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Abstract 

Incremental Document Classification in a b w l e d g e  Management Environment 

Shu. Zhou 

Master of Science 

Department of Computer Science 

University of Toronto 

May 200 1 

This thesis studies document classification problem in a knowtedge management 

environment. Most of the pubtished studies of document classification focus on batch 

ciassifiers. Although these classifiers cm have high performance, they requise a batch 

training with a large number of sample documents. Such a nquirement is usually 

unreaiistic in a knowledge management environment. Moreover, these classifiers 

cannot improve performance or adjust themselves after the initial batch training, 

leading to low performance in a changing environment. The thesis proposes 

incrementai classifiers as a solution. The batch naive Bayes (NB) and k-nearest- 

neighbors (IcNN) classifier are adapted into incrementai classifiers. Adapting 

published implementations for the batch NB and IcPW classifiers, a series of 

experiments are designed to find an efficient implementaaon for the incremental 

versions. 
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Chapter 1: Introduction 

1 .l. Background 

The information revolution bas led to a pressing need to support efficient information 

retrievai, management, and andysis for howledge workers. For example, in a large 

corporation, sbategic business analysts hep track of trends chat are relwant to their 

organization and iîs strategic objectives, They monitor news stories and other reports 

as they becorne available, lwking for evidence that these objectives remah on mk, 

or have encountered obstacles. To accomplish their task, analysts have to search, 

dowuloiid, and organize a large amomt of information manuaiiy although there has 

k e n  a sigaificant improvement on network connectivity and computing platfomis. 

Moreover, anaiysts do not have twls for sharing their knowledge and collaborathg 

their daily work, leading to inconsistcncy and redundant work. 

In order to solve these problems, a number of technologies have been studied, such as 

data r e t r i d  and anaiysis for structured data, semi-stnictured &ta, and UllStNctured 

data These technologies are bundied into a solution h u g h  an integration 

architecture often called an enterprise infomiation portai (HP) [Sûiiakes98]. Typicaiiy, 

EiPs offer fàcilitits for searc4 retriwal, analysis and organization of stmcnired daia 

aud documents, dong with fanlites for network comectivity and computing platforni 

interoperation. 

However, the problems indicated above are not M y  addressed by cmrent EIP 

technologies. We are cuuently devdopmg the arecutive i n f i i t i o n  partal (EXIF), a 

prototype systcm mtended to make two contributions. Fiy ,  the system uses a 

semantic mode1 to capture LnowIdge shared by a groq of collaboratmg knowledge 



workers. The mode1 is used to drive information retrievai, classification, and anaiysis. 

For example, a telecommunicatioa company can use a semantic mode1 which consists 

of strategic goals, events, actats, and links. WMe monitoring trends within the 

company and the market, d y s t s  map retrieved Uifomiation to the elements in the 

modeL A news document h m  CNN could contribute positive evidence to the event, 

"cornpetitor buys content provider", or a report h m  Forrester Research could 

c o n t r i ï  negative evidence to the goal, ' k o m e  the largest ISP in Canada". 

Workùlg within the context of the model, analysts organize information consistentiy, 

preventing them h m  reduudant retrieval, management, and analysis. 

Secondly, the EXIP provides a twlset which can evolve the model semi-automaticaliy 

and requires minimal feedback h m  users. Specifically, the model can be modified by 

usen, or automatically, using machine leaniing techniques. Moreover, the 

classification algorithms, which are used to classq documents automaticaily, evolve 

as well, dong with the model. 

Within the context of the EXiP project, this thesis focuses on document classification. 

Anoiher MSc. thesis [Jacvis2001] presents our work on the semantic model. 

~ylopoulos2ûû 11 offers a comprehensive oveniew of the EICIP project. 

1.2. Contributions of the Thrris 

The document classification component automaticaüy classines documents h m  

extemal sources with respect to the semantic model. There already exist many 

sophisticated docament classiners. Most of these, however, focas on batch training. 

Given the requüements of the EMP, these classiners require an mirealhic large 

number of sample documents to achieve high perf~~~llil~lce. Moreover, these 

classifiers cannot impmve performance or a d .  themselves after the batch trainmg. 

This is midesirable, giwn our objective of supporting evolution for the classification 



component. 

