of attribute-value pairs defined
on G1, G2, . . . , Gn, such that no Ai occurs more than once. From these conjunc-
tions, we have rules of the form Aj = Vjk ⇒ X, where the antecedent contains the
distinguished attribute and determines group membership, and the consequent
describes a contrast set. Support s for association rule Aj = Vjk ⇒ X is the per-
centage of examples in Gj containing X. The goal of contrast set mining is to
identify all contrast sets for which the support is significantly different across
groups.

3 STUCCO

The objective of STUCCO is to find contrast sets from grouped categorical data,
where a dataset D can be divided into n mutually exclusive groups, such that
for groups Gi and Gj , Gi ∩Gj = ∅, for all i 6= j. Specifically, we want to identify
all contrast sets, such that the conditions

∃ijP(X|Gi) 6= P(X|Gj)

and
maxij |support(X,Gi) − support(X,Gj)| ≥ δ

are satisfied, where X is a contrast set, Gk is a group, and δ is the user-defined
minimum support difference (i.e., the minimum support difference between two
groups). Contrast sets satisfying the first condition are called significant, those
satisfying the second condition are called large, and those satisfying both condi-
tions are called deviations.

3.1 Finding Deviations

The search space consists of a canonical ordering of nodes, where all possible
combinations of attribute-value pairs are enumerated. The rule contained at
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each node is called a candidate set until it has been determined that it meets
the criteria required to be called a contrast set (i.e., it is significant and large).

Determining Support for a Candidate Set. The search for contrast sets
follows a breadth-first search strategy, and is based upon support for a candidate
set. For example, a sample contingency table is shown in Table 1. In Table 1,
Support(Location=urban ∧ Stress= high) = 194 / 554 = 0.35 (or 35%) and
Support(Location=rural ∧ Stress= high) = 355 / 866 = 0.41 (or 41%).

Table 1. An example contingency table

Location=urban Location=rural
∑

Row

Stress=high 194 355 549
¬ (Stress=high) 360 511 871
∑

Column 554 866 1420

Determining Whether a Candidate Set is Large. As mentioned above,
two rules whose support difference exceeds some user-defined threshold are called
large rules. For example, in Table 1, |Support(Location=urban ∧ Stress=high

) - Support(Location=rural ∧ Stress=high)| = |0.35 - 0.41| = 0.06 (or
6%). If we assume that δ = 0.05 (or 5%), then the rules Location=urban ∧
Stress=high and Location=rural ∧ Stress=high are large.

Determining Whether a Candidate Set is Significant. To determine
whether support for rules are significantly different across groups, two-dimensional
contingency table analysis and the χ2 statistic are used. A 2 × n contingency
table is constructed, where the rows represent the truth of the contrast set and
the columns represent the groups. The χ2 statistic tests the null hypothesis that
row and column totals are not related (i.e., are independent), and is given by

χ2 =

2
∑

i=1

2
∑

j=1

(Oij − Eij)
2

Eij

,

where Oij is the observed frequency at the intersection of row i and column j,
Eij = (Oi. ×O.j)/O.., Oi. is the total in row i, O.j is the total in column j, and
O.. is the sum of the row and column totals (i.e., the total number of examples).
The number of degrees of freedom for χ2 is given by df = (r−1)× (c−1), where
r and c are the number of rows and columns, respectively. A sufficiently large
χ2 value will cause rejection of the null hypothesis that row and column totals
are not related. For example, χ2 = 5.08 for the contingency table in Table 1. At
the 5% significance level (i.e., α = 0.05), χ2 = 3.84. Since 5.08 > 3.84, we reject
the null hypothesis. That is, we conclude that Location and Stress in the
rules Location=urban ∧ Stress=high and Location=rural ∧ Stress=high

are dependent.
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However, we have failed to consider the effects of multiple hypothesis tests.
The α level is used to control the maximum probability of falsely rejecting the
null hypothesis in a single χ2 test (i.e., known as a Type I error or a false posi-
tive error in statistical and non-statistical parlance, respectively). In the above
example, we used α = 0.05. But since STUCCO performs multiple hypothesis
tests, a modified Bonferroni statistic is employed to limit the total Type I error
rate for all χ2 tests to α. The modified Bonferroni statistic uses a different α for
contrast sets being tested at different levels of the search space. That is, at level
i in the search space,

αi = min((α/2i)/|Ci|, αi−1),

where |Ci| is the number of candidates at level i. The net effect, then, is that
as we descend through the search space, αi is half that of αi−1, so a significant
difference is increasingly restrictive as we descend. In the case of the contingency
table in Table 1, the rules being tested are found at level two of the search
space. If we assume there are 10 nodes at level two, then i = 2 and α2 =
((0.05/22)/|10|) = 0.00125. For α = 0.00125, χ2 ≈ 10.83. Since 5.08 < 10.83, we
accept the null hypothesis. That is, we conclude that Location and Stress are
independent (i.e., no relationship exists between the two attributes). And since
the rules are not significantly different, they are not significant. Finally, since the
rules are not both large and significant, they are not deviations, and therefore,
do not constitute a contrast set.

3.2 Pruning the Search Space

Conceptually, the basic pruning strategy is simple: a node in the search space
can be pruned whenever it fails to be significant and large.

Effect Size Pruning. When the maximum support difference, δmax, between
all possible pairs of groups has been considered and δmax < δ, then the cor-
responding nodes can be pruned from the search space. This ensures that the
effect size is large enough to be considered important by the domain expert.

Statistical Significance Pruning. The accuracy of the χ2 test depends on
the expected frequencies in the contingency table. When an expected frequency
is too small, the validity of the χ2 test may be questioned. However, there is
no universal agreement on what is appropriate, so frequencies ranging anywhere
from 1 (liberal) to 5 (conservative) are considered acceptable. Thus, nodes are
pruned whenever an expected frequency is considered unacceptable.

Maximum χ2 Pruning. As we descend through the search space, the number
of attribute-value pairs in a contrast set increases (i.e., itemsets are larger as
the rules become more specific), and at each successive lower level in the search
space, the support for a contrast set at level i is bounded by the parent at level
i − 1. For example, given the rule Location=rural ⇒ Stress=high (54%),
then the rule Location=rural ⇒ Stress=high ∧ Income=low (65%) cannot
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possibly be true. That is, any specialization of this rule cannot be any more
than 54%. Consequently, the support for the parent rule Stress=high becomes
an upper bound for all descendants in the search space. Similarly, as we ascend
through the search space, the support for a contrast set at level i is bounded by
the child at level i + 1. That is, the support for the child rule becomes a lower
bound for all ancestors in the search space. Within the context of a contingency
table, the observed frequencies in the upper (lower) row decrease (increase) as
the contrast set becomes more specialized.

Since the support is bounded, the maximum possible χ2 value for all special-
izations at the next level can be determined and used to prune the specialization
if it cannot meet the χ2 cutoff for α at that level. Let ui and li represent the
upper and lower bounds, respectively, of the observed values in position i of
row one across all specializations. For example, if we have three specializations,
say, and the observed values at position i = 2 of the three specializations are
4, 2, and 5, then u2 = 5 and l2 = 2. The maximum χ2 value possible for any
specialization of a rule is given by

χ2
max = maxoi∈{ui,li}χ

2(o1, o2, . . . , on),

where χ2(o1, o2, . . . , on) is the value for a contingency table with {o1, o2, . . . ,
on} as the observed values in the first row. The rows that we use to determine
the maximum χ2 value are based upon the n upper and lower bounds from the
specializations. For example, if the first rows of our three specializations are
{5, 4, 9}, {3, 2, 10}, and {8, 5, 6}, then the upper and lower bounds are {8,
5, 10} and {3, 2, 6}, respectively. We generate all 2n possible first rows from
combinations of the values in the upper and lower bounds. For example, from
the upper and lower bounds given previously, the 23 unique first rows that we
can generate are {8, 5, 10}, {3, 5, 10}, {8, 2, 10}, {3, 2, 10}, {8, 5, 6}, {3, 5, 6},
{8, 2, 6}, and {3, 2, 6}. These rows actually correspond to the extreme points
(i.e., corners) of a feasible region where the maximum χ2 value can be found.
Since the values in the second row of each contigency table are determined by the
values in the first row (since the column totals are fixed), then each contingency
table is unique. For example, if the column totals are {15, 7, 13}, then the second
row corresponding to {8, 5, 10} is {7, 2, 3}. We then simply determine the χ2

value for each of the generated contingency tables and take the maximum. If
χ2

max exceeds the α cutoff, then none of the specializations can be pruned.

Interest Based Pruning. Specializations with support identical to the parent
are not considered interesting by STUCCO. Similarly, when the support for one
group is much higher than other groups, it will sometimes remain much higher
regardless of the nature of any additional attribute-value pairs that are added
to the rule. Specializations of the rule are pruned from the search space.

Statistical Surprise Pruning. When the observed frequencies are statististi-
cally different from expected frequencies (i.e., statistically surprising), a contrast
set is considered interesting. For cases involving two variables, the expected fre-
quency can be determined by multiplying the respective observed frequencies.
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For example, if P(Stress=high | Location=rural) = 40% and P(Income=low

| Location=rural) = 65%, then P(Stress=high ∧ Income=low | Location

=rural) = 26%. If the product is within some threshold range, the contrast set
is considered uninteresting and pruned from the search space. For more compli-
cated cases (i.e., more than two variables), iterative proportional fitting can be
used [5].

4 CIGAR: A Statistically Sound Alternative

Whereas STUCCO answers the question whether a difference exists between
contrast sets in two or more groups through the analysis of 2 × n contingency
tables, CIGAR seeks a more fine grained approach by breaking the 2×n contin-
gency tables down into a series of 2×2 contingency tables to try to explain where
these differences actually occur. So, while we still want to identify all contrast
sets such that the conditions

∃ijP(X|Gi) 6= P(X|Gj)

and
maxij |support(X,Gi) − support(X,Gj)| ≥ δ

used by STUCCO are satisfied (i.e., to find the significant and large contrast
sets), CIGAR also utilizes three additional constraints. That is, we also want to
identify all contrast sets such that the conditions

support(X,Gi) ≥ β,

correlation(X,Gi) ≥ λ,

and
|correlation(X,Gi) − correlation(child(X,Gi))| ≥ γ

are satisfied, where X is a contrast set, Gk is a group, β is the user-defined min-
imum support threshold, λ is the user-defined minimum correlation threshold,
and γ is the user-defined minimum correlation difference. Contrast sets satisfy-
ing the third condition are called frequent. We believe a support threshold can
aid in identifying outliers. Since outliers can dramatically affect the correlation
value, the minimum support threshold provides an effective tool for removing
them. Contrast sets satisfying the fourth condition are called strong. This mea-
sures the strength of any linear relationship between the contrast set and group
membership. Contrast sets satisfying the first four conditions are called devia-

tions. Those deviations that fail to satisfy the last condition are called spurious

and pruned from the search space.
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4.1 Finding Deviations

With CIGAR, before a candidate set can become a contrast set it must meet
more restrictive criteria than STUCCO. That is, it must not only be significant
and large, it must also be frequent and strong.

Determining Support for a Candidate Set. CIGAR determines support
for a candidate set in the same way as STUCCO, but CIGAR also utilizes a
minimum support threshold. This threshold is useful for two reasons. First, the
domain expert may not be interested in low support rules. Consequently, the
nodes for these rules and all the descendant nodes can be pruned from the search
space. Second, if the rule support is 0% or 100%, then the rule is pruned since
a conjunction of this rule with any other does not create any new information.

Determining Whether a Candidate Set is Large and/or Significant.
CIGAR determines whether a candidate set is large and/or significant in the
same way as STUCCO.

Determining Whether a Candidate Set is Correlated. In CIGAR, cor-
relation is calculated using the Phi correlation coefficient. The Phi correlation
coefficient is a measure of the degree of association between two dichotomous
variables, such as those contained in a 2 × 2 contingency table, and is conve-
niently expressed in terms of the observed frequencies. For example, given the
generic 2× 2 contingency table shown in Table 2, the Phi correlation coefficient
is given by

φ =
O11O22 − O12O21

√

(O11 + O21)(O12 + O22)(O11 + O12)(O21 + O22)
.

Table 2. A generic contingency table

G1 G2

∑

Row

Contrast Set O11 O12 O11 + O12

¬ (Contrast Set) O21 O22 O21 + O22
∑

Column O11 + O12 O12 + O22 O11 + O12 + O21 + O22

The Phi correlation coefficient compares the diagonal cells (i.e., O11 and O22)
to the off-diagonal cells (i.e., O21 and O12). The variables are considered posi-
tively associated if the data is concentrated along the diagonal, and negatively
associated if the data is concentrated off the diagonal. To represent this associ-
ation, the denominator ensures that the Phi correlation coefficient takes values
between 1 and -1, where zero represents no relationship. However, the calcula-
tion for the Phi correlation coefficient can be expressed in terms of the χ2 value
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(which we have to calculate anyway), and is given by

r =
√

χ2/N,

where N = O11 +O12 +O21 +O22. So, for the example in Section 3.1, and using
χ2 = 5.08 and α = 0.05, we have r =

√

5.08/1420 = 0.06. Now a general rule of
thumb is that 0.0 ≤ r ≤ 0.29 represents little or no association, 0.3 ≤ r ≤ 0.69
represents a weak positive association, and 0.7 ≤ r ≤ 1.0 represents a strong
positive association. Consequently, although we have previously determined that
a significant relationship exists between Location and Stress (i.e., prior to
considering the effects of multiple hypothesis tests), at r = 0.06, this relationship
is very weak.

4.2 Pruning the Search Space

CIGAR provides a powerful alternative strategy for reducing the number of
results that must be considered by a domain expert. Conceptually, the basic
pruning strategy is that a node in the search space is pruned whenever it fails
to be significant, large, frequent, and strong.

Look-Ahead χ2 Pruning. The χ2 look-ahead approach calculates the χ2 value
for each specialization of a rule. If no specialization is found to be significant,
then all the specializations are pruned from the search space. If at least one
specialization is found to be significant, all the specializations are considered
candidate sets at the next level of the search tree.

Statistical Significance Pruning. As mentioned in Section 3.2, the validity of
the χ2 test may be questioned when the the expected frequencies are too small.
To address this problem, Yates’ correction for continuity has been suggested.
Although there is no universal agreement on whether this adjustment should be
used at all, there does seem to be some consensus that indicates the correction
for continuity should be applied to all 2 × 2 contingency tables and/or when
at least one expected frequency is less than five (liberal) or 10 (conservative).
Either way, Yates’ correction provides a more conservative estimate of the χ2

value that is, hopefully, a more accurate estimate of the significance level. Yates’
correction for continuity is given by

χ2 =
2

∑

i=1

2
∑

j=1

(|Oij − Eij | − 0.5)2

Eij

.

For example, Yates’ χ2 = 4.84 for the contingency table in Table 1.

Minimum Support Pruning. The minimum support threshold utilized by
CIGAR is the first line pruning strategy. For example, when determining cor-
relation between Location and Stress, if one group happens to have very low
support, it will likely affect the correlation for all pairwise group comparisons.
Consequently, a domain expert may decide to exclude the low support group.
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Minimum Correlation Pruning. The Phi correlation coefficient provides a
basis for determining whether a contrast set is worth further consideration. For
example, the lower the correlation, the higher the likelihood that no relationship
actually exists between a rule and the group. That is, even if a rule is considered
significant, if the correlation is zero, then the probability that the rules is simply
a statistical artifact is high. Therefore, the removal of rules that do not meet
the minimum correlation criteria eliminates the likelihood of reporting statistical
artifacts. For example, we determined in the previous section that the relation-
ship between Location and Stress is weak at r = 0.06 and the rule should be
removed from further consideration.

When a high minimum correlation threshold is used, many significant rules
may be pruned, resulting in an increase in Type II error. Similarly, when a low
minimum correlation threshold is used, many spurious rules may not be pruned.
This is analogous to the problem of setting support thresholds in the classic
association rule mining problem.

CIGAR is different from STUCCO in that it tends to report more specialized
contrast sets rather than generalized contrast sets. The assumption behind ap-
proaches that report more generalized rules is that more general rules are better
for prediction. However, the complex relationships between groups can often be
better explained with more specialized rules.

Minimum Correlation Difference Pruning. CIGAR calculates the differ-
ence between the correlation of a rule and the correlations of specializations of
that rule. If the difference in correlation between a rule and a specialization
is less than the minimum correlation difference threshold, the specialization is
pruned from the search space. That is, if the addition of a new attribute-value
pair to a contrast set does not add any new information that directly speaks
to the strength of the relationship, then the contrast set is spurious. For ex-
ample, assume that r = 0.70 for the rule Location=rural ∧ Income=low. If
γ = 0.05, and r = 0.67 for the specialization Location=rural ∧ Income=low

∧ Stress=high, then the specialization is pruned from the search space because
|0.70 − 0.67| = 0.03 and γ > 0.03.

Generally, as we descend through the search space, the support for rules at
lower levels decreases. As a result, the χ2 value and r generally decrease, as
well. The decision on whether to prune a rule from the search space is then
a fairly easy one, as the previous example showed (i.e., it failed to exceed the
minimum correlation difference threshold). However, it is possible that as we
descend through the search space the χ2 value and/or r can increase. It is also
possible the χ2 value and/or r can decrease and then increase again. If the
correlation difference between a rule and one of its specializations is less than the
minimum correlation difference, regardless of whether the difference represents
a decrease or an increase, the domain expert has to be careful when deciding
whether to prune the specialization. That is, pruning a specialization that fails
to meet the minimum correlation difference criteria at level i could result in the
loss of a specialization at level i + 1 that does meet the minimum correlation
difference criteria. So, some statistical judgment may be required on the part of
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the domain expert to ensure that only unproductive and spurious rules can be
pruned.

5 Experimental Results

In this section, we present the results of our experimental evaluation and com-
parison of STUCCO and CIGAR. STUCCO was supplied by the original authors
[2], [3]. STUCCO, implemented in C++ and compiled using gcc (version 2.7.2.1),
was run on a Sun Microsystems Enterprise 250 Model 1400 with two UltraSparc-
II 400 MHz processors and 1 GB of memory. CIGAR was implemented by the
authors of this paper in Java 1.4.1 and was run under Windows XP on an IBM
compatible PC with a 2.4 GHz AMD Athlon processor and 1 GB of memory.
The performance of the two software tools was compared by generating contrast
sets from publicly available datasets.

5.1 The Datasets

Discovery tasks were run on three datasets: Mushroom, GSS Social, and Adult
Census. The Mushroom dataset, available from the UCI Machine Learning Repos-
itory (www.ics.uci.edu/ mlearn/MLRepository.html), describes characteris-
tics of gilled mushrooms. The GSS Social dataset is a survey dataset from Statis-
tics Canada that contains the responses to the General Social Survey of Canada
(1986 - Cycle 2): Social Activities and Language Use. The Adult Census dataset
is a subset of the Adult Census Data: Census Income (1994/1995) dataset, a
survey dataset from the U.S. Census Bureau.

The characteristics of the three datasets are shown in Table 3. In Table 3,
the Tuples column describes the number of tuples in the dataset, the Attributes

column describes the number of attributes, the Values column describes the
number of unique values contained in the attributes, and the Groups column
describes the number of distinct groups defined by the number of unique values
in the grouping attribute.

Table 3. Characteristics of the Four Datasets

Dataset Tuples Attributes Values Groups

Mushroom 8,142 23 130 2
GSS Social 179,148 16 2,026 7
Adult Census 826 13 129 2

5.2 The Effect of Error Control

STUCCO seeks to control Type I (or false positive) error, whereas CIGAR seeks
to control Type II (or false negative) error. In this section, we compare the error
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control philosophies of STUCCO and CIGAR to evaluate the impact on the
number of candidate sets and contrast sets generated.

The number of candidate sets generated from the Mushroom, GSS Social, and
Adult Census datasets is shown in Table 4. Table 4 shows for the Mushroom,
GSS Social, and Adult Census datasets that CIGAR generated approximately
9.1, 1.3, and 2.8 times more candidate sets, respectively, than STUCCO. For
example, for the Mushroom dataset, CIGAR generated 128,717 candidate sets
containing up to 13-itemsets, while STUCCO generated 14,089 candidate sets
containing up to 8-itemsets.

Table 4. Summary of Candidate Sets Generated

Mushroom GSS Social Adult Census
k-Itemsets STUCCO CIGAR STUCCO CIGAR STUCCO CIGAR

1 103 53 11,965 3,009 97 44
2 951 694 13,994 5,980 877 419
3 3,470 3,912 6,670 8,620 2,011 1,680
4 6,025 10,496 4,897 13,168 3,033 3,545
5 3,054 21,006 792 10,298 826 4,806
6 485 28,427 117 5,356 36 4,357
7 1 27,995 6 1,524 0 2,755
8 0 20,189 0 236 0 1,184
9 0 10,545 0 20 0 342

10 0 3,870 0 9 0 60
11 0 939 0 0 0 5
12 0 133 0 0 0 0
13 0 8 0 0 0 0
14 0 0 0 0 0 0

Total 14,089 128,717 38,411 48,220 6,880 19,197

Up to the 2-itemset level, STUCCO generates more candidate sets than
CIGAR. The primary reason for this is that when STUCCO is determining
whether a candidate set is large, it includes groups for which the support is zero.
CIGAR uses the minimum support threshold to remove contrast sets with low
support from further consideration. In addition, at the 3-itemset level, the sig-
nificance level calculated by the modified Bonferroni statistic used in STUCCO
starts to become more restrictive than the significance level used in CIGAR.

5.3 The Effect of 2 × 2 Contingency Tables

The number of contrast sets generated from the Mushroom, GSS Social, and
Adult Census datasets by STUCCO and CIGAR is shown in Table 5. Table 5
shows that CIGAR generated significantly more contrast sets than STUCCO.
For the datasets that contain only two groups (i.e., Mushroom and Adult Cen-
sus), the number of contrast sets generated is somewhat similar until the modified
Bonferroni statistic becomes more restrictive at the 4-itemset level. Essentially,
the number of groups contained in a dataset affect the number and size of the

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
168



contingency tables used. For example, the Mushroom and Adult Census datasets
contain two groups, so both STUCCO and CIGAR use 2×2 contingency tables.
But the GSS Social dataset contains seven groups. In this case, STUCCO uses a
2 × 7 contingency table, while CIGAR uses a series of 2 × 2 contingency tables,
one for each possible combination of group pairs.

Table 5. Summary of Contrast Sets Generated

Mushroom GSS Social Adult Census
k-Itemsets STUCCO CIGAR STUCCO CIGAR STUCCO CIGAR

1 71 46 83 566 22 23
2 686 548 466 3,081 139 202
3 2,236 2,721 1,292 7,645 353 843
4 2,531 7,577 1,155 10,930 341 1,972
5 714 13,899 199 9,368 64 2,929
6 102 18,293 22 4,852 0 2,920
7 0 17,915 0 1,504 0 2,011
8 0 13,124 0 249 0 943
9 0 7,077 0 20 0 286

10 0 2,715 0 11 0 53
11 0 697 0 0 0 5
12 0 106 0 0 0 0
13 0 7 0 0 0 0
14 0 0 0 0 0 0

Total 6,340 84,725 3,217 38,226 919 12,187

The 2 × 2 contingency tables used by CIGAR have the potential to provide
more information about the differences between groups than the 2 × 7 contin-
gency table used by STUCCO. For example, a 2 × 7 contingency table for the
contrast set Activity Code = everyday shopping generated by STUCCO for
the seven groups in the GSS Social dataset is shown in Table 6. The χ2 value
and degrees of freedom calculated for this table are χ2 = 386.38 and df = 6, re-
spectively. From this information, STUCCO reports that a significant difference
exists between groups and generates the rule All Groups ⇒ Activity Code =

everyday shopping. But other than pointing out that the relationship between
the contrast set Activity Code = everyday shopping and group is not ran-
domly causal, it does not provide any details as to where the differences actually
occur. That is, it does not provide any details as to which groups are different.

In contrast, CIGAR is able to provide details as to which groups are different.
For example, CIGAR generates a series of 21 2×2 contingency tables, one for each
possible combination of group pairs. From these contingency tables, CIGAR de-
termines that for the contrast set Activity Code = everyday shopping, there
are significant differences between G2 and G6, G2 and G7, G3 and G6, G3 and
G7, and G4 and G7. The other sixteen combinations of group pairs failed to
meet the minimum support and minimum support difference thresholds. Conse-
quently, not only do we know that a significant difference exists between some
groups, we have a fine grained breakdown of the groups involved.
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Table 6. Contingency Table for Activity Code = everyday shopping

G1 G2 G3 G4 G5 G6 G7

∑

Row

Activity Code = everyday shopping 164 555 558 650 481 619 718 3,745
¬ (Activity Code = everyday shopping) 17,278 32,655 31,627 31,815 20,078 20,685 21,264 175,402
∑

Column 17,442 33,210 32,185 32,465 20,559 21,304 21,982 179,147

5.4 The Effect of a Minimum Support Threshold

Recall that one of the constraints utilized by CIGAR in contrast set mining, and
not utilized by STUCCO, is a minimum support threshold. To aid in making
this discussion clear, we discuss the 1-itemset results generated by STUCCO and
CIGAR for the Mushroom and Adult Census datasets. These results are shown
in Table 7. In Table 7, the Zero Itemsets row describes the number of contrast
sets that were generated where at least one of the groups had zero support.
The Below Minimum Support row describes the number of contrast sets where
at least one of the groups had support below the minimum support threshold.
The Unmatched Contrast Sets row describes the number of contrast sets that
are found by STUCCO (CIGAR) but not by CIGAR (STUCCO). The Matched

Contrast Sets row describes the number of contrast sets found.

Table 7. Summary of 1-itemset Results

Mushroom Adult Census
STUCCO CIGAR STUCCO CIGAR

Zero Itemsets 15 0 2 0
Below Minimum Support 10 0 1 0
Unmatched Contrast Sets 0 0 0 4
Matched Contrast Sets 46 46 19 19

Table 7 shows that for the Mushroom and Adult Census datasets, STUCCO
generates 25 and 3 contrast sets, respectively, whose support is below the min-
imum support threshold. These contrast sets represent 35% and 14%, respec-
tively, of the total number of contrast sets generated. On the Mushroom dataset,
this represents 100% of the difference between the contrast sets generated by
STUCCO and CIGAR. On the Adult Census dataset, four (or 17%) of the con-
trast sets generated by CIGAR did not have a corresponding contrast set in those
generated by STUCCO. These four contrast sets were pruned by STUCCO be-
cause they did not meet the significance level cutoff of the modified Bonferroni
statistic.
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5.5 The Effect of Correlational Pruning

The minimum correlation threshold utilized by CIGAR can significantly reduce
the number of contrast sets that need to be considered by a domain expert by
focusing attention on only those contrast sets where the relationship between
variables is strong. The number of contrast sets generated by CIGAR from the
Mushroom dataset is shown in Table 8. In Table 8, the k-Itemset column is as
previously described. The No Prune and Prune columns describe the number
of contrast sets generated without and with correlational pruning, respectively,
for each of the specified minimum correlation threshold values (i.e., r = 0.00 to
r = 0.70). The minimum correlation difference threshold was set at 2%.

Table 8. Contrast Sets Generated With and Without Correlational Pruning

r = 0.00 r = 0.25 r = 0.50 r = 0.60 r = 0.70
k-Itemsets No Prune Prune No Prune Prune No Prune Prune No Prune Prune No Prune Prune

1 46 46 21 21 9 9 0 0 0 0
2 548 531 226 226 53 50 11 11 7 7
3 2,721 2,506 949 882 188 148 36 35 17 14
4 7,577 6,290 2,377 1,956 394 257 53 36 21 4
5 13,899 10,183 4,104 2,838 536 332 35 15 15 0
6 18,293 11,897 5,359 3,063 508 318 10 2 6 0
7 17,915 10,305 5,433 2,562 345 208 0 0 0 0
8 13,124 6,531 4,232 1,671 167 86 0 0 0 0
9 7,077 2,964 2,466 835 55 20 0 0 0 0

10 2,715 931 1035 309 11 2 0 0 0 0
11 697 191 295 80 0 0 0 0 0 0
12 106 23 51 13 0 0 0 0 0 0
13 7 0 4 0 0 0 0 0 0 0

Total 84,725 52,398 26,552 14,456 2,266 1,430 145 99 66 25

Clearly, the choice of minimum correlation threshold can affect the quantity
and validity (i.e., quality) of the contrast sets generated. For example, when
r = 0.00 and with no pruning and pruning, 84,725 and 52,398 contrast sets
were generated, respectively. Contrast sets containing up to 13-itemsets and 12-
itemsets were generated with no pruning and pruning, respectively. The number
of contrast sets generated with pruning is 62% of the number generated without
pruning. Similarly, when r = 0.25, 0.50, 0.60, and 0.70, the number of con-
trast sets generated with pruning is 54%, 63%, 68%, and 38% of the number
generated without pruning. The number of contrast sets generated is also sig-
nificantly reduced as the minimum correlation threshold increases. For example,
the number of contrast sets generated with pruning when r = 0.70 (i.e., strong
positive correlation by most standards) is 0.00048% of the number generated
when r = 0.00.

Finally, we describe a situation where contrast sets at level i + 1 in the
search space have higher correlation than those at level i, a situation that
is possible, as was described in Section 4.2.2. The situation occurs frequently
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in practice. For example, the rules Bruise=no (r=0.501), Bruise=no ∧ Gill

Space=close (r=0.735), and Bruise=no ∧ Gill Space=close ∧ Veil

Color=white (r=0.787) were generated from the Mushroom dataset. Recall
that according to the general rule of thumb previously described, a Phi correla-
tion coefficient in the range 0.7 ≤ r ≤ 1.0 represents a strong positive association.
If we set the minimum correlation threshold to λ = 0.7, then the more general
rule Bruise=no (r=0.501) would have been pruned and the two specializations
never would have been generated. This highlights a problem in setting the min-
imum correlation threshold and shows how it can affect results.

6 Conclusion

We have discussed and demonstrated two alternative approaches to the contrast
set mining problem. Essentially, STUCCO and CIGAR are based upon different
statistical philosophies and assumptions: STUCCO seeks to control Type I er-
ror, while CIGAR seeks to control Type II error. However, experimental results
showed that even though the underlying statistical assumptions are different,
both approaches can be used to generate potentially interesting contrast sets.
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SPEC-CHA features (includes 3 volume levels and 5 octave notes)
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MFCC (includes 3 volume levels and 5 octave notes) 
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Grouping of 3 separate piano octaves (includes 3 volume levels) 

 J48 

KNN

SPEC-CHA features MFCC features

� � �V²��H² �(k~n8mX^a�*µ�t8hYmUh6j]n8`MbBh�n�gif=jihY�Rk~mU[O`lf;o=k~mXt���}�^8`lfUd�hY�

� °U¬�� � �H² c!^am=brfU��kl^8mÊx>n�g�jik~[OhY�*br^�j³eXk~n8mU^�^F[6g]n�}�hY���Lc	�FvLc!����c�Ì

��������������	X#���������������
����������
����� �� � 
!�!�! ���"��#��������"��$��������% !�!�! !�!�! ���"��#��������"�&$��������% !�!�!
 '_)�+&��#/.����&)�0�������"#�����+���  'Z)X+6� # .����1)�0��������#�����+1��
�1:�:J7 :&:A<  ! �����V7 P1:1:1:&:�:=<  ! �����?7
7 @�9J7 :&:A< ' !�D�E ��F������+ 9��&9Z7 :�:=< ' !XD�E ��F������+
:19�@J717 :A< ) !1M � M �N?����?� :1:1P1:&:�:=< ) !�M � M �N?������
91:_7 S1:&:A< + ! N��7�9�Q����"�����"� M �����+�R���� M 7 :Z7 Q&:�:=< + ! N��7"9�Q����"�����"� M �����+�R���� M
:1:�:&:1@1�=< � ! N?�������9���N���@ 7 :19Z7 9�8=< � ! NV�������9���N���@
7 :�:&:1QJ7[< # ! N��?����:�:�9�W?������+�)���9�% 91:Z717 �Z7K< # ! N��?����:�:�9�W�������+�)���9�%

$�
����X#�������������
����������
����� �� � 
!�!�! ���"��#��������"��$��������% !�!�! !�!�! ���"��#��������"�&$��������% !�!�!
 '_)�+&��#/.����&)�0�������"#�����+���  'Z)X+6� # .����1)�0��������#�����+1��
QZ7 :J7 :&:A<  ! �����V7 �1:1:Z7 :�:=<  ! �����?7
:18�9J7 9J7[< ' !�D�E ��F������+ :��J7 9J7�7K< ' !XD�E ��F������+
7 8�8J7 :J7[< ) !1M � M �N?����?� :1:1QZ7 :_7K< ) !�M � M �N?������
717 :&@1:&9A< + ! N��7�9�Q����"�����"� M �����+�R���� M :1:Z7 �&:�:=< + ! N��7"9�Q����"�����"� M �����+�R���� M
7 8�:J717 8A< � ! N?�������9���N���@ 717 :Z7 9X�`< � ! NV�������9���N���@
:19_7 :191�=< # ! N��?����:�:�9�W?������+�)���9�% :Z71717 :�S=< # ! N��?����:�:�9�W�������+�)���9�%

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
183



36 instruments 36 instruments
0

20

40

60

80

100

C
o

r
r
e
c
tl

y
 C

la
ss

if
ie

d
 I

n
st

a
n

c
e
s 

(%
) 

Combined instruments (includes 3 volume levels, 5 octaves and 36 instruments) 
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SPEC-CHA features MFCC features
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Combined instruments - 6 midi files 

 OneR 

 J48 

KNN

SPEC-CHA features MFCC features
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Abstract. This paper reports on experiments in multi-class document
categorization with support vector machines and self-organizing maps.
A data set consisting of personal e-mail messages is used for the exper-
iments. Two distinct document representation formalisms are employed
to characterize these messages, namely a standard word-based approach
and a character n-gram document representation. Based on these doc-
ument representations, the categorization performance of both machine
learning approaches is assessed and a comparison is given.

1 Introduction

The task of automatically sorting documents into categories from a predefined
set, is referred to as text categorization. Text categorization is applicable in a
variety of domains such as document genre identification, authorship attribution,
survey coding, to name but a few [13]. One particular application is categorizing
e-mail messages into legitimate and spam messages, i.e. spam filtering. The fact
that spam has become a ubiquitous problem with e-mail has lead to considerable
research and development of algorithms to efficiently identify and filter spam
or unsolicited messages. In [1] a comparison between a Näıve Bayes classifier
and an Instance-Based classifier to categorize e-mail messages into spam and
legitimate messages is reported. The data for this study is composed of sample
spam messages received by the authors as well as messages distributed through a
linguist mailing list. The latter messages are regarded as legitimate. The authors
conclude that the learning-based classifiers clearly outperform simple anti-spam
keyword approaches. The data used in the experiments, however, does not reflect
the typical mix of messages encountered in personal mailboxes. In particular, the
exclusive linguistic focus of the mailing list should be regarded as rather atypical.

In [11] a related approach aims at authorship attribution and topic detection.
In this paper, the performance of a Näıve Bayes classifier combined with n-gram
language models is evaluated. The authors state that the n-gram-based approach
showed better classification results than the word-based approach for topic de-
tection in newsgroups messages. Their interpretation is that the character-based
approach captures regularities that the word-based approach is missing.
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A completely different approach to e-mail categorization is presented in [6].
In this work, e-mail filtering is based on a reputation network of e-mail users.
The reputation represents the “trust” in the relevance of e-mails from various
people. By means of transitive closures, reputation values can be assigned even
to people with whom an individual had no contact before. Hence, the reputation
network resembles the ideas immanent in collaborative filtering.

The study presented herein compares the performance of two text classifi-
cation algorithms in a multi-class setting. More precisely, the performance of
support vector machines (SVMs) trained with sequential minimal optimization
and self-organizing maps (SOMs) in categorizing e-mails into a predefined set of
multiple classes is evaluated. Besides categorizing messages into categories, we
aim at providing a visual representation of document similarities in terms of the
spatial arrangement obtained with the self-organizing map.

By nature, e-mail messages are short documents containing misspellings, spe-
cial characters and abbreviations. This entails the additional challenge for text
classifiers to cope with noisy input data. To classify e-mail in the presence of
noise, a method used for language identification is adapted in order to statisti-
cally describe e-mail messages. Specifically, character-based n-grams as proposed
in [4] are used as features that represent each particular e-mail message. A per-
formance comparison of e-mail categorization based on an n-gram document
representation vs. a word-based representation is provided.

Besides the content contained in the body of an e-mail message, the e-mail
header holds valueable information that might impact classification results. The
study presented in this paper explores the influence of header information on
classification performance thoroughly. Two different representations of each e-
mail message were generated. The first set consists of the information extracted
from the textual data as found in the e-mail body. The second set additionally
contains all the information of the e-mail header. So, the impact on classification
results when header information is discarded can be assessed.

This paper is structured as follows. Section 2 reviews document represen-
tation approaches as well as the feature selection metric used for this study.
The algorithms applied for text categorization are presented in Section 3. A de-
scription of the experiments for multi-class e-mail categorization is provided in
Section 4. Finally, some conclusions are given in Section 5.

2 Document Representation

One objective of this study is to determine the influence of document represen-
tation methods on the performance of different text categorization approaches.
To this end, a character n-gram document representation [4] is compared with a
word-based document representation. For both document representation meth-
ods we rely on binary weighting, i.e. the presence or absence of a word (n-gram)
in the document is recorded. The rationale behind this decision is that in our pre-
vious work [2] binary weighting resulted in superior categorization accuracy as
compared to frequency-based weighting for this particular corpus. No stemming
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is applied to the word-based document representation, basically because of the
multilinguality of the corpus that would require automatic language detection
in order to apply the correct stemming rules.

2.1 n-Grams as Features

An n-gram is an n-character slice of a longer character string. When dealing with
multiple words in a string, the blank character indicates word boundaries and
is usually retained during the construction of the n-grams. However, it might
get substituted with another special character. As an example for n = 2, the
character bi-grams of “have a go” are {ha, av, ve, e , a, a , g, go}. Note that
the “space” character is part of the alphabet and is represented by “ ”.