The main conûiiution of the thesis is to adapt elristing classifiers to meet two 

requirements: 

(1) The EXlP classifier wiii be able to continuously irnprove its performance by 

interadhg wiîh users; 

(2) The classifier will achieve acceptable perfornaance with a small number of sample 

documents. 

Several different types of classüiers can potentiaiiy be adapted to meet our 

requirements. This thesis focuses on using naive Bayes (NB) [McCallum1998] 

[Baker19981 and k nearest neighbors p a s a a h y l 9 9 1 ] ~ 1 9 9 2 ]  classifiers, and 

shows how such adaptations can be accomplished. The incremental classifiers 

proposed in the thesis share a common theo~&aI basis with batch classifiers. The 

algorithms of batch ciassifiers (NB and are presented in pseudo-code form. 

Also in pseudo-code, the thesis iiIaçtrates the p a r t i a h  adaptations to each batch 

classifier, making hem incrernental. 

A second conûiiution of the thcsis consists of a large utunber of experiments. These 

experiments are designed to charactcrizt the pdomüince of innemental adaptations 

of each batch classifier. These experiments are dso designeci to look for the best 

implementation options for each bxemenîai classiner. Stxch options include which 

term weighting scheme to use, w h e k  to use feature selection, etc. 

A final cont r i ion  of ihe thesis is to sîudy how the c M c a t i o n  component can be 

integratcd mto the EXiP systtm. In particuIar, the thesis explains how the semantic 

mode1 c m  be converted into a h t  ciassification taxonomy~ and h m  to &fine a proper 

document schema to articulate the coliabration among the cIassincation component, 

the document management componeat, and the XML document setver. For 

demonstratim purpose, îhe thesis Mds a semantic mode1 for the auto indashy, and 
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uses parts of the Reuters document coUection to simulate the working environment of 

strategic business anaiysîs. 

1.3. Organization of the ThesIr 

Chapter 2 presents theories of d m e n t  ciassification and Imom algoritbms for the 

batch NB and WN classifiers. Chaptcr 3 proposes adaptations of batch classifiers into 

incremental ones. Chapter 4 desc r i i  our experiments designed to discover a .  

efficient implementation of the inmmental classifiers. Cbapter 5 d e s m i s  the 

architecture of the EXIP and document classification component. Moreover, the 

chapter introduces the clustering algorithm which is used to search for semantic 

clusters in the documents under a mode1 ekment. Chapter 6 d e s c n i  experiments 

designed to simulate the workmg environment of the document classification 

component in an operating EXIP system. Expenment resdts are also presented and 

anaiyzed Chapter 7 Summanzes the contriions of the thesis and discusses fimue 

work 



Chapter 2: Theories of Document Classification 

This chapter presents the theoretic badine of machine Iearning techniques applied to 

the problem of document classitication. F i y ,  we start with a brief mtroduction of 

document classification and how machine learning techniques can automate it. 

Secondly, a number of fllndamentai concepts, such as the vector space model, term 

weighting, and feature selection, are introduced. Thùdly, we give detailed descriptions 

of tW and NB classifiers which will be used in our experiments and case study. 

2.1. Document Classification and Machine Learning Techniques 

Document classüication is the task of assigning documents to two or more predefined 

categories. For example, a news document generated in the Reuters news agency is 

classined into a number of topics, such as "mde oii", "foreign currency exchange", 

uacquisition" and sa on. Ka document can be assigned to more than one category, the 

process is called multi~ategory classification. Whmas, if a document could be 

assigned to only one category, it is called singular-category classüication. Multi- 

category classification is more cornmon than singuiar-category classlncation. 

In industriai practice, document classincation is usuaiiy done m d t y  by one or more 

knowIedge workers. They have the requind expertise to understand documents, and 

they are hmüiar with the organization's business so as to understand the purpose of the 

docmnents. It is not difiïcuit to understand why this job is very time-consimillig and 

enor-pmne. 