Formally, let A be an alphabet of characters. If |A| is the cardinality of A
and A(n) the number of unique n-grams over A, then A(n) = |A|n. In case
of |A| = 27, i.e. the Latin alphabet including the blank character, we obtain
27 possible sub-sequences for uni-grams, already 729 possible sub-sequences for
bi-grams and as many as 19, 683 possible sub-sequences for tri-grams. Note that
these numbers refer to the hypothetical maximum number of n-grams. In prac-
tice, however, the number of distinct n-grams extracted from natural language
documents will be considerably smaller than the mathematical upper limit due
to the characteristics of the particular language. As an example consider the
tri-gram “yyz”. This tri-gram will usually not occur in English or German lan-
guage documents, except for the reference to the three letter code of Toronto’s
international airport.

Using character n-grams for describing documents has a number of advan-
tages. First, it is robust with respect to spelling errors, second, the token alphabet
is known in advance and is, therefore, complete, third, it is topic independent,
fourth, it is very efficient and, finally, it does not require linguistic knowledge and
offers a simple way of describing documents. Nevertheless, a significant problem
is the number of n-grams obtained, if the value of n increases. Most text cat-
egorization algorithms are computationally demanding and not well suited for
analyzing very high-dimensional feature spaces. For that reason, it is necessary
to reduce the feature space using feature selection metrics.

2.2 Feature Selection

Generally, the initial number of features extracted from text corpora is very
large. Many classifiers are unable to perform their task in a reasonable amount of
time, if the number of features increases dramatically. Thus, appropriate feature
selection strategies must be applied to the corpus. Another problem emerges if
the amount of training data in proportion to the number of features is very small.
In this particular case, classifiers produce a large number of hypothesis for the
training data. This might lead to overfitting [8]. So, it is important to reduce the
number of features while retaining those that are potentially useful. The idea of
feature selection is to score each feature according to a feature selection metric
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and then take the top-ranked m features. A survey of different feature selection
metrics for text classification is provided in [5].

For this study the Chi-squared (χ2) feature selection metric is considered.
The χ2 statistic measures the lack of independence between a particular feature
f and a class c of instances. The χ2 metric has a natural value of zero if a
particular feature and a particular class are independent. Increasing values of
the χ2 metric indicate increasing dependence between the feature and the class.

For the exact notation of the χ2 metric, we follow closely the presentation
given in [16]. Let f be a particular feature and c be a particular class. Let further
A be the number of times f and c co-occur, B be the number of times f occurs
without c, C be the number of times c occurs without f , D be the number of
times neither f nor c occurs, and N be the total number of instances. We can
then write the χ2 metric as given in Equation 1.

χ2(f, c) =
N(AD − CB)2

(A + C)(B + D)(A + B)(C + D)
(1)

3 Text Categorization Algorithms

For the text categorization experiments an unsupervised and a supervised learn-
ing technique was selected. In particular, self-organizing maps as a prominent
representative of unsupervised learning was chosen because of its capability of
visual representation of document similarities. Support vector machines are cho-
sen as the representative of supervised learning techniques because they have
been identified in a number of studies as highly effective for text categorization.

3.1 Self-organizing Maps

The self-organizing map is a general unsupervised tool for ordering of high-
dimensional data in such a way that similar instances are grouped spatially
close to one another [7]. The model consists of a number of neural processing
elements, i.e. units. These units are arranged according to some topology where
the most common choice is marked by a two-dimensional grid. Each of the units i
is assigned an n-dimensional weight vector mi, mi ∈ Rn. It is important to note
that the weight vectors have the same dimensionality as the instances, i.e. the
document representations in our application.

The training process of self-organizing maps may be described in terms of
instance presentation and weight vector adaptation. Each training iteration t
starts with the random selection of one instance x, x ∈ X and X ⊆ Rn. This
instance is presented to the self-organizing map and each unit determines its
activation. Usually, the Euclidean distance between the weight vector and the
instance is used to calculate a unit’s activation. In this particular case, the unit
with the lowest activation is referred to as the winner, c. Finally, the weight
vector of the winner as well as the weight vectors of selected units in the vicinity
of the winner are adapted. This adaptation is implemented as a gradual reduc-
tion of the difference between corresponding components of the instance and
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the weight vector, as shown in Equation (2). Note that we use a discrete-time
notation with t denoting the current training iteration.

mi(t + 1) = mi(t) + α(t) · hci(t) · [x(t) − mi(t)] (2)

The weight vectors of the adapted units are moved slightly towards the in-
stance. The amount of weight vector movement is guided by the learning rate,
α, which decreases over time. The number of units that are affected by adapta-
tion as well as the strength of adaptation depending on a unit’s distance from the
winner is determined by the neighborhood function, hci. This number of units
also decreases over time such that towards the end of the training process only
the winner is adapted. The neighborhood function is unimodal, symmetric and
monotonically decreasing with increasing distance to the winner, e.g. Gaussian.

The movement of weight vectors has the consequence that the Euclidean
distance between instances and weight vectors decreases. So, the weight vectors
become more similar to the instance. Hence, the respective unit is more likely
to win at future presentations of this instance. The consequence of adapting not
only the winner but also a number of units in the neighborhood of the winner
leads to a spatial clustering of similar instances in neighboring parts of the self-
organizing map. Existing similarities between instances in the n-dimensional
input space are reflected within the two-dimensional output space of the self-
organizing map. In other words, the training process of the self-organizing map
describes a topology preserving mapping from a high-dimensional input space
onto a two-dimensional output space. Such a mapping ensures that instances,
which are similar in terms of the input space, are represented in spatially adjacent
regions of the output space.

3.2 Support Vector Machines

A support vector machine (SVM) is a learning algorithm that performs binary
classification (pattern recognition) and real value function approximation (re-
gression estimation) tasks. The idea is to non-linearly map the n-dimensional
input space into a high-dimensional feature space. This high-dimensional feature
space is classified by constructing a linear classifier. The basic SVM creates a
maximum-margin hyperplane that lies in this transformed input space. Consider
a training set consisting of labelled instances: A maximum-margin hyperplane
splits the training instances in such a way that the distance from the closest
instances to the hyperplane is maximized.

The training data is labelled as follows: S = {(xi, yi)|i = 1, 2, ..., N}, yi ∈
{−1, 1}, xi ∈ Rd. Consider a hyperplane that separates the positive from the
negative examples: w · x + b = 0 is satisfied from those points x which lie on the
hyperplane. Moreover, w is orthogonal to the hyperplane, |b|/||w|| represents
the perpendicular distance from the hyperplane to the origin and ||w|| is the
Euclidean norm of w. Let d+ (d−) be the shortest distance from the separat-
ing hyperplane to the closest positive (or negative) example. Define the margin
of a separating hyperplane to be d+ + d−. If the examples are linearly sepa-
rable, the SVM algorithm looks for the separating hyperplane with the largest
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margin, i.e. maximum-margin hyperplane. In other words, the algorithm deter-
mines exactly this hyperplane, which is most distant from both classes. For a
comprehensive exposition of support vector machines we refer to [3, 9].

For the study presented herein, the sequential minimal optimization (SMO)
training algorithm for support vector machines is used. During the training pro-
cess of a SVM the solution of a very large quadratic programming optimization
problem has to be found. The larger the number of features which describe the
data, the more time and resource consuming the calculation process becomes.
For a detailed report on the functionality of the SMO training algorithm for
SVMs we refer to [12].

4 Empirical Validation

4.1 Experimental Setting

The document collection consists of 1,811 e-mail messages. These messages have
been collected during a period of four months commencing with October 2002 un-
til January 2003. The e-mails have been received by a single e-mail user account
at the Institut für Softwaretechnik, Vienna University of Technology, Austria.
Beside the noisiness of the corpus, it contains messages of different languages.

Messages containing confidential information were removed from the corpus.
The corpus was manually classified according to the categories outlined in Ta-
ble 1. Due to the manual classification of the corpus, some of the messages may
have been misclassified. Some of the introduced classes might give the impression
of a more or less arbitrary separation. Introducing similar classes was intention-
ally done for assessing the performance of classifiers on closely related topics.
Consider, for example, the position class that comprises 66 messages mainly
posted via the dbworld and seworld mailinglists. In particular, it contains 38 db-
world messages, 23 seworld messages, 1 isaus message and 4 messages from
sources not otherwise categorized. In contrast to standard dbworld or seworld
messages, position messages deal with academic job announcements rather than
academic conferences and alike. Yet they still contain similar header and sig-
nature information as messages of the dbworld or seworld classes. Hence, the
difference between these classes is based on the message content only.

Two representations of each message were generated. The first representation
consists of all data contained in the e-mail message, i.e. the complete header as
well as the body. However, the e-mail header was not treated in a special way.
All non-Latin characters, apart from the blank character, were discarded. Thus,
all HTML-tags remain part of this representation. Henceforth, we refer to this
representation as complete set. Furthermore, a second representation retaining
only the data contained in the body of the e-mail message was generated. In
addition, HTML-tags were discarded. Henceforth, we refer to this representation
as cleaned set. Due to the fact, that some of the e-mail messages contained no
textual data in the body besides HTML-tags and other special characters, the
corpus of the cleaned set consists of less e-mails than the complete set. To provide
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Table 1. Corpus statistics (e-mails per category).

category complete set cleaned set description

admin 32 32 administration
dbworld 260 259 mailinglist
department 30 29 department issues
dilbert 70 70 “daily dilbert”
ec3 20 19 project related
isaus 24 22 mailinglist
kddnuggets 6 6 mailinglist
lectures 315 296 lecturing issues
michael 27 25 unspecific
misc 69 67 unspecific
paper 15 14 publications
position 66 66 job announcements
seworld 132 132 mailinglist
spam 701 611 spam messages
talks 13 13 talk announcements
technews 31 31 mailinglist

totals 1,811 1,692

the total figures, the complete set consists of 1, 811 messages whereas the cleaned
set comprises 1, 692 messages, cf. Table 1. Subsequently, both representations
were translated to lower case characters.

Starting from these two message sets, the document representations are built.
For each message in both sets a character n-gram representation with n ∈ {2, 3}
was generated. For the complete set we obtained 20, 413 distinct features and for
the cleaned set 16, 362. Next, we generated the word-based representation for
each set and obtained 32, 240 features for the complete set and 20, 749 features
for the cleaned set. Note that occurrence frequencies are not taken into account
in both representations. In other words, simply the fact of presence or absence
of an n-gram or a word in a message is recorded in the document representation.
Moreover, no stemming was applied for the word-based document representa-
tion. To test the performance of text classifiers with respect to the number of
features, we selected the top-ranked n features as determined by the χ2 feature
selection metric, with n ∈ {100, 200, 300, 400, 500, 1000, 2000}. All experiments
were performed with 10-fold cross validation.

In order to evaluate the effectiveness of text classification algorithms ap-
plied to different document representations the F–measure as described in [15]
is used. It combines the standard Precision P , cf. Equation (3), and Recall R,
cf. Equation (4), measures with an equal weight as shown in Equation (5).

P =
number of relevant documents retrieved

total number of documents retrieved
(3)

R =
number of relevant documents retrieved

total number of relevant documents
(4)

F (P, R) =
2·P ·R

P + R
(5)
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The percentage of correctly classified instances is assessed by the Accuracy
measure. It calculates the proportion of the number of correctly classified in-
stances on the total number of instances in the collection, cf. Equation (6).

Accuracy =
number of correctly classified documents

total number of documents
(6)

4.2 Experimental Results

Table 2 gives a comparison of the classification results for the two classifiers
using the character n-gram representation and the word-based representation.
In particular, the minimum, average and maximum F–measure values when
applied to the cleaned and complete set are shown. Due to space limitations,
we refrain from providing detailed class-based F–measure values. The results
are based on 1000 features determined by the χ2 feature selection metric. Note
that the table’s left part depicts the results for the supervised support vector
machine (SVM) trained with sequential minimal optimization while the right
part refers to the unsupervised self-organizing map (SOM). The results for the
support vector machine are determined with the SMO implementation provided
with the WEKA machine learning toolkit [14].

Table 2. The minimum, average and maximum F–measure values for the support
vector machine (SVM) and the self-organizing map (SOM).

Support vector machine (SVM) Self-organizing map (SOM)
character n-grams word based character n-grams word based
cleaned complete cleaned complete cleaned complete cleaned complete

set set set set set set set set

minimum 0.540 0.608 0.556 0.528 0.513 0.563 0.615 0.559
average 0.840 0.902 0.885 0.894 0.789 0.834 0.856 0.870
maximum 1 1 1 1 1 1 1 1

The support vector machine’s F–measure values increase strongly when ap-
plied to the complete set of messages described by character n-grams. The aver-
age F–measure value is boosted by 6.2% in this particular case which is similar
to the increase of the respective minimum F–measures. When applied to the
word-based document representation, the average F -Measure value raises only
marginally in case of the complete set. Interestingly, the minimum value is even
smaller than the value obtained using the cleaned set. However, the largest av-
erage F -measure for the support vector machine is 90.2% obtained using the
complete set with n-gram document representation.

The average F–measure values for the self-organizing map classifier show a
comparable picture. The value increases by about 4.5% when the classifier is
applied to the complete set described by character n-grams. In case of the word-
based document representation the raise is only 1.4%. In contrast to the support
vector machine, the largest average F -measure is obtained for the complete set
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based on the word-based document representation. Overall, the support vector
machine outperformed the self-organizing map classifier. Especially with the n-
gram document representation SVM is substantially better than SOM.

In Figure 1 the classifiers’ accuracy values for different numbers of features,
are shown. Figure 1(a) depicts the percentage of correctly classified instances
using the support vector machine (SVM) and Figure 1(b) illustrates the results
obtained for the self-organizing map (SOM) classifier. Each curve corresponds
to a distinct combination of document representation and message set, e.g. the
cleaned set described by means of character n-grams.

When we consider the support vector machine, cf. Figure 1(a), the accu-
racy values for the word-based document representation are remarkably low in
case of a small number of features. Regardless of the message set, results are
roughly 20% worse than those obtained when character n-grams are used. As
soon as the number of features exceeds 300, the accuracy values for the word-
based representation catch up with those of the n-grams. However, the character
n-gram document representation outperforms the word-based approach almost
throughout the complete range of features.

In case of the self-organizing map, cf. Figure 1(b), a similar trend is observed
at the beginning. The n-gram document representation outperforms the word-
based approach dramatically, as long as the number of features is below 300.
Generally, once the number of features exceeds 300 the accuracy values for the
word-based representation get ahead of those obtained for the character n-gram
document representation.

By using the self-organizing map for document space organization we gain
as an additional benefit the concise visual representation of the document space
as depicted in Figure 2. In this case the result of the self-organizing map for
the complete data set based on n-gram document representation reduced to 500
features is shown. The available class information is exploited for coloring the
map display. More precisely, each class is randomly assigned a particular color
code and the color of a unit is determined as a mixture of the colors of documents
colors assigned to that unit. Note that class information was not used during
training, it is just used for superimposing color codes to the result of the training
process. We are currently working on a more sophisticated coloring technique
for self-organizing maps along the idea of smoothed data histograms [10].

It is obvious from the map display that the spam cluster is located on the top
of the map with a remarkable purity, i.e. the number of misclassified legitimate
messages is very small. On the lower left hand side of the map, an area related to
messages from various mailinglists, such as dbworld, seworld, isaus, is found. It
is remarkable how well the self-organizing map separates the various mailinglists
when taking into account that some of the messages are highly similar. On
the lower right hand side of the map, messages relating to university business
are located, e.g. teaching and department. Again, the separation between these
classes is achieved to a remarkably high degree.

For easier comparison, enlarged pictures of four regions of the self-organizing
map are provided in Figures 3 to 6. Note that in these figures reference to the
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(a) Support vector machine (SVM)
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Fig. 1. Classification accuracy.

classes is given with the names originally chosen for the e-mail folders. Some of
these names have German origin. So, “lehre” refers to lectures, and “insti” refers
to department. The coordinates of the respective regions within the overall map
are given in the caption of the figures. In particular, Figure 3 shows an area of
the map on the left hand center featuring messages assigned to the dilbert and
spam clusters. The dilbert messages are neatly arranged within the larger area of
spam messages. Figure 4 depicts an enlarged view of the lower left hand corner
of the map containing various messages from the mailinglists dbworld and se-
world. Note that messages of the position class, i.e. messages related to academic
job announcements are neatly embedded within this cluster. Moreover, messages
from the isaus mailinglist are mapped to an adjacent area. This makes perfect
sense, since these messages are primarily concerned with academic announce-
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Fig. 2. A self-organizing map of the complete set, n-grams and 500 features.

ments related to Australia. Figure 5 enlarges the right center area of the map
which primarily features messages related to university business. In particular,
this cluster contains messages dealing with teaching and department issues. Fi-
nally, we show an enlargement of the area containing the messages of the michael
cluster in Figure 6. This area is especially remarkable since no misclassification
occurred during the unsupervised training process of the self-organizing map.

5 Conclusion

In this paper, a comparison of support vector machines and self-organizing maps
in multi-class categorization is provided. Both learning algorithms were applied
to a character n-gram as well as a word-based document representation. A corpus
personal e-mail messages, manually split into multiple classes, was used. The
impact of e-mail meta-information on classification performance was assessed.

In a nutshell, both classifiers showed impressive classification performance
with accuracies above 90% in a number of experimental settings. In principle,
both the n-gram-based and the word-based document representation yielded
comparable results. However, the results for the n-gram-based document repre-
sentation were definitely better in case of an aggressive feature selection strategy.
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Fig. 3. Enlarged view of selected regions of the self-organizing map: dilbert and spam:
col 1–5, row 6–10

Fig. 4. Enlarged view of selected regions of the self-organizing map: mailinglist: col
1–5, row 13–17
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Fig. 5. Enlarged view of selected regions of the self-organizing map: teaching and de-

partment: col 14–18, row 8–12

Fig. 6. Enlarged view of selected regions of the self-organizing map: michael: col 13–16,
row 19–20

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
201



The more features are selected, the more favorable are the results for the word-
based document representation. The only exception to that was the result for
the support vector machine which produced the best result based on the 2000
top-ranked n-grams selected according to the χ2 metric.

The accuracies of the self-organizing map are just slightly worse than those
of support vector machines. This is all the more remarkable because the self-
organizing map is trained in an unsupervised fashion, i.e. the information on class
membership is not used during training. Moreover, training of the self-organizing
map results in a concise graphical representation of the similarities between the
documents. In particular, documents with similar contents are grouped closely
together within the two-dimensional map display.
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Abstract. We explore evidence accumulation (EAC) for combining clustering en-
sembles. According to EAC, a voting mechanism, where each partition has an 
identical weight in the combination process, is used to combine N partitions into 
a co-association matrix. This matrix is constructed based on co-occurrences of 
pairs of patterns in the same cluster. A final data partition is obtained by ap-
plying a clustering algorithm over this co-association matrix. In this paper we 
propose the idea of weighting the partitions differently (WEAC). Depending on 
the quality of the partitions, measured by internal and relative validity indices, 
each partition contributes differently in a weighted co-association matrix. We 
propose two ways of weighting each partition: SWEAC, using a single valida-
tion index, and JWEAC, using a committee of indices. The new approach is 
evaluated experimentally on synthetic and real data sets, in comparison with the 
EAC technique and the graph-based combination methods by Strehl and Gosh, 
leading in general to better results. 
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1   Introduction 

The aim of clustering is to organize patterns into clusters so that patterns within a 
cluster are more similar to each other than are patterns belonging to different clusters. 
Even though there are hundred of clustering algorithms in the literature [1-3], no single 
algorithm can effectively find by itself all types of cluster shapes and structures. With 
the objective to solve this limitation, some combination clustering ensemble ap-
proaches have been proposed [4-8, 23-28] based on the idea of combining the results 
of a clustering ensemble into a final data partition.  

 The evidence accumulation clustering (EAC) method, by Fred and Jain, considers 
each clustering result as an independent evidence of data organization, and combines 
a clustering ensemble into a single combined data partition using a voting mechanism. 
This voting mechanism produces a mapping of N clusterings into a new similarity 
measure between n patterns, summarized in an n ×  n co-association matrix: 

NvotesjiassocCo ij /),(_ =  

where votesij is the number of times the pattern pair (i,j) is assigned to the same cluster 
among the N clusterings. The final combined data partition (P*) is obtained by apply-
ing a clustering algorithm to the co-association matrix. The final number of clusters can 
be fixed or automatically chosen using lifetime criteria [5-6]. 

Strehl and Ghosh see the cluster ensemble problem as an optimization problem 
based on the maximal average mutual information between the combined data partition 
and the clustering ensemble, exploring graph theoretical concepts. The clustering 
ensemble is mapped into a hypergraph, where vertices correspond to samples, and 
partitions are represented as hyperedges. They presented three heuristics to solve this 
problem: the hypergraph-partition algorithm (HGPA) cut a minimum number of hyper-
edges in the hypergraph using HMETIS algorithm with the objective of obtaining 
unconnected components of approximately the same size; the meta clustering algo-
rithm (MCLA) applies a graph-based clustering to hyperedges in the hypergraph rep-
resentation with the purpose of reducing the number of hyperedges; the cluster-based 
similarity partitioning algorithm (CSPA) is  similar to the EAC approach, producing a 
similarity co-association matrix from the hyperedges representation of the partitions, 
and the final partition is obtained by applying the METIS algorithm to this similarity 
matrix. 

In this paper we introduce a new approach (WEAC), based on the work by Fred et 
al. [4-6] on evidence accumulation clustering. WEAC consists of a weighted voting 
mechanism on the clustering ensemble, leading to a weighted co-association matrix 
(w_co_assoc matrix). We explore two different ways to weight each clustering to be 
incorporated in the w_co_assoc matrix. In the first method, the Single Weighted EAC 
(SWEAC), each clustering is evaluated by a relative or internal cluster validity index 
and the contribution of each clustering is weighted by the value obtained for this 
index. In the second method, the Joint Weighted EAC (JWEAC), each clustering is 
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evaluated by a set of relative and internal cluster validity indices and the contribution 
of each clustering is weighted by all results obtained with each of these indices. For 
comparison, we used in experiments two internal indices and fourteen relative indices. 
The final combined partition is obtained by clustering the obtained w_co_assoc matrix. 

The proposed WEAC approach is evaluated experimentally in this paper, on a com-
parative study with the EAC, HGPA, MCLA and CSPA methods.  

Section 2 summarizes the cluster validity indices used in WEAC. Section 3 presents 
the proposed Weighted Evidence Accumulation Clustering (WEAC) and the experi-
mental setup used. In section 4 a variety of synthetic and real data sets are used to 
evaluate the performance of WEAC. Finally, in section 5 we present the conclusions. 

2   Cluster Validity Indices 

How many clusters are present in the data and how good is the clustering itself are 
two important questions that have to be addressed in any clustering. Cluster validity 
indices provide the formal mechanisms to give an answer to these questions. For an 
overview of cluster validity measures and comparatives studies see for instance [9,10] 
and the references therein. 

We can consider three approaches to assess cluster validity [11]: external validity 
indices, where the results of a clustering algorithm are evaluated based on a pre-
specified structure that is assumed on the data set and reflects our intuition about the 
clustering structure of the data set (ground truth); internal validity indices, where we 
evaluate the clustering results in terms of quantities that involve the data representa-
tions themselves, and; relative validity indices, where a clustering structure is evalu-
ated by comparing it to other clustering results, produced by the same algorithm but 
with different input parameters.  

In this paper we make use of a set of internal and relative clustering validity indices, 
extensively used and referenced in the literature, to assess the quality of data part i-
tions; external validity criteria is excluded, since it requires the use of a priori informa-
tion about cluster structure. The two internal indices used are: the Hubert Statistic and 
Normalized Hubert Statistic (NormHub) [12]. The fourteen relative indices considered 
are: Dunn index [13], Davies-Bouldin index (DB) [14], Root-mean-square standard error 
(RMSSDT) [15], R-squared index (RS) [15], the SD validity index [10], the S_Dbw valid-
ity index [10], Caliski & Cooper cluster validity index (CH) [16], Silhouette statistic (S) 
[17], index I [18], XB cluster validity index, [19], Squared Error index (SE), Krzanowski 
& Lai (KL) cluster validity index [20], Hartigan cluster validity index (H) [21] and the 
Point Symmetry index (PS) [22].  
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3   Weighted Evidence Accumulation Clustering (WEAC) 

WEAC is an extension of the EAC paradigm by weighting the influence of each data 
partition of the clustering ensemble in the combination process, based on the quality 
of these partitions, as assessed by cluster validity indices. In a simple voting mecha-
nism a set of bad clusterings can overshadow another isolated good clustering, thus 
leading to poor clustering results. We expect to obtain better combination results by 
weighting the partitions in a weighted co-association matrix according to a measure of 
cluster validity, by giving higher relevance to better partitions in the clustering en-
semble. 

Given a clustering ensemble  
P=  { }NPPP ,...,, 21  with N partitions of n objects (patterns), and a corresponding 

set of normalized indices with values in the interval [0,1] measuring the quality of each 
of these partitions, the clustering ensemble is mapped into a weighted co-association 
matrix:  

w_co_assoc(i,j)=
1

. LN
Lij

L

vote VI

N=
∑ ,  

where N is the number of clusterings, voteLij is a binary value, 1 or 0, depending if the 
object pair (i,j) has co-occurred in the same cluster (or not) in the Lth partition, and 

LVI is the normalized cluster validity index value for the Lth partition. The combined 
data partition is obtained by applying a clustering algorithm to the weighted co-
association matrix. The proposed WEAC method is schematically described in table 1. 
In WEAC we used two different ways of weighting each data partition: 
1. Single Weighted EAC (SWEAC): in this method, the quality of each data partition 

is assessed by a single normalized relative or internal cluster validity index, and 
each vote in the w_co_assoc matrix is weighted by the value of this index: 

    LVI = ( )_ Lnorm validity P  

2. Joint Weighted EAC (JWEAC): in this method, the quality of each data part ition is 
assessed by a set of relative and internal cluster validity indices, each vote in the 
w_co_assoc matrix being weighted by the overall contributions of these indices:  

     LVI =
( )

1

_ LNInd
ind

ind

norm validity P

NInd=
∑  

where NInd  is the number of cluster validity indices used, and 

( )_ L
indnorm validity P is the value of the indth validity index over the partition PL. 

In our experiments, we used sixteen cluster validity indices, as presented in section 2. 
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Table 1. WEAC approach 

Input:  
P = { }NPPP ,...,, 21 - Clustering Ensemble with N data partitions 

{ }NVIVIVIVI ,...,, 21=  - Normalized Cluster Validity Index values of the corre-

sponding data partitions 
n – number of data patterns 
Output: Combined data partitioning. 
Initialization: set w_co_assoc to a null n × n matrix. 
1. For L=1 to N  

Update the w_co_assoc: for each pattern pair (i,j) in the same cluster, set 

w_co_assoc(i,j)=w_co_assoc(i,j)+
. L

Lijvote VI

N
 

voteLij - binary value (1 or 0), depending if the object pair (i,j) has co-occurred in the 
same cluster (or not) in the Lth partition 

2. Detect consistent clusters in the weighted co-association matrix using a clus-
tering algorithm  

3.2   Experimental Setup 

3.2.1   Construction of Clustering Ensemble 
We can use several different approaches to construct clustering ensembles, such as: 
applying different clustering algorithms; using the same clustering algorithm with 
different parameter values/initializations; clustering different views/features of the 
data; using different preprocessing and/or feature extraction mechanisms; perturbing 
the data set using techniques such as bootstrapping or boosting. In [5], clustering 
ensembles were generated by random initialization of the K-means algorithm. In this 
paper, besides the K-means algorithm (KM), we also explore other clustering methods 
to construct clustering ensembles: Single Link (SL), Complete-Link (CL), Average-Link 
(AL) and Clarans (CLR). We study the effect of combining clusterings produced by a 
single algorithm with different initializations and/or parameters values and the effect of 
combining clusterings produced by different clustering algorithms with different ini-
tializations and/or parameters values. Specifically, each clustering algorithm uses dif-
ferent values of k and K-means and Clarans additionally use different initializations of 
clusters centers. We explore also a clustering ensemble including all the partitions 
produced by all the clusterings algorithms  (ALL). Considering kmin and kmax the mini-
mum and maximum initial number of clusters, the procedure used to produce partitions 
is as follows: 

For K-means and Clarans clustering algorithms: 
1. Do N times 

1.1. Randomly select k  in the interval [kmin,kmax] and k  clusters centers. 
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1.2. Run the algorithm with the above k  and random initialization to produce a par-
tition. 

 
For SL, CL and AL clustering algorithms: 

1. Do k= kmin  to kmax  
1.1. Run the algorithm with the above k  to produce a partition. 

3.2.2   Normalization of Cluster Validity Indices 
Some indices are intrinsically normalized but others are not. For some of them the best 
result is the highest and for others the lowest value. For the indices of the first type, 
when the index only has values greater than zero, the normalization is made by divid-
ing the value obtained for the index by the maximum value obtained over all partitions 
(index_value=value_obtained/Maximum_value). For indices of the second type, 
when the index only has values greater than zero, the normalization is made by divid-
ing the minimum value obtained over all partitions by the partition value obtained for 
the index. (index_value= Minimum_value/value_obtained). The Normalized Hubert 
Statistic and Silhouette index are intrinsically normalized between [-1,1] but we only 
consider values between [0,1]. Some other indices increase (or decrease) as the num-
ber of clusters increase and it is not possible to find neither the maximum nor the mini-
mum. In these cases, we search for the value of k  at which a significant local change in 
the value of the index occurs. This change appears as a “knee” in the plot and is an 
indication of the number of clusters underlying the data set. Table 2 presents the crite-
ria to obtain the best value with each validity index. 

 
Table 2. Criteria to obtain the best value according to each validity index 

Index Criteria Index Criteria Index Criteria Index Criteria 
Hubert “Knee“ RMSSDT “Knee“ CH Max SE “Knee“ 
NormHub Max RS “Knee“ S Max KL Maximum 
Dunn Max SD Min I Max H  Smallest k=1: 

H(k)=10 
DB Min S_Dbw Min XB Min PS Minimum 

 
Usually the highest (or lowest) value obtained in an index based on the “knee” is 

not the best value for that index. Therefore, this kind of indices can’t be integrated 
directly in the w_co_assoc matrix. The best value of the index is where the “knee” is 
identified. The value 1 is assigned to the clustering associated to the “knee” in this 
index. The method we follow to incorporate the indices based on the “knee” in the co-
association matrix was the following: running each of the clustering algorithms (SL, 
CL, AL, CLR and KM), varying the number of clusters to be obtained between [1, 
kmaximum] where kmaximum is the maximum number of clusters we believe to exist in the 
data set; then, in each algorithm, we have to compare the clustering associated to the 
“knee” with each of the other clusterings produced by this algorithm. We used an 
external index, the Consistency index (Ci), proposed in [1] to compare these cluster-
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ings; Ci(P,Pknee) where P is the clustering we want to validate and Pknee the clustering 
associated to the knee. Consistency index is defined as the fraction of shared samples 
in matching clusters of two clusterings. The Consistency index is equal to the percent-
age of correct labelling when data partitions have the same number of clusters. Con-
sider two clusterings with an arbitrary number of clusters and with the samples enu-
merated and referenced using the same labels in every clustering, si, i=1,…,n. Each 
cluster has an equivalent binary valued vector representation, each position indicating 
the truth value of the proposition: sample i belongs to the cluster. The following nota-
tion is  used: 

≡iP  clustering i : (nci, 
i
nc

i
i

CC ...1 )  

≡inc  number of clusters in clustering i 

=i
jC {sl :sl ∈ cluster j of clustering i} ≡ list of samples in the jth cluster of clustering i 

i
jX : {1

0)( =kX i
j

i
jk Csif

otherwise
∈_

,k=1,…,n ≡ binary valued vector representation of cluster i
jC  

The Consistency index (Ci) is defined in [1] as: 
1 2min{ , }

1

1 _
nc nc

i i
i

C n shared
n =

= ∑  

where it is assumed that clusters occupy the same position in the ordered clusters lists 
of the clusterings, and n_sharedi is the number of samples shared for the ith clusters. 

We did this procedure to Hubert Statistic, RMSSDT index, RS index and Squared 
Error index. In Hartigan cluster validity index the estimated number of clusters is the 
smallest k  = 1 such that H(k)= 10. Since Hartigan index is not calculated for values of k  
greater than the estimated number of clusters (usually obtained negative values) we 
have to apply to this index the same procedure applied to the indices based on the 
“knee” to obtain an index value for clusterings with k’s greater than the estimated 
number of clusters.  

3.2.3   Extraction of the Final Data Partition 
The obtained co-association matrix represents a new similarity matrix between pat-

terns to which a clustering algorithm must be applied in order to extract the combined 
data partition. We tested the SL, CL, AL and WR algorithms in the final extraction 
phase of P*. In the results shown next, we assumed the final number of clusters 
known. To evaluate the performance of the combination methods, we compare the 
combined data partitions with ground truth information, obtained from known labeling 
of the data. We used the Consistency index described in [1] to compare these cluster-
ings.  

simeon
Australiasian  Data  Mining  Conference  AusDM05

simeon
211



4   Experimental Results  

4.1   Data sets 

Synthetic data sets For simplicity of visualization we considered 2-dimensional pat-
terns. These data sets were produced aiming the evaluation of the performance of 
WEAC in a multiplicity of conditions, like distinct data sparseness in the feature 
space, arbitrary shaped clusters, well separated and touching clusters. Figure 1 plots 
these data sets. 

The Bars data set has 2 classes (200 and 200) and the density of the patterns in-
creasing with increasing horizontal coordinate. The Cigar data set has 4 classes (100, 
100, 25 and 25). The Half Rings data set is composed by 3 uniformly distributed 
classes (150, 150 and 200) within half-ring envelops. The Rings data set consists of 500 
samples organized in 4 classes (25, 75, 150 and 250). The Spiral data set consists of 200 
samples divided evenly in 2 classes. 

 

 
       (a) Bars (b) Cigar     (c) Half Rings     (d) Rings (e) Spirall 

Fig. 1. Synthetic Data Sets 

 
Real Data Sets Four real-life data sets were considered to show the performance of the 
WEAC: Breast Cancer, Iris, DNA microarrays and Handwritten Digits. The Breast 
Cancer data set (http://www.ics.uci.edu/~mlearn/MLRepository.html) has 683 samples 
(9 features) spitted in two classes: Benign and Malignant. The Iris data set is divided 
in three types of Iris plants (50 samples per class), characterized by 4 features, and 
with one class well separated from the other two, which are intermingled. The Yeast 
Cell data set (DNA microarrays) consists of the fluctuations of the gene expression 
levels of over 6000 genes over two cell cycles. The available data set is restricted to 
the 384 genes with 17 features (http://staff.washington.edu/kayee/model/) whose ex-
pression level peak at different time points corresponding to the 5 phases of the cell 
cycle. It was used the logarithm of the expression level (Log Yeast) and a “standard-
ized” version (Std Yeast) of the data (with mean 0 and variance 1). The Handwritten 
Digits, is available at the UCI repository 
(http://www.ics.uci.edu/~mlearn/MLRepository.html), and consists in 3823 samples, 
each with 64 features. A subset (Optical) composed by the first 100 samples of all the 
digits was used from a total of 3823 training samples (64 features). 
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4.2   Combination of Clustering Ensembles using WEAC 

The quality of the combined data partition, P*, obtained with the WEAC method is 
evaluated by computing the consistency of P* with ground truth information P0, using 
Ci(P*,P0). We assume that the true number of clusters is known, being the number of 
clusters in P*. 

Tables 3-12 show the values of Ci(P*,P0) over the experiments with both synthetic 
(Bars, Cigar, Half Rings, Rings and Spiral) and real data (Breast Cancer, Iris, Std Yeast, 
Log Yeast and Optical). In these tables, rows are grouped by the clustering ensembles 
construction method. Inside each clustering ensemble construction method appears 
the three clustering methods used to extract the final combined partition. K-means and 
Clarans based clustering ensembles have N=200 clusterings each, obtained with k  
randomly chosen in the set {10,…,30}. SL, CL and AL based clustering ensembles 
have N=21 data partitions, each corresponding to a different number of clusters, k, in 
the set {10,…,30}. ALL gather the partitions produced by all the methods, with N=463. 

Analyzing the tables 3-12, we can conclude that we achieve in general better results 
with both versions of WEAC when comparing with EAC. In JWEAC we can find many 
situations where the results are the same as those of EAC, some other situations 
where the JWEAC results outperform EAC’s and in fewer situations the JWEAC re-
sults are worse than EAC’s. The SWEAC results of each cluster index are in many 
situations equal to the EAC results, in other situations the EAC results are improved 
with the SWEAC approach and in fewer situations the EAC results are better than 
those of SWEAC.  

Concerning the clustering ensemble construction methods, we can see that in 7 out 
of the 10 data sets  used, the partitions produced by the k-means clustering algorithm, 
provide the better results in the EAC. In the JWEAC approach the same happened in 6 
data sets. So, we can conclude that k-means algorithm is a good option to produce 
cluster ensembles for these approaches.  