Many appmaches have been proposed to make document classification automated. 'fhe 

Caniegie b u p  used a de-based, expert-system approach to b d d  a text 
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categorization shelL [Hayes19901 Although the grstem perfomed well, it took 2 

man/year to f i d  optimal classification ntles. Morwver, such a system is difncult to 

reuse, because the classification d e s  only work for a paaicuiar document coUection. if 

the system is appiied to a different collection, another set of classification niles have to 

be deveIoped Due to these pmblems, [big19971 used an automatic machine leaming 

approach based on perceptron learning. The automatic approach performed not as well 

as  the nile-based approach. However, by manuaily modifying and augmenthg the set 

of words to be used as fwtures in a topic categorizer, the authors achieved accuracy 

very ciose to the de-based approach. More recent studies of document classification 

have advanced to ones using purely automatic approaches. These appmaches do not 

require any experts to generate classification rules or rnodifjt a feature set. ïnstead, a 

number of sample documents are classified and labeled manuaily for training purposes. 

These approaches extract knowledge h m  the training set and then classi.@ incoming 

documents automatically. 

How can a cornputer program acquire knowledge to perform automatic document 

classification? nie= already exist a large - and hcmsing - number of machine 

learning techniques which can do just that and which have been applied to document 

classification. Among them we note nearest neighbor [Dasarathy1991] wasandI992] 

[Tomek1976], inductive d e  leamhg [Craven1998], neural networks ['HienerI995] 

(Ng19971, support vector machines (SVM) [Joachims 19981, decision trees 

[Quinian1996], linear least-sqaates fit (USF) [Yang1994], na"= Bayes (NB) 

[McCalluml998][Baker1998] classiners, etc. A document classification system is 

often named der the machine l e d g  technique that it ases. For exampIe, a kNN 

classiner is a document classincation system which uses the nearest neighbos 

technique. 

[Yang19991 compareci most of the commonly used ciasdiers usmg the standard 

benchmark - Reuters-21518. The authors conclade that the kNN, SVM, and LLSF 

classiners outpenom other cIassifiers. Among them, the kNN classiner adopts an 



instance-based appmach whose conceptuai simpiicity rnakes its adaptation to an 

incremental cIassitier straightforward Therefore, we choose the kNN classifier as one 

of the classifiers for our experiments. 

The studies about NB classifiers are controversiai. Some studies [Joachimsl998] 

Vmg1999] have shown that NB classifien have lower performance than other 

classifiers. WhiIe ~cCallum1998] did a study on NB classifiers and they found that 

the NB ciassifier with the mdtinomial model perfomed comparably to other classiners. 

Moceover, NB classifiers are computationally economicai. Consequently, we use the 

NB classifier with the muitinomial mode1 as the other classifier for our experiments. 

2.2. T b  Vactor Spa- Modal and Tarn Waighting 

nie  vector space model is one of the most commoniy used models for information 

retrieval W g l 9 9 9 1 .  It has been also intensively utilized in document 

classification. The popuIarity of the model is mainly due to its conceptuai simplicity. 

The moâel repnsents documents in a Euciidan n-dimensionai space. Each dimension of 

the space corresponds to a terd in the vocaùuiary. The value of each dimension is the 

weight of its tem which is caicuiated by a chosen weighting scheme. AU documents are 

vectors in the space, so the simiiarïty of two documents cm be computed by looking at 

the angie, or distance of the two vectors, which is called similarity computation. 

The main term weighting schemes are tcnn kqgency, document fnquency, collection 

fiequency- Another weighting scheme, didf, combines temi fiequency and document 

fwY=Y. 



In the vector space modei, the simptest way to a weight to a temi is to use the 

count of a temi in a document. The weighting scheme is based on the assumption that a 

fiequent tenn is more Iikely to be a good description of the content of the document, 

alttiough the assumption is not applicable if the tenn is a stopword. In order to prevent a 

few most fiequent ternis h m  dominating a document, temi fiequency is ot?en 

dampened by hctions such as f (tf) = f i  or f (tf) = 1 + log(tf). The darnpened 

term frequency more precisely nflects the tenn importance. For example, if a term 

occurs five times m a document, it does mean that the term is more important than a 

terni that occurs only one tirne but it does not mean that the term is five times more 

important as the other tenn [Mannmg1999]. 

Tenn fiequency cm also be nomialized with the length of document. Normaiized 

weights are comparable across documents of different length. 