 
Table 3. Breast Cancer 

  EAC JWEAC Hubert NormHub Dunn RMSSDT RS S_dbw CH S I XB SE DB SD H KL PS
 SL 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15
 AL 65.15 66.33 66.33 65.15 65.15 66.33 66.33 65.45 66.33 65.15 66.33 66.33 66.33 66.33 66.33 66.33 66.33 65.15
 WR 68.08 68.08 68.08 68.08 68.08 68.08 68.08 68.08 68.23 66.76 66.47 68.23 68.08 66.76 68.08 68.08 68.08 68.08
 SL 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81
 AL 68.81 71.01 94.88 94.88 94.88 94.88 94.88 68.81 68.81 94.88 94.88 94.88 94.88 94.88 68.81 94.88 90.19 74.52
 WR 96.49 96.49 96.49 96.49 96.49 96.49 96.49 96.49 94.88 96.49 94.88 96.49 96.49 96.49 96.49 96.49 96.49 96.49
 SL 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81 68.81
 AL 68.81 66.76 96.63 66.76 73.94 96.63 96.63 96.63 96.63 96.63 68.37 96.63 96.63 76.72 96.63 96.63 96.63 96.63
 WR 96.05 96.63 96.63 96.05 96.05 96.63 96.63 96.05 96.63 96.05 96.63 96.05 96.63 96.05 96.05 96.63 96.63 96.05
 SL 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57 64.57
 AL 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07 97.07
 WR 61.20 61.20 68.67 61.20 61.20 68.67 68.67 59.74 68.67 61.20 68.67 61.20 68.67 61.20 61.20 68.67 61.20 61.20
 SL 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15
 AL 96.05 96.05 94.58 94.58 96.05 94.58 94.58 95.75 95.90 95.75 95.90 94.58 94.58 96.05 96.05 94.58 96.05 96.05
 WR 48.32 47.00 47.00 47.00 48.32 47.00 47.00 48.32 47.00 46.27 45.83 48.32 47.00 48.32 48.32 47.00 47.00 48.32
 SL 65.15 65.15 65.15 65.89 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15 65.15
 AL 93.85 65.89 65.89 94.88 65.89 65.89 65.89 65.89 94.00 94.44 94.14 65.74 65.89 65.15 66.03 65.89 65.89 65.74
 WR 96.93 94.00 94.73 96.34 94.73 94.73 94.73 97.07 96.93 96.34 96.78 96.78 94.73 94.29 94.88 94.00 94.00 96.34

CLR

ALL

SL

AL

CL

KM
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Table 4. Iris  
  EAC JWEAC Hubert NormHub Dunn RMSSDT RS S_dbw CH S I XB SE DB SD H KL PS

 SL 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33
 AL 67,33 67,33 67,33 34,67 67,33 67,33 67,33 34,67 34,67 64,67 67,33 34,67 67,33 68,00 68,00 67,33 34,67 64,67
 WR 70,00 70,00 70,67 70,00 91,33 70,67 70,67 91,33 70,67 90,00 70,67 70,00 70,67 70,00 70,67 70,67 70,67 70,67
 SL 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33 69,33
 AL 69,33 69,33 78,00 48,00 38,67 78,00 78,00 48,67 40,00 79,33 65,33 40,00 78,00 48,67 78,00 69,33 69,33 72,00
 WR 78,00 78,00 78,00 78,00 78,00 78,00 78,00 77,33 78,00 78,00 78,00 78,00 78,00 78,00 78,00 78,00 78,00 78,00
 SL 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00
 AL 50,00 50,00 47,33 63,33 45,33 47,33 47,33 52,00 50,00 50,00 59,33 47,33 47,33 40,00 47,33 50,00 47,33 36,67
 WR 67,33 70,67 70,67 70,67 67,33 70,67 70,67 61,33 70,67 67,33 70,67 70,67 70,67 67,33 70,67 70,67 70,67 70,67
 SL 74,67 74,67 74,67 74,67 74,67 74,67 74,67 69,33 74,67 74,67 74,67 69,33 74,67 69,33 74,67 74,67 74,67 69,33
 AL 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67
 WR 90,67 90,67 90,67 90,67 84,00 90,67 90,67 84,00 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67
 SL 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00 68,00
 AL 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67 90,67
 WR 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00 46,00
 SL 67,33 67,33 67,33 67,33 67,33 67,33 67,33 68,00 67,33 74,67 67,33 67,33 67,33 67,33 67,33 67,33 67,33 67,33
 AL 90,67 69,33 69,33 89,33 69,33 69,33 69,33 96,00 90,00 90,67 90,67 90,67 70,00 69,33 90,00 69,33 69,33 69,33
 WR 90,67 90,67 90,67 90,67 96,67 90,67 90,67 96,00 97,33 90,67 90,67 90,67 96,67 96,00 90,67 96,00 90,67 94,00
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Table 5. Rings 

  EAC JWEAC Hubert NormHub Dunn RMSSDT RS S_dbw CH S I XB SE DB SD H KL PS
 SL 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00 44,00
 AL 44,00 81,80 55,00 59,00 42,00 55,00 55,00 61,00 43,40 44,00 43,40 47,40 55,00 44,00 58,80 53,60 46,20 53,60
 WR 59,80 59,80 59,80 59,80 59,80 59,80 59,80 61,00 59,80 74,60 59,80 59,80 59,80 59,80 59,80 59,80 59,80 59,80
 SL 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20 36,20
 AL 36,20 36,20 38,40 35,60 41,80 38,40 38,40 38,00 35,20 43,40 38,00 36,80 38,40 39,00 38,40 41,80 38,00 36,80
 WR 77,40 77,40 60,20 77,40 85,60 60,20 60,20 74,20 60,20 85,60 77,40 85,60 60,20 77,40 77,40 60,20 60,20 77,40
 SL 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00 41,00
 AL 41,00 39,40 42,20 36,60 34,20 42,20 42,20 40,60 40,60 61,80 49,80 43,20 42,20 56,60 40,60 42,20 48,40 37,20
 WR 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20 63,20
 SL 78,00 78,00 78,00 78,00 78,00 78,00 78,00 79,80 78,00 78,00 78,00 85,40 78,00 78,00 85,40 78,00 78,00 79,80
 AL 44,60 71,60 43,60 51,00 44,80 43,60 43,60 43,60 43,60 43,60 44,60 43,60 43,60 43,60 43,60 43,60 43,60 44,60
 WR 57,40 59,40 54,00 57,40 59,40 54,00 54,00 62,60 54,00 58,20 59,40 57,60 54,00 58,20 54,20 54,00 54,00 59,40
 SL 48,00 52,60 52,60 48,00 45,00 52,60 52,60 48,00 52,60 44,80 50,60 50,60 52,60 52,60 52,60 52,60 52,60 50,60
 AL 56,60 56,40 56,40 56,40 56,40 56,40 56,40 56,60 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40
 WR 51,60 51,40 51,40 51,40 51,40 51,40 51,40 51,60 51,40 51,00 49,80 51,40 51,40 51,40 51,40 51,40 51,40 51,40
 SL 73,80 73,80 73,80 73,80 73,80 73,80 73,80 73,80 73,80 80,20 73,80 73,80 73,80 73,80 73,80 73,80 73,80 73,80
 AL 54,60 43,40 44,80 44,80 43,40 61,00 61,00 47,60 47,60 50,00 45,20 44,40 61,00 47,60 48,40 43,40 43,40 48,40
 WR 56,20 71,80 71,80 71,80 61,80 71,80 71,80 61,80 71,80 58,40 71,00 66,20 71,80 61,80 71,00 71,00 71,80 71,00
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Table 6. Bars 

  EAC JWEAC Hubert NormHub Dunn RMSSDT RS S_dbw CH S I XB SE DB SD H KL PS
 SL 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50 51,50
 AL 51,50 94,25 95,25 54,25 95,75 95,25 95,25 94,25 50,50 51,50 54,00 51,50 95,25 50,50 54,25 51,50 95,75 94,25
 WR 94,00 94,00 94,00 94,00 94,00 94,00 94,00 94,25 94,00 95,75 95,75 94,00 94,00 94,00 94,00 94,00 94,00 94,00
 SL 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75 55,75
 AL 55,75 60,25 58,75 58,75 66,25 58,75 58,75 51,00 66,25 58,75 58,75 58,75 58,75 58,75 72,75 51,00 55,75 71,00
 WR 76,00 76,00 76,00 76,00 64,25 76,00 76,00 64,25 76,00 76,00 76,00 76,00 76,00 76,00 76,00 76,00 76,00 76,00
 SL 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50 56,50
 AL 56,50 56,50 56,25 56,50 54,75 56,25 56,25 56,50 62,00 56,50 71,50 74,75 56,25 61,25 61,25 56,50 51,50 63,00
 WR 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00 64,00
 SL 98,75 98,75 98,75 98,75 98,75 98,75 98,75 52,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75
 AL 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75
 WR 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75
 SL 51,75 51,75 51,75 51,75 51,75 51,75 51,75 51,75 51,75 50,25 50,25 50,25 51,75 51,75 51,75 51,75 51,75 50,25
 AL 50,75 50,75 50,75 50,75 50,75 50,75 50,75 50,75 50,75 50,25 50,75 50,75 50,75 50,75 50,75 50,75 50,75 50,75
 WR 51,00 51,00 51,00 51,00 51,00 51,00 51,00 51,00 51,00 50,25 51,00 51,00 51,00 51,00 51,00 51,00 51,00 51,00
 SL 51,50 98,75 54,75 50,75 50,75 54,75 54,75 98,75 98,75 98,75 98,75 98,75 54,75 50,75 98,75 98,75 98,75 98,75
 AL 96,25 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75 98,75
 WR 80,00 98,75 99,50 98,75 94,00 99,50 99,50 98,75 98,75 64,25 98,75 64,25 99,50 98,75 98,75 98,75 98,75 98,75
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Table 7. Cigar 

  EAC JWEAC Hubert NormHub Dunn RMSSDT RS S_dbw CH S I XB SE DB SD H KL PS
 SL 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80 40,80
 AL 40,80 97,20 77,20 40,80 40,80 77,20 77,20 39,60 86,00 51,60 77,20 40,80 77,20 40,40 86,80 40,80 40,80 78,00
 WR 98,00 98,00 98,00 98,00 98,00 98,00 98,00 78,40 98,00 98,00 98,00 98,00 98,00 98,00 98,00 98,00 98,00 94,40
 SL 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40 58,40
 AL 58,40 47,20 58,40 47,20 58,40 46,40 46,40 58,40 58,40 58,40 58,40 44,80 46,40 41,60 58,40 46,40 46,40 44,80
 WR 62,00 62,00 62,00 62,00 62,40 62,00 62,00 72,40 62,00 62,00 62,00 62,00 62,00 62,00 62,00 62,00 62,00 62,00
 SL 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40 56,40
 AL 56,40 50,00 66,40 56,00 69,20 66,40 66,40 56,40 56,40 66,40 64,00 40,00 66,40 66,40 42,80 53,60 66,40 72,80
 WR 76,40 66,40 45,60 66,40 72,00 45,60 45,60 72,00 45,60 66,40 66,40 45,60 45,60 66,40 45,60 45,60 45,60 45,60
 SL 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00
 AL 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80 70,80
 WR 71,60 71,60 71,60 71,60 70,80 71,60 71,60 100,00 71,60 71,60 70,80 71,60 71,60 71,60 71,60 71,60 71,60 71,60
 SL 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60
 AL 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60 49,60
 WR 43,20 43,20 43,20 43,20 43,20 43,20 43,20 43,20 43,20 43,20 43,20 46,80 43,20 43,20 43,20 43,20 43,20 43,20
 SL 56,00 88,40 88,40 88,40 88,40 50,80 50,80 100,00 88,40 100,00 100,00 100,00 88,40 100,00 88,40 50,80 88,40 100,00
 AL 43,20 88,40 88,40 71,60 88,40 87,60 87,60 88,40 52,00 71,60 70,40 83,20 88,40 88,40 71,60 54,80 71,60 87,60
 WR 43,20 71,60 77,60 60,00 95,20 75,20 75,20 84,80 43,20 71,60 84,80 84,80 61,20 100,00 68,40 44,00 60,00 100,00
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Table 8. Half Rings 
  EAC JWEAC Hubert NormHub Dunn RMSSDT RS S_dbw CH S I XB SE DB SD H KL PS

 SL 65,80 65,80 65,80 65,80 65,80 65,80 65,80 65,80 65,80 39,60 65,80 65,80 65,80 65,80 65,80 65,80 65,80 65,80
 AL 65,80 100,00 100,00 65,80 100,00 100,00 100,00 100,00 100,00 39,60 100,00 34,40 100,00 65,80 100,00 65,20 100,00 65,80
 WR 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 39,60 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00
 SL 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40 48,40
 AL 48,40 48,40 52,80 73,60 49,60 61,40 61,40 48,40 48,40 60,20 61,80 61,60 61,40 48,80 48,40 52,80 52,80 39,20
 WR 51,80 64,60 64,60 64,60 49,20 64,60 64,60 56,60 64,60 51,80 64,60 64,60 64,60 51,80 64,60 64,60 64,60 64,60
 SL 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20 50,20
 AL 50,20 47,60 37,40 45,40 44,80 37,40 37,40 45,80 37,40 37,40 47,60 37,40 37,40 37,40 45,80 44,40 44,40 50,20
 WR 50,20 50,20 48,80 48,80 50,20 48,80 48,80 50,20 48,80 50,20 50,20 50,20 48,80 50,20 48,80 48,80 48,80 48,80
 SL 99,80 99,80 99,80 99,80 99,80 99,80 99,80 99,80 69,80 99,80 99,80 99,80 99,80 99,80 99,80 99,80 99,80 99,80
 AL 95,00 95,00 95,00 95,00 95,00 94,60 94,60 86,40 94,60 95,00 95,00 86,00 94,60 95,00 94,60 95,00 95,00 95,00
 WR 77,40 77,40 95,00 95,00 77,40 95,00 95,00 77,80 95,00 77,40 77,40 77,40 95,00 77,40 77,40 95,00 95,00 77,40
 SL 54,80 54,80 54,80 54,80 54,80 54,80 54,80 54,80 54,80 39,60 54,80 54,80 54,80 54,80 54,80 54,80 54,80 54,80
 AL 55,00 55,40 55,40 55,40 55,40 55,40 55,40 55,00 55,40 39,60 55,40 55,40 55,40 55,40 55,40 55,40 55,40 55,40
 WR 53,00 59,20 59,40 59,20 59,20 59,40 59,40 51,20 59,40 39,60 54,00 54,00 59,40 59,20 59,40 59,40 59,40 59,40
 SL 64,60 95,00 99,80 95,00 95,00 68,60 68,60 95,00 95,00 95,00 95,00 95,00 68,60 95,00 95,00 100,00 99,80 95,00
 AL 99,80 95,00 95,00 95,00 95,00 94,80 94,80 99,80 95,00 95,00 95,00 95,00 94,80 95,00 95,00 91,40 95,00 95,00
 WR 71,80 95,00 95,20 95,00 100,00 100,00 100,00 100,00 95,00 95,00 95,00 77,40 100,00 95,00 95,00 99,80 95,00 95,00
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Table 9. Log Yeast 

  EAC JWEAC Hubert NormHub Dunn RMSSDT RS S_dbw CH S I XB SE DB SD H KL PS
 SL 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,68
 AL 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42 35,42
 WR 35,16 35,16 35,16 35,16 35,16 35,16 35,16 35,42 35,16 35,42 34,90 35,16 35,16 35,42 35,16 35,16 35,16 34,90
 SL 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21 30,21
 AL 30,21 32,29 30,47 36,46 27,60 30,47 30,47 26,82 35,68 30,47 30,47 32,03 30,47 32,81 32,29 32,29 30,47 32,29
 WR 30,99 30,99 26,30 30,99 30,99 26,30 26,30 31,25 26,30 30,99 26,30 30,99 26,30 30,99 30,99 26,30 26,30 30,99
 SL 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58 39,58
 AL 39,58 31,51 32,29 34,38 40,89 32,29 32,29 31,51 31,51 28,91 26,56 27,60 32,29 31,51 32,03 33,85 32,29 35,42
 WR 31,25 32,29 31,51 32,29 32,55 31,51 31,51 32,55 31,51 31,25 31,51 32,55 31,51 31,25 31,25 31,51 31,51 31,25
 SL 33,85 34,37 34,37 34,37 33,85 34,37 34,37 33,85 34,90 34,37 34,90 33,85 34,37 33,85 33,85 34,37 34,37 33,85
 AL 41,41 41,41 41,41 41,41 41,41 41,41 41,41 43,49 43,49 41,41 43,49 41,41 41,41 41,41 41,41 41,41 41,41 41,41
 WR 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59 33,59
 SL 36,72 36,72 36,46 36,46 36,72 36,46 36,46 36,72 36,46 36,46 36,46 36,46 36,46 36,72 36,46 36,46 36,46 36,72
 AL 36,98 37,24 37,24 37,24 38,54 37,24 37,24 36,98 35,68 37,24 35,68 36,98 37,24 37,24 37,24 37,24 37,24 43,49
 WR 34,64 34,64 35,68 35,16 34,64 35,68 35,68 34,37 35,16 35,16 35,42 35,68 35,68 35,16 35,68 35,68 35,68 35,16
 SL 38,54 36,72 35,68 38,54 36,98 35,68 35,68 35,68 36,46 38,54 36,46 36,20 35,68 35,16 35,68 36,72 35,42 35,42
 AL 40,63 40,63 40,63 40,63 40,36 40,63 40,63 40,36 40,89 40,63 40,89 40,63 40,63 34,38 40,63 40,63 40,63 39,84
 WR 36,46 36,20 33,07 36,20 32,29 33,07 33,07 34,11 36,20 36,20 32,55 35,94 33,07 33,33 35,94 35,94 35,94 34,11
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Table 10. Optical 

  EAC JWEAC Hubert NormHub Dunn RMSSDT RS S_dbw CH S I XB SE DB SD H KL PS
 SL 10,60 10,60 10,60 10,60 10,60 10,60 10,60 10,60 10,60 10,10 10,60 10,60 10,60 10,60 10,60 10,60 10,60 10,60
 AL 10,60 10,60 10,60 10,60 10,60 10,60 10,60 10,60 10,60 10,10 10,60 10,60 10,60 10,60 10,60 10,60 10,60 10,60
 WR 30,50 30,50 30,50 30,60 30,50 30,50 30,50 30,60 30,50 10,10 30,50 30,50 30,50 30,60 30,50 30,50 30,50 30,70
 SL 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70
 AL 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70 75,70
 WR 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80 84,80
 SL 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80
 AL 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80 51,80
 WR 56,50 57,00 57,00 57,00 56,50 57,00 57,00 57,30 57,00 57,30 53,70 57,00 57,00 57,30 56,50 53,70 53,70 57,00
 SL 30,20 30,20 30,20 30,20 30,20 30,20 30,20 40,00 30,30 30,20 30,30 30,20 30,20 30,20 30,20 30,20 30,20 30,20
 AL 78,80 78,80 78,60 78,60 78,80 78,80 78,80 78,90 78,40 78,60 78,50 78,80 78,80 78,80 78,80 78,80 78,80 78,80
 WR 80,40 80,20 80,40 80,20 80,20 80,40 80,40 80,20 80,00 80,40 80,70 80,20 80,20 80,20 80,20 80,20 80,20 80,20
 SL 20,30 20,30 20,30 20,30 20,30 20,30 20,30 20,30 20,20 20,30 20,20 20,30 20,30 20,30 20,30 20,20 20,30 20,30
 AL 79,00 79,00 79,10 79,00 79,00 78,80 78,80 81,50 78,70 78,90 81,10 79,20 78,70 79,00 81,60 81,40 78,90 81,50
 WR 87,40 82,80 80,30 90,20 87,40 80,30 80,30 87,40 80,20 90,10 81,50 81,90 81,40 87,40 83,30 80,20 79,90 90,20
 SL 40,00 30,30 30,30 40,00 40,10 30,30 30,30 30,30 30,20 30,00 30,20 30,30 30,30 30,30 30,30 30,30 30,30 30,30
 AL 79,40 79,20 79,20 79,40 79,00 81,40 81,40 68,60 79,40 79,60 81,20 79,10 79,20 77,60 80,90 62,60 69,60 80,90
 WR 78,60 78,70 79,30 78,90 78,90 78,60 78,60 78,60 77,60 79,30 79,00 78,90 78,70 78,70 78,90 79,50 77,60 78,90
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Table 11. Spiral 

  EAC JWEAC Hubert NormHub Dunn RMSSDT RS S_dbw CH S I XB SE DB SD H KL PS
 SL 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50 50,50
 AL 50,50 98,00 50,50 98,00 98,00 50,50 50,50 98,00 98,00 50,50 98,00 98,00 50,50 98,00 98,00 50,50 50,50 50,50
 WR 96,50 96,50 98,00 96,50 96,50 98,00 98,00 96,00 98,00 50,50 98,00 96,50 98,00 96,50 96,50 98,00 98,00 98,00
 SL 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00 52,00
 AL 52,00 52,00 50,00 52,00 50,00 50,00 50,00 58,00 52,00 58,00 58,00 58,00 50,00 52,00 58,00 52,00 58,00 58,00
 WR 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00
 SL 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00 54,00
 AL 54,00 54,00 54,00 50,00 50,00 54,00 54,00 54,00 54,00 50,00 50,00 50,00 54,00 50,00 50,00 52,00 54,00 54,00
 WR 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00 50,00
 SL 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00 100,00
 AL 51,50 50,00 51,50 51,50 51,50 51,50 51,50 55,00 53,00 50,00 50,50 51,50 51,50 50,00 52,50 51,50 51,50 51,50
 WR 54,00 52,00 52,00 54,00 58,50 52,00 52,00 51,00 55,00 50,50 55,00 55,00 52,00 50,50 54,00 58,50 58,50 55,50
 SL 51,00 51,00 51,00 51,00 51,00 51,00 51,00 51,00 51,00 55,00 51,00 55,00 51,00 51,00 51,00 51,00 51,00 51,00
 AL 56,00 56,00 56,00 56,00 56,00 56,00 56,00 56,00 56,00 57,00 55,00 55,00 56,00 56,00 55,00 56,00 56,00 55,00
 WR 55,00 55,00 55,00 55,00 55,00 55,00 55,00 55,00 55,00 54,50 53,50 53,50 55,00 55,00 55,00 55,00 55,00 53,50
 SL 68,00 90,00 60,00 68,00 90,00 68,00 56,00 100,00 68,00 100,00 100,00 74,00 68,00 100,00 80,00 60,00 68,00 100,00
 AL 51,00 51,50 56,00 50,50 52,00 52,00 52,00 52,00 56,50 52,00 52,00 52,00 52,00 84,00 52,00 100,00 100,00 52,00
 WR 52,50 50,00 75,50 50,00 70,00 51,50 51,50 50,00 53,50 50,00 50,00 50,00 51,50 74,00 50,00 96,00 96,00 50,00

CLR

ALL

SL

AL

CL

KM
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Table 12. Std Yeast 
  EAC JWEAC Hubert NormHub Dunn RMSSDT RS S_dbw CH S I XB SE DB SD H KL PS

 SL 35,68 35,68 35,68 35,68 35,68 35,68 35,68 35,68 35,68 35,42 35,68 35,68 35,68 35,68 35,68 35,68 35,68 35,68
 AL 35,68 36,46 36,46 35,68 35,68 36,46 36,46 36,46 37,24 35,42 36,46 35,68 36,46 36,46 35,68 35,68 35,68 35,68
 WR 36,98 36,98 36,98 36,98 36,98 36,98 36,98 37,24 36,98 35,42 36,98 36,98 36,98 37,24 36,98 36,98 36,98 36,98
 SL 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29 57,29
 AL 57,29 65,36 65,10 65,36 55,73 65,10 65,10 57,29 57,29 57,29 57,29 65,89 65,10 35,94 66,41 57,29 65,10 47,14
 WR 69,79 69,79 69,79 69,79 69,79 69,79 69,79 69,79 69,53 69,79 69,53 69,79 69,79 69,79 69,79 69,79 69,79 69,79
 SL 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64 34,64
 AL 34,64 51,04 40,63 34,64 45,83 40,63 40,63 33,33 45,05 47,40 44,79 56,25 40,63 45,57 44,53 34,38 40,63 42,45
 WR 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18 48,18
 SL 35,94 35,94 35,94 35,94 35,94 35,94 35,94 36,98 48,70 35,94 48,96 35,94 35,94 35,94 35,94 35,94 35,94 35,94
 AL 69,01 69,01 69,01 68,49 67,97 69,01 69,01 67,97 69,01 69,01 69,01 67,45 69,01 69,01 67,97 69,01 69,01 69,01
 WR 57,29 58,07 58,33 58,07 56,77 58,33 58,33 57,03 52,60 58,07 52,08 56,51 56,51 57,29 56,51 56,77 58,33 56,51
 SL 49,48 57,81 54,17 57,81 58,07 54,17 54,17 49,48 54,17 54,17 54,69 49,48 54,17 49,48 49,48 54,17 54,17 49,48
 AL 61,72 61,72 61,98 61,72 61,46 61,72 61,72 61,46 61,98 61,72 62,24 61,72 61,72 61,72 61,72 61,72 61,72 61,72
 WR 54,69 54,95 53,39 54,95 56,51 53,39 53,39 52,60 50,26 54,95 53,39 55,21 53,39 56,51 55,21 58,85 53,39 55,21
 SL 36,46 36,20 36,20 36,46 36,20 36,20 36,20 36,20 49,48 36,46 49,22 36,20 36,20 36,20 36,20 36,20 36,20 36,20
 AL 68,49 68,49 68,49 68,49 67,97 68,23 68,23 45,57 68,23 68,23 68,23 67,19 68,23 36,72 68,49 45,05 68,23 36,72
 WR 55,99 59,38 57,03 55,99 58,59 57,29 57,29 57,81 54,69 58,33 54,69 59,11 57,81 60,16 61,98 60,42 57,81 57,29

CLR

ALL

SL

AL

CL

KM

 
Table 13 presents the results obtained by the three Strehl combination heuristics for 

all data sets. The results of MCLA heuristic for the ALL clustering ensemble are not 
presented due to computational problems related with the high number of data parti-
tions present in this clustering ensemble. The best results are achieved almost in all 
situations with CSPA and MCLA methods. 

 
Table 13. Values obtained by the three heuristics of Strehl combination method 

Spiral Log Yeast Std Yeast Optical Cigar Breast Iris Halfrings Bars Rings
CSPA 96 36,72 34,11 37,5 70,8 55,78 90 91,6 99 70
HGPA 51 22,66 21,09 10,7 51,6 50,07 60 54 52 37,6
MCLA 98 35,42 30,73 31,6 86,8 67,94 68 93,4 98 75,6
CSPA 56 29,95 61,98 82 57,6 82,72 62,67 65,8 89,5 53,4
HGPA 52 25,78 41,93 21,6 53,6 52,12 52 51,4 51 39,6
MCLA 62 27,08 70,57 84,1 69,6 96,49 64 42 97,75 52,8
CSPA 52 34,9 45,83 59,5 47,2 83,89 49,33 54,4 62,5 47
HGPA 52 31,51 39,58 39,9 59,2 53,29 71,33 50,6 51,5 34,8
MCLA 52 37,76 53,13 61,6 52,4 96,63 70,67 57,8 61 44,2
CSPA 54,5 33,85 57,29 84,2 70,4 84,63 98 93,4 97,75 45,2
HGPA 53,5 38,28 55,99 75,8 72,8 82,43 97,33 89,2 98 67,2
MCLA 54 33,07 59,11 89 61,2 84,77 98 92,8 98,75 70,4
CSPA 58,5 32,03 57,55 83,4 36,8 76,43 96,67 63,6 51,5 51,4
HGPA 57 32,29 55,73 72 36,8 81,41 96 63,4 51,75 48
MCLA 52,5 32,55 58,59 75,1 36,4 81,41 96,67 63 51,75 47,8
CSPA 51,5 34,37 55,99 84,5 56,4 83,31 98 93,2 98,25 42
HGPA 52 33,33 52,86 75,9 36,8 86,24 97,33 59,4 51,25 49

KM

CLR

ALL

SL

AL

CL

 
 
Table 14 presents best individual results produced by each clustering method (lines 

SL to KM) and best combined results per combination strategy (lines EAC to MCLA). 
As shown, almost in all data sets the SWEAC results outperform the single application 
of all the clustering algorithms and the SWEAC results are always better or equal of 
EAC results. In the Optical, Log Yeast and Rings data sets, the superiority of EAC and 
JWEAC and even more that of SWEAC is particularly evident. In Cigar and Half Rings 
data sets, both the EAC and WEAC approaches obtain 100%, which are much better 
results than the ones obtained by other algorithms. 

To compare the influence of the different cluster validity indices in SWEAC results , 
we first calculated, for each data set, the improvement between all the values obtained 
in each index and the corresponding values obtained with the EAC approach. Next, the 
average of those improvements was calculated for each index in each data set.  
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Table 14. Best single and combined results 
Spiral Log Yeast Std Yeast Optical Cigar Breast Iris Halfrings Bars Rings

SL 100 34.9 36.2 10.6 60.4 65.15 68 95 50.25 58.8
CL 52 28.91 66.67 51.8 55.6 92.83 84 72 98.75 36.8
AL 52 28.65 65.89 75.7 87.2 94.29 90.67 73.4 98.75 34

CLR 58 30.99 57.55 73.86 82.4 95.9 89.33 77.4 97 44.4
KM 52.5 29.43 64.06 67.71 63 96.49 89.33 75.6 98 38.8
EAC 100 41.41 69.79 87.4 100 97.07 90.67 100 98.75 78

SWEAC 100 43.49 69.79 90.2 100 97.07 97.33 100 99.5 85.6
JWEAC 100 41.41 69.79 84.8 100 97.07 90.67 100 98.75 81.8
CSPA 96 36.72 61.98 84.5 70.8 84.63 98 93.4 99 70
HGPA 57 38.28 55.99 75.9 72.8 86.24 97.33 89.2 98 67.2
MCLA 98 37.76 70.57 89 86.8 96.63 98 93.4 98.75 75.6  
 
Table 15 presents  the average of all the previous values of each index obtained for 

each data set. In WEAC (both the SWEAC and JWEAC approaches), we achieved 
better average results than with EAC, by weighting the clusterings in the w_co_assoc 
matrix with the obtained indices values. The average improvement obtained with the 
cluster validity indices in all data sets was of 3,25%. The same happened with the 
JWEAC approach where the average improvement was of 5,35%, a value much better 
than the average improvement obtained in the SWEAC approach. These results show 
that the SWEAC and JWEAC approaches increase the quality of the combined data 
partitions when compared with the EAC approach.  

In the SWEAC approach, none of the cluster validation indices performed system-
atically better than the others. Different validation indices achieved the best Ci 
SWEAC results, depending of the data set, but overall they performed better than 
EAC in average. However, as we can see in table 16, in 9 of the 10 data sets used, the 
Normalized Hubert Statistic (NormHub), in average, improves the results of EAC. Only 
in Iris data set this doesn’t happen. It should also be highlighted that in all used data 
sets the best Ci result using NormHub (SWEAC approach) is as good as the best EAC 
Ci result or even better than it. In fact, 1 result is better (Optical) and the other 9 are 
equal to Ci EAC results (table 17). Therefore, based on these two facts, we can con-
clude that choosing NormHub index in the SWEAC approach is a good choice to ob-
tain good results. 

 
Table 15. Average percentual increase in the performance of JWEAC and SWEAC as 

compared to EAC, over all data sets 
JWEAC Hubert NormHub Dunn RMSSTD RS S_dbw CH S I VXB SE DB SD H KL PS

5,35 3,78 2,76 3,83 3,05 2,96 3,57 3,00 1,78 5,05 2,41 3,28 2,81 4,20 1,97 3,54 3,92

 
Table 16. Average percentual increase in the performance of SWEAC approach using 

NormHub index when compared to EAC 
Spiral Log Yeast Std Yeast Optical Cigar Breast Iris Halfrings Bars Rings
4,49 0,73 1,78 0,24 7,2 1,79 -2,37 9,68 1,96 2,51  

 
Table 17. Ci results of the SWEAC approach using NormHub and of the EAC approach, in all 

data sets 
Spiral Log Yeast Std Yeast Optical Cigar Breast Iris Halfrings Bars Rings

EAC 100 41,41 69,79 87,4 100 97,07 90,67 100 98,75 78
S_Dbw 100 41,41 69,79 90,2 100 97,07 90,67 100 98,75 78  
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Table 18 presents the number of times EAC, SWEAC and JWEAC approaches ob-
tained better, worse and equal values than Strehl approach. Each of these values is 
relative to a clustering ensembles construction method (six in each approach). EAC, 
SWEAC and JWEAC achieved in more data sets better results than Strehl. We can 
also see that JWEAC and even more SWEAC obtain a greater number of cases of 
better results than Strehl. Considering the sum of all data sets, all above three ap-
proaches present also better results than Strehl.  

Doing the same type of comparison between SWEAC and JWEAC (table 19) the re-
sults by data set are almost equivalent, however considering the sum of all data sets, 
JWEAC obtained a higher number of times better results than SWEAC. If in SWEAC, 
instead of considering the best value obtained, we consider the average of all the 
values, we can see (table 20) that JWEAC also gets  a better performance than 
SWEAC. This shows that JWEAC is a robust approach to incorporate all the indices 
in the weighting of the data partitions in the co-association matrix. Table 21 shows the 
same type of comparison between the EAC, the SWEAC and the JWEAC approaches. 
Both SWEAC and JWEA C obtain in general better results than EAC. 

 
 

Table 18. Number of better, worse and equal values 
obtained comparing EAC, SWEAC and JWEAC with 

Strehl 
Better Worse Equal Better Worse Equal Better Worse Equal

Spiral 3 3 0 3 2 1 3 2 1
Log Yeast 5 1 0 5 1 0 5 1 0
Std Yeast 4 2 0 5 1 0 4 2 0
Optical 2 4 0 2 4 0 1 5 0
Cigar 4 2 0 6 0 0 5 1 0
Breastcancer 4 1 1 4 0 2 4 0 2
Iris 1 5 0 2 4 0 1 5 0
Halfrings 3 3 0 4 2 0 3 3 0
Bars 1 3 2 2 2 2 2 2 2
Rings 5 1 0 5 1 0 6 0 0

32 25 3 38 17 5 34 21 5

EAC SWEAC
Strhel

JWEAC

 
Table 19. Number of better, worse and equal values 

obtained comparing SWEAC with JWEAC 
Better Worse Equal

Spiral 71 45 172
Log Yeast 47 87 154
Std Yeast 30 105 153
Optical 49 46 193
Cigar 42 60 186
Breastcancer 63 38 187
Iris 42 35 211
Halfrings 42 60 186
Bars 23 45 220
Rings 53 75 160

462 596 1822

SWEAC
JWEAC

 
 
 

Table 20. Number of better, worse and equal val-
ues obtained comparing JWEAC with SWEAC 
(AVG) 

Better Worse Equal
Spiral 6 6 6
Log Yeast 6 8 4
Std Yeast 3 12 3
Optical 6 7 5
Cigar 6 5 7
Breastcancer 7 5 6
Iris 4 7 7
Halfrings 4 12 2
Bars 2 9 7
Rings 7 7 4

51 78 51

SWEAC (AVG)
JWEAC

 
 

Table 21. Number of better, worse and equal values 
obtained comparing SWEAC and JWEAC with EAC 

Better Worse Equal Better Worse Equal
Spiral 66 47 175 3 3 12
Log Yeast 73 76 139 4 3 11
Std Yeast 77 61 150 7 1 10
Optical 48 65 175 2 4 12
Cigar 67 38 183 4 3 11
Breastcancer 62 55 171 3 4 11
Iris 47 44 197 1 1 16
Halfrings 104 59 125 6 2 10
Bars 76 24 188 5 0 13
Rings 85 84 119 5 4 9

705 553 1622 40 25 115

SWEAC
EAC

JWEAC
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5   Conclusions 

In this paper we present a new approach (WEAC) that explores and extends the 
idea of EAC, proposing the weighting of multiple clusterings by internal and relative 
validity indices. The K-means, Clarans, SL, CL and AL algorithms are used to produce 
clustering ensembles. We employ two different ways to combine the clustering en-
sembles: using only the clusterings produced by a single algorithm with different ini-
tializations and/or parameters values; and using clusterings produced by different 
clustering algorithms with different initializations and/or parameters values. Using a 
voting mechanism, the multiple clusterings are weighted in the SWEAC version by an 
internal or relative index to be integrated in a w_co_assoc matrix; in the JWEAC ver-
sion all internal and relative indices contribute to weight each partition. The final parti-
tion is obtained by clustering the w_co_assoc matrix using the SL, CL, AL or WR 
algorithms. Experimental results with both synthetic and real data show that these 
approaches lead in general to better results than the EAC and Strehl methods. The 
evaluation of results is based on a consistency index between the combined partition 
and the ideal data partition taken as ground truth. 

These preliminary results show that the association of weighting mechanisms with 
cluster combination techniques is a promising tool, worth of further investigation. 
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Abstract. Forecasting financial time series is an important and complex prob-
lem in machine learning and statistics. This paper examines and analyzes the 
general ability of Support Vector Machine (SVM) models to correctly predict 
and trade daily EUR/GBP, EUR/JPY and EUR/USD exchange rate return direc-
tions. For this purpose, six SVM models with varying standard kernels along 
with one exotic p-Gaussian SVM are compared to investigate the separability of 
Granger-caused input data in high dimensional feature space. To ascertain their 
potential value as out-of-sample forecasting and quantitative trading tool, all 
SVM models are benchmarked against traditional forecasting techniques. We 
find that hyperbolic SVMs consistently perform well in terms of forecasting ac-
curacy and in terms of trading performance via a simulated strategy. Moreover, 
it is found that p-Gaussian SVMs perform reasonably well in predicting 
EUR/GBP and EUR/USD return directions. 

Keywords. Financial time series, foreign exchange rate, support vector ma-
chine, kernels.  
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Predicting Foreign Exchange Rate Return Directions 
with Suppor t Vector  Machines 

Abstract. Forecasting financial time series is an important and complex prob-
lem in machine learning and statistics. This paper examines and analyzes the 
general ability of Support Vector Machine (SVM) models to correctly predict 
and trade daily EUR/GBP, EUR/JPY and EUR/USD exchange rate return direc-
tions. For this purpose, six SVM models with varying standard kernels along 
with one exotic p-Gaussian SVM are compared to investigate the separability of 
Granger-caused input data in high dimensional feature space. To ascertain their 
potential value as out-of-sample forecasting and quantitative trading tool, all 
SVM models are benchmarked against traditional forecasting techniques. We 
find that hyperbolic SVMs consistently perform well in terms of forecasting ac-
curacy and in terms of trading performance via a simulated strategy. Moreover, 
it is found that p-Gaussian SVMs perform reasonably well in predicting 
EUR/GBP and EUR/USD return directions but not EUR/JPY. 

Keywords. Financial time series, foreign exchange rate, support vector ma-
chine, kernels.  