The coUection fiequency of a term is the total number of occurrences in tbe document 

coUection. Givea a tenn t, and a document collection D, the coltedon kqiency of t, is 

where rfu denotes the tem fkequency of term t, in dacumcnt d, 

The document frequency of a term is the nmnber of documents in the collection w k e  

the tem occurs. Fomially, the QcPmnt hpency of t, in D is 



The tfidf (term frequency-inverse document fiequency) weighting scheme combines 

term fkquency and document fkquency. Given a term t, and a document d, the term 

kqwncy is tfu, the document fiequency is df, and ffidf is 

where N is the total number of documents and weight(i, JI equals to O if tfu = 0. 

2.3. Featum Salaction Approachas 

A median-size document collection codd bave tens of thousands of cliflietent ternis. 

This high dimensionality is computationally prohibitive for many machine learning 

aigorithms. For example, few neural nctworks can handle such a large number of input 

nodes. Bayes algorithms, on the other band, become computationally intractable unles 

an independence assumption among feahins is imposed vang1997]. 

Feature selection approaches remove non-informative tcmis accordhg to document 

coUectim statistics, or they construct new featurrs which comùine lower IeveI featmes 

into highcr levei orthogonal dimensi*~ns~ Many f e a m  seIection approaches have been 

proposed, mch as docament fiequency [YangI997], information gain wtchell1996], 



mutuai information [Chmh89], [Schtzel99S], and tenn strength [WiIbur1992], 

etc. 

Some commonly used techniques such as removing stopwords and stemming can a h  

reduce dime~lsl~onality. 

2.4. The Archit~ctures of ClauMars 

Before presenting detailed descriptions of the NB and IcNN classifiers, we explain the 

two types of classifier architecture and we choose the one which performs best in our 

sîudy. These are the global-classifw architecture and the catego~classijîer 

architecture. 

The global-cIassifier architecture has only one classifier to perform classification on ail 

categories. Given a query document d, the c l d e r  computes the relevancy scores of 

al1 the categories in set C. To perform singular-category classification, the classüïer 

chooses the category which has the highest retevancy score. To perform muiti-category 

classification, the classifier selects a category if and only if the category's relevancy 

score to dis greater than a threshoId The ihteshold is the minimum relevancy score for 

a category to be devant to a dbcument. A category may or may not have the same 

threshold with other categories. Regardiess of these implementation options, the 

classifier lems suitable thresholds using the aainiag documents. 

Validation is the commonly used approach for choosing an optima1 threshold The idea 

is to divide the training document set into two sets: set A for trammg and set B for 

vaiidating. Set A is used to train the classifier, then the classiner performs classification 

tests on set B with diffèrent threshold dues. Tht vaiue which perfonns best is chosen 

as the threshold. 



The category-clarssifier architecture has a local classifier for each category iaslead of a 

global classifier for aii categones. We cal1 a classifier of a particular category a 

category classifier. Given a query document d, and a category c, the category clastifier 

of c mices a choice over two possibilitics: 'dis relevant to c' and 'dis not celevant to c', 

which can be defmed as two targct categories for the category c W e r .  We use c- 

and c- to denote them. The category classifier cornputes the relevancy scores of d 

to c,, and c- If c- has a higher score then it means d is relevant to category 

c; if c- has a higher score then it means d is not relevant to c. The classificaiion 

system takes al1 relevant categories as the selected categories for the query document. 

Compared to the global-classifier architecture, the categoty-classifier one can convert 

a multi-category problem into a singuiar-category problem, thecefore it doesn't need 

extra training documents to perform validation for thresholds. Given our goal of 

achieving high performance with as few training documents as possible, we choose the 

category-classifier architecture for our classüiers, avoiding the need to use thresholds 

and making efficient use of training documents. 

2.5. The Naive Bayes Classifier 

NB classifiers make the "NNae Bayes assumption ". ïüat is, occurrences of temis in a 

document are independent of each other and independent of th& positiom. This 

assrimption is falst in reality, since text has to confom to syntactic and semantic 

constraints. However, Naive Bayes classifiers have shown perf~~~~l i l~ lce compatable to 

other top-perfonning classiners. ~cCaiimn1998J This paradox is expiained by 

[Friedman1997] and [Do~goe1997] who argue classification estimation is only a 

function of the sign of the fmiction estimation; the fiinction approximation can stiC1 be 

poor whiie ciassifîcation accaracy remaius high. 