1. Introduction 

Over the past several decades, researchers have used various forecasting methods 
to study time series events. For example, the 1960s saw the development of a number 
of large macroeconometric models purporting to describe the economy using hun-
dreds of macroeconomic variables and equations. Although complicated linear mod-
els can track the data very well over the historical period, they often perform poorly 
for out-of-sample forecasting ([37]). This has often been interpreted that the explana-
tory power of exchange rate models is extremely poor. Nelson ([40]) discovered that 
univariate ARMA models with small values for p and q produce more robust results 
than the big models. Box and Jenkins ([5]) developed the autoregressive integrated 
moving average (ARIMA) methodology for forecasting time series events. The basic 
idea of ARIMA modeling approaches is the assumption of linearity among the vari-
ables. However, there are many time series events for which the assumption of linear-
ity may not hold. Clearly, ARIMA models cannot be effectively used to capture and 
explain nonlinear relationships. When ARIMA models are applied to processes that 
are nonlinear, forecasting errors often increase greatly as the forecasting horizon be-
comes longer. To improve forecasting nonlinear time series events, researchers have 
developed alternative modeling approaches. These include nonlinear regression mod-
els, the bilinear model ([17]), the threshold autoregressive model ([53]), and the auto-
regressive heteroscedastic model (ARCH) by Engle ([13]). Although these methods 
have shown improvement over linear models for some specific cases, they tend to be 
application specific, lack generality, and are often harder to implement ([58]).   
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An alternative strategy is for the computer to attempt to learn the input/output 
functionality from examples, which is generally referred to as supervised learning. 
During the last decade, the application of artificial neural networks (ANN) as super-
vised learning methods has exploded in a variety of areas. ANN is a general-purpose 
model that has been used as a universal function approximator ([22]). Researchers 
have used the ANN methodology to forecast many nonlinear time series events ([21], 
[51], [59]).  

Apart from that, ANNs have been used to develop prediction algorithms for finan-
cial asset prices, such as technical trading rules for stocks and commodities ([14], 
[31], [32], [48], [50], [55], [56]). The effectiveness of ANNs and their performance in 
comparison to traditional forecasting methods has also been a subject of many studies 
([10], [56]). ANNs have proven to be comprehensive and powerful for modeling 
nonlinear dependencies in financial markets ([46]), notably for exchange rates ([3], 
[12], [33], [39]). However, ANN models have been criticized because of their black-
box nature, excessive training times, danger of overfitting, and the large number of 
parameters required for training. As a result deciding on the appropriate network in-
volves much trial and error. These shortcomings paired with the logic that complex 
real-world problems require more sophisticated solutions than a single network led to 
idea of combining ANNs with other technologies to hybrid and modular solutions 
([1]). For a survey of the application of ANN to forecasting problems in general see 
[57] and [58].  

Support Vector Machines ([4], [54]) are a new kind of supervised learning system 
that map the input dataset via kernel into a high dimensional feature space in order to 
enable non-linear data classification and regression. SVM has proven to be a princi-
pled and very powerful method that in the few years since its introduction has already 
outperformed many other systems in a variety of applications, such as text categorisa-
tion ([26]), image processing ([43], [44]), hand-written digit recognition ([34]) and 
bioinformatic problems, for example protein homology detection ([25]) and gene ex-
pression ([7]). Subsequent applications in time series prediction ([38]) further indi-
cated the potential that SVMs have with respect to the economic and financial audi-
ence. In the special case of predicting Australian foreign exchange rates, [28] showed 
that moving average-trained SVMs have advantages over an ANN based model which 
was shown to have advantages over ARIMA models ([27]). Kamruzzaman and Sarker 
[29] had a closer look at SVM regression and investigated how they perform with 
different standard kernel functions. It was found that Gaussian radial basis and 
polynomial kernels appeared to be a better choice in forecasting the Australian forex 
market than linear or spline kernels. However, although Gaussian kernels are 
adequate measures of similarity when the representation dimension of the space 
remains small, they fail to reach their goal in high dimensional spaces ([15]).  

The task in this paper is twofold. We examine the general ability of SVMs to cor-
rectly classify daily EUR exchange rate returns. Indeed, it is more useful for traders 
and risk managers to forecast exchange rate fluctuations rather than their levels. To 
predict that the level of the EUR/USD, for instance, is close to the level today is triv-
ial. On the contrary, to determine if the market will rise or fall is much more complex 
and interesting. Since SVM performance depends to the most extent on choosing the 
right kernel, we empirically verify the use of customized p-Gaussians by comparing 
them with a range of standard kernels.  
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The remainder is organized as follows: in the next section, we conduct statistical 
analyses of EUR/GBP, EUR/JPY and EUR/USD time series. Section 3 outlines the 
procedure for obtaining an explanatory input dataset. In section 4, we formulate the 
SVM as applied to exchange rate forecasting and present the kernels used. Section 5 
describes the benchmarks and metrics used for model evaluation. Section 6 gives the 
results. 

2. Exchange Rate Statistics 

The purpose of this section is to examine the statistical properties of daily 
EUR/GBP, EUR/JPY and EUR/USD exchange rate data from 1 January 1997 to 31 
August 2003. This is done for mainly two reasons. First, time series analysis gives an 
understanding on the degree of randomness inhibited in the chosen time interval. 
Non-randomness is an important indicator for the generation of meaningful forecasts 
and exists, if a time series does not consist of independent and identically distributed 
(i.i.d.) values. Second, statistical analysis provides a foundation for traditional 
ARIMA model building in order to identify benchmark models for the SVM method-
ology taken. 

The investigation is based on London daily closing prices. The series for the period 
from 1997 to 1998 were constructed by using the fixed EUR/DEM conversion rate 
agreed in 1998, combined with the GBP/DEM, JPY/DEM and USD/DEM daily mar-
ket rates. Note that we do not include year 2004 in our analysis since it will be needed 
for out-of-sample forecasting and is not known beforehand. 

The results of the statistical inference procedure taken are depicted in Table 1. As a 
first step we ensured that the time series data we work with are stationary. Stationarity 
is a necessary property to apply for statistical standard concepts such as volatility and 
correlation. Informally, a series is said to be (weakly or covariance) stationary, if nei-
ther the mean nor the autocovariances depend on time ([20], p.45). The test results on 
the null of nonstationarity (ADF and PP) and stationarity (KPSS) are basically consis-
tent. For level data we can assume nonstationarity despite the contradictory ADF re-
sult for the EUR/GBP series. Based on this finding, all series were transformed into 
stationary ones with regards to [5]. First differences of the price data were taken and 
the same tests as above were conducted subsequently. The test statistics suggest that 
now all three exchange rate series are strongly difference-stationary, i.e. integrated of 
order one (I(1)). 

The Jarque-Bera test indicates that the hypothesis of normally distributed returns 
has to be rejected at a high level within our chosen time interval. The reason can be 
found in the excess kurtosis as compared to the normal distribution. Among the three 
series, EUR/JPY exhibits the most leptokurtic behaviour whereas EUR/USD shows 
weaker signs of fat tails.  

A major objective when analysing stationary time series is to detect linear depend-
encies among the data through identifying an appropriate linear model. Univariate 
time series models can only be explained by their own lagged values, i.e. by autore-
gressive (AR) terms as explanatory variables in their representation. Furthermore, if 
the underlying process is stochastic and stationary, the errors can be linear combina-
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tions of white noise at different lags, so the moving average (MA) part of the model 
refers to the structure of the error term. The most general model for a stationary proc-
ess is an integrated autoregressive moving average model ARIMA(p,q,r) with p auto-
regressive terms, q moving average terms and integration order r, with r=1 in our 
case. ARIMA(p,q,1) models are also referred to as ARMA(p,q) models.  Estimating p 
and q is commonly done by visual inspection of the autocorrelation function (ACF) 
and partial autocorrelation function (PACF) for MA models and low-order AR mod-
els ([20]). ACF and PACF functions characterize the pattern of temporal, linear de-
pendence that is existent in the series. Since independent variables are always uncor-
related, testing for zero autocorrelation is equivalent to testing for linear 
independency. We calculate Ljung-Box (LB) Q-statistics ([36]) for the null hypothe-
sis of linear independency among variables with up to 24 lags. We found that for all 
three series linear dependencies are not neglectable within reasonable bounds. To re-
move them, we specified linear models according to the following procedure: in order 
to account for stable regression coefficients that are significantly different from zero, 
tests on omitted and redundant variables were implemented. Once the possibly best 
model was found, its residuals were retested according to LB and the Breusch-
Godfrey LM test, alternatively. We find that simple MA and ARMA models with low 
degrees of freedom provide the best results while preserving generalization ability for 
forecasting. Model selection is further confirmed by the Schwarz information crite-
rion which imposes a larger penalty for additional AR(p) or MA(q) coefficients than 
the Akaike criterion ([19]). 

Both, the LB Q-statistics and the Breusch-Godfrey LM statistics of the regression 
residuals indicate that serial dependencies have now disappeared at any lag. However, 
although linear independency can be inferred, non-linear dependencies might still ex-
ist. 

We investigate the origin of non-normal behavior by focusing on the phenomenon 
of heteroskedastic processes. Heteroskedasticity is motivated by the observation that 
in many financial time series the magnitude of residuals appeared to be related to the 
magnitude of recent residuals ([13]). In order to detect these second-moment depend-
encies (conditional variances), we first calculated the autocorrelations and partial 
autocorrelations of the squared residuals and computed the LB Q-statistics for the cor-
responding lags. If squared residuals do not exhibit autoregressive conditional het-
eroskedasticity (ARCH), autocorrelations and partial autocorrelations should be zero 
at all lags and the Q-statistics should not be significant. The opposite holds at very 
high significance levels for EUR/GBP and EUR/JPY. The ARCH-LM testing result 
displayed in Table 1 confirms that ARMA residuals for EUR/GBP and EUR/JPY ex-
hibit considerable amounts of heteroskedasticity: the null hypothesis of zero het-
eroskedasticity is clearly rejected for all selected lags at the 1% level. The result for 
EUR/USD is less clear: according to both, Q-statistics and ARCH-LM testing results, 
the hypothesis of a constant variance can only be rejected at higher lags and with 
slightly lower confidence. This brings us to an important result, which has also been 
reported in literature ([11], [49]): ARCH processes are leptokurtic, or “ fat-tailed” , 
relative to the normal. The weaker test statistics for EUR/USD can be justified by a 
kurtosis that is not considerably higher than 3 and a skewness that is close to zero.  

Lee, White and Granger ([35]) examine the performance of a range of tests on non-
linearity across a variety of data generating processes. They find that no single test 
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dominates all the others. In the light of this finding, it is advisable to use more than 
one test. The tests for non-linearity that we apply are Ramsey’s RESET-Test ([45]) 
and the BDS-Test ([6]), which has proven to be a particular successful instrument 
([23], [24]). The Ramsey RESET-Test checks the null of a correctly specified linear 
model by adding a certain number n of higher order fitted terms. If the coefficients of 
these terms are significantly different from zero, it can be inferred that the linear 
model is not good enough due to existing additive nonlinearities. The BDS test for the 
null of an i.i.d. is suitable for proving the existence of nonlinearities in mean and 
nonlinearities in variance. This means that both the existence of additive and multipli-
cative nonlinearities in time series can be shown. The test statistic is asymptotically 
normally distributed, it was calculated by using the AR(1) and GARCH(1,1) residu-
als. For both tests, the results are corresponding. Whereas for EUR/GBP and 
EUR/JPY the null is rejected at noticeably high confidence levels, it cannot be re-
jected for EUR/USD. Note that up to this stage, the question whether non explainable 
nonlinearities have to be attributed to more refined nonlinear stochastic models or to 
chaotic ones remains open. For the EUR/USD series only few                                                                                                                                                                                                                                
nonlinearities have been detected, indicating that linear model residuals are suppos-
edly random. Still, it remains to be seen how well SVM models will be able to exploit 
nonlinearities and compare to linear benchmark models. 

3. Data Selection 

The procedure of obtaining an exploratory dataset can be divided into two phases 
([42]): specifying and collecting a large amount of data at first, and then reducing the 
dimensionality of the dataset by selecting a subset of that data for efficient training 
(feature extraction). Since there is a trade-off between accuracy as represented by the 
entire dataset and the computational overheads of retaining all parameters without ap-
plication of feature extraction/selection techniques, the data selection procedure is 
also referred to as the “curse of dimensionality”  which was first noted by [2]. The 
merit of feature extraction is to avoid multicollinearity, a problem that is common to 
all sorts of regression models. If multicollinearity exists, explanatory variables have a 
high degree of correlation between themselves meaning that only a few important 
sources of information in the data are common to many variables. In this case it may 
not be possible to determine their individual effects.  

3.1 Phase One 

The obvious place to start selecting data, along with the EUR/GBP, EUR/JPY and 
EUR/USD is with the other leading traded exchange rates. In addition, we selected re-
lated financial market data, including stock market price indices, 3-month interest 
rates, 10-year government bond yields and spreads, the price of Brent Crude oil, and 
the prices of silver, gold and platinum. Due to the bullish commodity markets we also 
decided to include daily prices of assorted metals being traded on the London Metal 
Exchange, as well as agricultural commodities. Macroeconomic variables hardly play 
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a role in daily FX movements and were disregarded. All data were obtained from 
Bloomberg.  

All the series span a seven-year time period from 1 January 1997 to 31 December 
2004, totaling 2349 trading days. The data is divided into two periods: the first period 
runs from 1 January 1997 to 31 August 2003 (1738 observations), is used for model 
estimation and is classified in-sample. The second period, from 1 September 2003 to 
31 December 2004 (350 observations), is reserved for out-of-sample forecasting and 
evaluation. Missing observations on bank holidays were filled by linear interpolation. 

3.2 Phase Two 

Having collected an extensive list of candidate variables, the explanatory viability 
of each variable has been evaluated. The aim was to remove those input variables that 
do not contribute significantly to model performance. For this purpose, we took a 
two-step procedure.  

First, pair-wise Granger Causality tests ([16]) with lagged values until k=20 were 
performed on stationary I(1) candidate variables. The Granger approach to the ques-
tion of whether an independent variable x causes a dependent variable y is to see how 
much of the current y can be explained by past values of y and then to see whether 
adding lagged values of x can improve the explanation. Y is said to be Granger-
caused by x if x helps in the prediction of y, or equivalently if the coefficients on the 
lagged x’s are statistically significant. The major advantage of the Granger causality 
principle is that it is able to distinguish causation from correlation. Hence the known 
problem of spurious correlations can be avoided ([18]). We find that EUR/GBP is 
Granger-caused by 11 variables, namely 

� EUR/USD, JPY/USD and EUR/CHF exchange rates, 
� IBEX, MIB30, CAC and DJST stock market indices, 
� the prices of platinum and nickel as well as 
� 10-year Australian and Japanese government bond yields. 

Further, we identify 10 variables that significantly Granger-cause EUR/JPY, namely 

� EUR/CHF exchange rate 
� IBEX stock market index 
� the price of silver 
� Australian 3-month interest rate 
� Australian, German, Japanese, Swiss and US government bond yields along with 
� UK bond spreads. 

For EUR/USD, Granger causality tests yield 7 significant explanatory variables: 

� AUD/USD exchange rate, 
� SPX stock market index and 
� the prices of copper, tin zinc, coffee and cocoa. 

Second, we carried out linear principal component analysis (PCA) on Granger 
caused explanatory datasets in order to check for computational overheads. PCA is 
generally considered as a very efficient method for dealing with the problem of multi-
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collinearity. It allows for reducing the dimensionality of the underlying dataset by ex-
cluding highly intercorrelated explanatory variables. This results in a meaningful in-
put for the learning machine. Per cumulative R², which we required to be not lower 
than 0.99, significant multicollinearity could not be detected for any dependent vari-
able. Consequently, the datasets were not reduced any further and all variables were 
kept. 

4. SVM Classification Model and Kernels 

4.1 SVM Classification Model 

One of the major reasons for the rise to prominence of the SVM ([4], [54]) is its 
ability to cast nonlinear classification as a convex optimization problem. The basic 
idea is to project the input data via kernel into a more expressive, high dimensional 
feature space where the SVM algorithm finds the decision plane that has maximum 
distance from the nearest training patterns. Applying the so-called “kernel trick”  
([47]) guarantees that linear classification in feature space is equal to nonlinear classi-
fication in input space.  

In this paper, we focus on the task of predicting a rise (labeled “+1”) or fall (la-
beled “-1” ) of daily EUR/GBP, EUR/JPY and EUR/USD exchange rate returns. To 
predict that the level of the EUR/USD, for instance, is close to the level today is triv-
ial. On the contrary, to determine if the market will rise or fall is much more complex 
and interesting for a currency trader. We apply the C-Support Vector Classification 
(C-SVC) algorithm as described in ([9], [54]) and implemented in R packages 
“e1071”  ([8]) and “kernlab”  ([30]): 

Given training vectors n
i Rx ∈ , li ,...,1= , in two classes, and a vector lRy∈ such that 

{ }1,1−+∈iy , C-SVC solves the following problem: 
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where e is the vector of all ones, C is the upper bound, Q is an lxl positive semidefi-
nite matrix, ( )jijiij xxKyyQ ,≡ , and ( ) ( ) ( )j

T
iji xxxxK φφ≡,  is the kernel, which maps train-
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ing vectors ix  into a higher dimensional, inner product feature space by the func-

tionφ . The decision function is 

( ) .,sign)(
1

�
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�
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l

i iji bxxKyyxf  
(3) 

Training a SVM requires the solution of a very large quadratic programming opti-
mization problem (QP) which is solved by using the Sequential Minimization Optimi-
zation (SMO) algorithm ([41]). SMO decomposes a large QP into a series of smallest 
possible QP problems which can be solved analytically. Hence time consuming nu-
merical QP optimization as an inner loop can be avoided.  

4.2 Kernel Functions 

Ever, since the introduction of the SVM algorithm, the question of choosing the 
kernel has been considered as crucial. This is largely due to the effect that the per-
formance highly depends on data preprocessing and much less on the linear classifica-
tion algorithm to be used. However, how to efficiently find out which kernel is opti-
mal for a given learning task is still a rather unexplored problem. Under this 
circumstance, the best we can do is to compare a range of kernels with regards to their 
effect on SVM performance. Standard kernels chosen in this paper include the follow-
ing: 

� Linear: ( ) xxxxk ′=′ ,,  

� Polynomial: ( ) ( )degree
offset,, +′⋅=′ xxscalexxk  

� Laplace: ( ) ( )xxxxk ′−−=′ σexp,  

� Gaussian radial basis: ( ) �
�
�

�
�
� ′−−=′ 2

exp, xxxxk σ  

� Hyperbolic: ( ) ( )offset,tanh, +′⋅=′ xxscalexxk  
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In addition, we verify the use of customized p-Gaussian ker-
nels ( ) ( )( )pp

iji xxdxxK σ/,exp, −= , where p and σ  are two parameters and 
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i
ii xxxxd  defines the Euclidean distance between data points. Com-

pared to the widely used RBF kernels, p-Gaussians include a supplementary degree of 
freedom in order to better adapt to the distribution of data in high-dimensional spaces 
([15]). The two parameters p and σ  depend on the specific input set for each ex-
change rate return time series. More specifically, we calculate p and σ  as proposed in 
[15]: 
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In the case of EUR/USD, for instance, we are considering 1737 8-dimensional ob-
jects. Hence we calculate 1737x1737 distances and compute the 5% ( Nd ) and 95% 

( Fd ) percentiles in that distribution.  
In order to avoid the known problem of overfitting, we determine robust estimates 

for C and scale ( σ ) for every kernel through 20-fold cross validation. 

5. Benchmarks and Evaluation Method 

Letting ty  represent the exchange rate at time t, we forecast the variable  

( ) ( )ttht yysignysign −=∆ ++ 1  (5) 

where 1=h  for a one-period forecast with daily data. 

5.1 Naïve Model 

The naive strategy assumes that the most recent period change is the best predictor of 
the future. The simplest model is defined by ( ) ( )tt ysignysign =+1ˆ  where ty∆  is the actual 

rate of return at period t and 1+∆ ty  is the predicted rate of return for the next period. 

5.2 ARMA(p,q) Model 

An autoregressive moving average model with p autoregressive terms and q mov-
ing average terms ARMA(p, q) is a univariate time series model. Such a model can 
only be explained by its own lagged values, i.e. with autoregressive (AR) terms as ex-
planatory variables in its representation. If the process is stochastic and stationary the 
errors can be linear combinations of white noise at different lags, so the moving aver-
age (MA) part of the model refers to the structure of the error term. ARMA(p, q) 
models are the most general family of models for representing stationary processes 
and are given by 

, ... 112211 qtqttptpttt yyycy −−−−− +++++++= εβεβεααα  (6) 

where tε ~ i.i.d. (0, 2σ ). For our analyses we use the model estimates from Section 2 

as represented in Table 2, that is  

� 3311 −− +++= ttttt cy εβεβε  for the EUR/GBP series,  

� 11 −++= tttt cy εβε  for the EUR/JPY series, and 
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� 1111 −− +++= tttt ycy εβεα for the EUR/USD series. 

MA(q) models are only useful for predictions up to q steps ahead. Since ...,, 21 ++ tt εε  

are unknown they are set to zero and the s-step-ahead predictions for qs≤  are given 
by 

� 22
ˆˆˆˆ −++ ++= tstsst cy εβεβ  for the EUR/GBP series, and 

� tsst cy εβ̂ˆˆ +=+  for the EUR/JPY series. 

For the EUR/USD-ARMA(1,1) model the s-step-ahead prediction is 

� tssTst cycy εβα ˆ)ˆˆ(ˆˆˆ 11 +−=− −++  

for qs ≤ . For qs > only the AR part determines the forecasts. 

5.3 Evaluation 

The evaluation procedure in this paper is twofold. Out-of-sample forecasts are 
evaluated both statistically via confusion matrices and practically via trading simula-
tions. Generally, a predictive test is a single evaluation of the model performance 
based on comparison of actual data with the values predicted by the model. For this 
purpose, confusion matrices are used to illustrate the amount of correctly specified 
and misspecified forecasts in classification tasks. Since we are equally insterested in 
predicting ups and downs, the accuracy rate defined as the sum of true positives and 
true negatives divided by the total amount of observations is the right statistical per-
formance measure to apply.  

 In addition, practical or operational evaluation methods focus on the context in 
which the prediction is used by imposing a metric on prediction results. More gener-
ally, when predictions are used for trading or hedging purposes, the performance of a 
trading or hedging metric provides a measure of the model’s success. We set up a 
trading simulation where, first of all, return predictions tŷ  were translated into posi-

tions. Next a decision framework tI  was established that tells us when the underlying 

asset is bought or sold depending on the level of the price forecast. We define a single 
threshold τ , which in our model is set to τ  = 0 and use the following mechanism: 
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(7) 

For measuring prediction performance on the operational level, a profit and loss 
(P&L) metric is chosen. The gain or loss tπ  on the position at time t is 

)( 11 −− −= tttt yyIπ . As depicted in Table 3, nine P&L related performance measures 

were defined: cumulated P&L, Sharpe ratio as the quotient of annulised P&L and an-
nualised volatility, maximum daily profit, maximum daily loss, maximum drawdown, 
Value-at-Risk with 95% confidence, average gain/loss ratio and trader’s advantage. 
Accounting for transaction costs (TC) is important in order to assess trading perform-
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ance in a realistic way. Between market-makers an average cost of 3 pips (0.0003) per 
trade for a tradable amount of typically 10 to 20 million EUR is considered as a rea-
sonable guess and thus incorporated in net cumulated profit. 

6. Results and Discussion 

In order to compare forecasts for the same series across different models, accuracy 
rates for the out-of-sample period are depicted by bar charts as shown in Figures 1 to 
3 below. Note that foreign exchange markets are highly liquid and thus considered as 
very efficient. Consequently, if SVM accuracy rates outperform those of naïve or ran-
dom strategies, the SVM technique can be generally justified to predict exchange rate 
return directions. In addition, Tables 4 through 6 give the results of the trading simu-
lation. Dominant strategies are represented by the maximum value(s) in each row and 
are written in bold. The following conclusions can be drawn: 

� In the case of statistical evaluation, both the naïve and the linear model are beaten 
by SVM with a suitable kernel choice. Statistically, the SVM approach is therefore 
justified.  

� We find that hyperbolic SVMs deliver superior performance for out-of-sample 
prediction across all three currency pairs. In the case of EUR/GBP, the Laplace 
SVM performs equally well as the hyperbolic SVM. Other models are outper-
formed by the hyperbolic kernel SVM more clearly in the cases of EUR/JPY and 
EUR/USD. This observation makes hyperbolic kernels promising candidates to 
map all sorts of financial market return data into high dimensional feature spaces. 

� Operational evaluation results confirm statistical ones in the case of EUR/GBP. 
Both the hyperbolic and the Laplace SVM give best results along with the RBF 
SVM. For EUR/JPY and EUR/USD the results differ. The statistical superiority of 
hyperbolic SVMs cannot be confirmed on an operational level which is contradic-
tory to the EUR/JPY and EUR/USD operational results at first glance. The reason 
for this phenomenon stems from the fact that operational evaluation techniques do 
not only measure the number of correctly predicted exchange rate ups and downs. 
They also include the magnitude of returns. Consequently, if local extremes can be 
exploited, forecasting methods with less statistical performance may yield higher 
profits than methods with greater statistical performance. Thus, in the case of 
EUR/USD, the trader would have been better off by applying a p-Gaussian SVM in 
order to maximize profit. In regards to EUR/JPY, we find that no single model is 
able to outperform the naïve strategy. The hyperbolic SVM, however, still domi-
nates two performance measures. 

� P-Gaussian SVMs perform reasonably well in predicting EUR/GBP and EUR/USD 
return directions but not EUR/JPY. For the EUR/GBP and EUR/USD currency 
pairs, p-Gaussian data representations in high dimensional space lead to better gen-
eralization than Gaussians due to an additional degree of freedom p. 

� Future research direction will focus on further improvements of SVM models, for 
instance, examination of other sophisticated kernels, proper adjustment of kernel 
parameters and the development of data mining and optimization techniques for se-
lecting the appropriate kernel. In light of this research, it would also be  interesting 
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to see if the dominance of hyperbolic SVMs can be confirmed in further empirical 
investigations on financial market return prediction.  
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Table 1. Statistical Testing Procedure 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

EURGBP EURJPY EURUSD
Stationarity Nonstationarity Dickey-Fuller Test 

(ADF)
    , -2.71**, -44.07*** -1.72, -39.58*** -2.27, -44.84***

Philipps-Perron 
Test (PP)

    , -2.61*, -44.18*** -1.73, -39.53*** -2.30, -44.75***

Stationarity Kwiatkowski-
Philipps-Schmidt-
Shin Test (KPSS)

    , 1.63***, 0.31 1.99***, 0.23 2.25***, 0.49**

Normal Distribution Normal Distribution Jarque-Bera Test 
(JB)

79.13*** 53.36*** 110.53***

Autocorrelation No Autocorrelation Ljung-Box (LB)       , ARMA-Residuals of k=1: 5.58**, 0.00
k=2: 5.58*, 0.03
k=3: 11.23**, 0.03
k=4: 11.31**, 0.11
k=5: 11.32**, 0.11
k=6: 11.33*, 0.12
k=7: 11.33, 0.12
k=8: 13.22, 2.18
k=9: 13.78, 2.71
k=10: 14.26, 3.09
k=15: 17.24, 5.34
k=20: 23.10, 10.83
k=24: 33.03, 19.53

k=1: 4.47**, 0.00
k=2: 4.78*, 0.27
k=3: 5.39, 0.76
k=4: 6.37, 1.75
k=5: 6.81, 2.36
k=6: 8.30, 3.96
k=7: 8.31, 3.97
k=8: 10.85, 6.46
k=9: 10.89, 6.49
k=10: 12.37, 7.79
k=15: 17.23, 12.26
k=20: 22.95, 18.43
k=24: 23.62, 18.97

k=1: 9.60***, 0.03
k=2: 12.18***, 0.07 
k=3: 13.41***, 0.07
k=4: 14.67***, 0.34
k=5: 14.68**, 0.54
k=6: 14.75**, 0.55
k=7: 15.65**, 1.66
k=8: 16.80**, 2.99
k=9: 16.83*, 3.06
k=10: 18.29*, 4.44
k=15: 21.26, 7.55
k=20: 24.93, 11.78
k=24: 27.44, 14.51

Breusch-Godfrey 
Serial Correlation 
Lagrange-Multiplier 
Test (F)

ARMA-Residuals of 0.0392 0.2119 0.1685

Durbin-Watson 
Test (DW)

      , ARMA-Residuals of 1.9915, 1.9965 1.9980, 2.0008 1.9905, 2.0037

Ljung-Box (LB) (ARMA-Residuals)² of k=1: 21.82
k=2: 27.81
k=3: 55.01***
k=4: 58.05***
k=5: 75.90***
k=6: 86.44***
k=7: 104.63***
k=8: 107.02***
k=9: 111.53***
k=10: 119.70***
k=15: 140.35***
k=20: 164.70***
k=24: 180.57***

k=1: 103.59
k=2: 125.07***
k=3: 125.60***
k=4: 142.69***
k=5: 157.72***
k=6: 171.01***
k=7: 173.01***
k=8: 183.71***
k=9: 191.36***
k=10: 192.58***
k=15: 215.38***
k=20: 328.67***
k=24: 342.69***

k=1: 0.08
k=2: 0.27
k=3: 1.45
k=4: 1.63
k=5: 9.24**
k=6: 13.25**
k=7: 13.99**
k=8: 14.57**
k=9: 19.23***
k=10: 20.97***
k=15: 29.75***
k=20: 35.85***
k=24: 42.04***

ARCH LM Test (F) ARMA-Residuals of k=1: 22.06***
k=4: 12.48***
k=8: 9.85***
k=12: 7.26***

k=1: 109.77***
k=4: 33.65***
k=8: 18.70***
k=12: 13,04***

k=1: 0.0768
k=4: 0.3950
k=8: 1.7377*
k=12: 1.6951*

Nonlinearity Linearity Ramsey-RESET-
Test (F)

ARMA-Residuals of n=1: 3.73*
n=2: 6.30***
n=3: 4.23***
n=4: 3.60***

n=1: 3.49*
n=2: 8.93***
n=3: 5.95***
n=4: 4.69***

n=1: 0.3910
n=2: 0.8979
n=3: 0.3283
n=4: 2.3085*

Brock-Dechert-
Scheinkmann Test 
(BDS)

ARMA-Residuals of        m=2: 0.0107***
m=3: 0.0186***
m=4: 0.0251***
m=5: 0.0287***

m=2: 0.0088***
m=3: 0.0195***
m=4: 0.0262***
m=5: 0.0298***

m=2: -0.0005
m=3: 0.0008
m=4: 0.0021
m=5: 0.0031

GARCH(1,1)-Residuals of m=2: 0.0109***
m=3: 0.0188***
m=4: 0.0254***
m=5: 0.0289***

m=2: 0.0086***
m=3: 0.0192***
m=4: 0.0259***
m=5: 0.0294***

m=2: -0.0005
m=3: 0.0008
m=4: 0.0021
m=5: 0.0032

*, **, *** indicate signficance at the 10%-, 5%-, 1% significance level
k:= number of lags
n:= number of fitted terms included in test regression
m:= number of correlation dimension for which test statistic is calculated

Test Statistic Output

Heteroskedasticity No 
Heteroskedasticity

Criterion Null-Hypothesis Testing Procedure Time Series Input

ty ty∆

ty ty∆

ty∆

ty∆ ty∆

ty∆

ty∆

ty ty∆

ty∆

ty∆

ty∆

ty∆

ty∆

ty∆
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Table 2.  ARMA model estimates 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: LN(EURGBP,1)
Method: Least Squares
Sample: 1/02/1997 9/01/2003
Included observations: 1738
Convergence achieved after 4 iterations
Newey-West HAC Standard Errors & Covariance (lag truncation=7)
Backcast: 12/30/1996 1/01/1997

Variable Coefficient Std. Error t-Statistic Prob.  

C -3.58E-05 0.000116 -0.307893 0.7582
MA(1) -0.053492 0.025867 -2.068005 0.0388
MA(3) -0.055915 0.02709 -2.064017 0.0392

R-squared 0.005966     Mean dependent var -3.53E-05
Adjusted R-squared 0.00482     S.D. dependent var 0.005447
S.E. of regression 0.005434     Akaike info criterion -7.590528
Sum squared resid 0.051233     Schwarz criterion -7.581103
Log likelihood 6599.169     F-statistic 5.20668
Durbin-Watson stat 1.998712     Prob(F-statistic) 0.005566
Dependent Variable: LN(EURJPY,1)
Method: Least Squares
Sample: 1/02/1997 9/01/2003
Included observations: 1738
Convergence achieved after 4 iterations
Backcast: 1/01/1997

Variable Coefficient Std. Error t-Statistic Prob.  

C -7.84E-05 0.000205 -0.382154 0.7024
MA(1) 0.02883 0.023994 1.201542 0.2297

R-squared 0.000827     Mean dependent var -7.85E-05
Adjusted R-squared 0.000252     S.D. dependent var 0.008313
S.E. of regression 0.008312     Akaike info criterion -6.741048
Sum squared resid 0.119943     Schwarz criterion -6.734764
Log likelihood 5859.97     F-statistic 1.437179
Durbin-Watson stat 1.999829     Prob(F-statistic) 0.23076
Dependent Variable: LN(EURUSD,1)
Method: Least Squares
Sample(adjusted): 1/03/1997 9/01/2003
Included observations: 1737 after adjusting endpoints
Convergence achieved after 11 iterations
Newey-West HAC Standard Errors & Covariance (lag truncation=7)
Backcast: 1/02/1997

Variable Coefficient Std. Error t-Statistic Prob.  

C -8.32E-05 0.000149 -0.558307 0.5767
AR(1) -0.583958 0.214689 -2.720017 0.0066
MA(1) 0.519186 0.22621 2.295155 0.0218

R-squared 0.006446     Mean dependent var -8.32E-05
Adjusted R-squared 0.0053     S.D. dependent var 0.006439
S.E. of regression 0.006422     Akaike info criterion -7.256372
Sum squared resid 0.071519     Schwarz criterion -7.246942
Log likelihood 6305.159     F-statistic 5.624804
Durbin-Watson stat 2.001353     Prob(F-statistic) 0.003673
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Table 3. Operational performance measures 
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Fig. 1. Classification performance EUR/GBP 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2. Classification performance EUR/JPY 
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Fig. 3. Classification performance EUR/USD 

Table 4. Operational performance EUR/GBP 

 
 
 
 
 
 

Table 5. Operational performance EUR/JPY 

 
 
 
 
 
 

Table 6. Operational performance EUR/USD 

 

Cumulative P&L -0.00750 -0.00953 -0.09360 -0.09360 -0.03896 0.10360 0.01546 -0.04114 0.05958
Sharpe ratio -0.07966 -0.10112 -0.99367 -0.99367 -0.41354 1.09938 0.16407 -0.43671 0.63235
Maximum daily profit 0.01492 0.01492 0.01684 0.01684 0.01684 0.01492 0.01684 0.01385 0.01232
Maximum daily loss -0.01684 -0.01684 -0.01492 -0.01492 -0.01385 -0.01684 -0.01385 -0.01684 -0.01684
Maximum drawdown -0.03811 -0.03811 -0.03619 -0.03619 -0.03496 -0.03811 -0.03512 -0.03564 -0.03811
VaR (alpha = 0.05) -0.00695 -0.00734 -0.00752 -0.00752 -0.00728 -0.00698 -0.00691 -0.00744 -0.00694
Net Cumulative P&L -0.06120 -0.01013 -0.12750 -0.12750 -0.09026 0.05590 -0.01964 -0.09214 0.01428
Avg gain/loss ratio 1.05178 0.85038 0.80370 0.80370 0.91714 1.03981 0.89932 0.88235 1.01891
Trader's Advantage 0.00000 1.00000 0.53003 0.53003 0.48716 0.48144 0.58986 0.39350 0.43507

EUR/GBP Naive MA(1,3) Linear Polynomial RBF Hyperbolic Laplace Bessel p-Gaussian

Cumulative P&L 0.05441 -0.11333 -0.09477 -0.09477 -0.21907 -0.13867 -0.28671 -0.31145 -0.24980
Sharpe ratio 0.38680 -0.80435 -0.67432 -0.67432 -1.55679 -0.98622 -2.03603 -2.21115 -1.77460
Maximum daily profit 0.02187 0.02187 0.02068 0.02068 0.02068 0.02174 0.02068 0.02068 0.02050
Maximum daily loss -0.02050 -0.02174 -0.02187 -0.02187 -0.02187 -0.02187 -0.02187 -0.02187 -0.02187
Maximum drawdown -0.08535 -0.08659 -0.06479 -0.06479 -0.08672 -0.06197 -0.08672 -0.06479 -0.08672
VaR (alpha = 0.05) -0.01003 -0.01144 -0.01092 -0.01092 -0.01111 -0.01081 -0.01127 -0.01145 -0.01130
Net cumulative P&L 0.00281 -0.11363 -0.15267 -0.15267 -0.27607 -0.19837 -0.34461 -0.36185 -0.30260
Avg gain/loss ratio 1.04111 0.92829 0.89996 0.89996 0.88278 0.86458 0.83323 0.83752 0.82177
Trader's advantage 0.00000 0.00000 0.43005 0.43005 0.43247 0.43647 0.41154 0.40350 0.40139

EUR/JPY Naive MA(1) Linear Polynomial RBF Hyperbolic Laplace Bessel p-Gaussian

Cumulative P&L -0.18070 -0.22255 -0.13259 -0.13259 -0.00927 0.04797 -0.10055 -0.16166 0.10182
Sharpe ratio -1.23452 -1.52256 -0.90434 -0.90434 -0.06296 0.32520 -0.68505 -1.10372 0.68905
Maximum daily profit 0.01962 0.01962 0.01667 0.01667 0.01962 0.01962 0.01889 0.01869 0.01889
Maximum daily loss -0.01889 -0.01889 -0.01962 -0.01962 -0.01869 -0.01889 -0.01962 -0.01962 -0.01962
Maximum drawdown -0.04172 -0.04112 -0.04484 -0.04484 -0.04391 -0.04410 -0.04484 -0.04484 -0.04484
VaR (alpha = 0.05) -0.01247 -0.01179 -0.01260 -0.01260 -0.01176 -0.01085 -0.01183 -0.01165 -0.01116
Net cumulative P&L -0.23680 -0.22345 -0.17429 -0.17429 -0.05967 -0.00003 -0.14525 -0.21056 0.05112
Avg gain/loss ratio 0.94708 0.93486 0.88117 0.88117 1.03619 0.96269 0.94573 0.94569 1.10874
Trader's advantage 0.00000 0.31863 0.62531 0.62531 0.56826 0.55311 0.58379 0.42194 0.49915

Polynomial RBF Hyperbolic LaplaceEUR/USD Naive ARMA(1,1) Linear Bessel p-Gaussian
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