Given a category c and a document d, the NB classifier uses the posterior probability 

P(@) as the score of c upon d. Under the category-ciassifier architecture, the NB 

classifier has a classifier for each category. A categosr classina needs to compute the 

scores of two categories: "d relevant to cm and "d nonrelevant to c". The decision 

makhg invotves choosing the maximum value between P(crs6fiarld) and flcMlvdOIDVld). 

Since we do not hm the value of P ( c d d j  or P(c&d), we need to use Bayes' 

d e  to compute them as follows: 

where c is either c- or c- Both P((ilc) and f lc )  can be computed h m  the 

trainhg document set by maximum-likelihood estimation. Partidarly, P(c) is 

computed by the ratio of the number of training documtnts Iabeled with catcgory c to 

the total m b e r  of trainmg documents. 

In order to estimate P(dc), we need to use a probabüistic model for text generation. In 

recent studies of Naïve Bayes classifiers, two different ptobabilistic models have been 

used: the multivariate Bemodli model and the muitmomiaI moéeI. in the muItivariate 

Bemodii model, a document is represeuted by a Y i - a t t n i  vector. Each attriiute 

indicatm whether the carresponding tenn occurs in the document. Under the Naive 

Bayes assumption, the fiiiowing formula is the pbability of dacumcnt d given its 

category c. 



where B, is dirncnsion j of the vector fm document d. BI equals to either O or 1. Using the 

Laplacean prior, we can estimate the probability of tenu t, in category c, 

where P(dd,) E {O, 1 ) is given by îhe document's category label. 

In the muitinomiai model, a document is repnsented by a vector of term counters. 

Under the Naïve Bayes assumption, a document d can be seen as 14 independent 

muhinomial triais, where 14 k the Ilength of d. Then, the probability of document d 

given its category c is the multinomiai distnition: 

where n(d, t,) is the mmiber of occurrences of t, m d and (y is the size of the vocabulary. 

Pfljc) is probability of tenn t, m category c which cari be computed h m  the training 

document set S d a r  to the muitivariate modei, we use the Laplacean prior and 

estimate W C )  as foiiow: 

where P(dd,) E (0,l) is given by tùe document's cattgory IabeL 

~ c C a i 1 u m  981 comparecl the two modeh and concludecl that the multinomial mode1 

outperforms the dtivariate model m general, For this reason, we choose the 

muitinomial mode1 in out experiments. 



23.2. The NB cIiwifIcation aigorithm 

The score of a query document d,  with respect to a category c is the posterior 

probability P(c ( d,). in order to compute it, we take logarithrn: 

log P(c 1 d )  = log P(d [ c) +log P(c) - Iog P(d) . (2.10) 

P(d) has the same valut with respect to either c- or so we don't have to 

compute logP(d). 

Furthemore, 

where boih log 1 d l! and log i d ,  t, )! are independent of c, a we have to compute 

/* Batch training with document set D-*/ 

the number of dbcuments relevant to cm D- m-) = the totai n u m k  of documents in D,, 

the number of docmnents 1~0nteIevant toc m D- 
P(cb&,@, > = the total mmbcr of documents in D- 

for every word 4 in the v o d d x y  Y do 

end for 



P Clasnfying query document d,*l 
Let s c o r e ( c 4  and score(c.-.-Vm) be O 
for evcry word 4 in the query document d ,  do 

s c o r e ( c d  = s c o r e ( c 4  + n(d, @logï@ ( c d  
s c o r e ( c m d  = score(criucdniar) + n(4 @logP(f', ICA 

end for 
score(c& = score(c& + logf(c& 
s c o r e ( c d  = score(c"',"&J + logP(cMndoipu) 
Choose c- or c- whichever ha9 the higher score 

Figure 2.1 The NB classification algorithm 

2.6. The k Nearest Neighbon classifier 

The k Nearest Neighbers classifier (kNN) is an instance-based learning aigorithm 

which has been shidied in pattern recognition for a long time [Dasa~athySl]. tu the 

document classification literature, it is aiso known as memory-based feasoning (MBR) 

[Ma~atld92]. Tbe kNN classifier is generally considered as one of the top-perfmew in 

document classincation. pwayama95, Yang991 

The lrNEl clessifier represents documents in document vector space. The base case of 

the lcNN classifier is ihe single neatest-neighbor classifier whose rationale is very 

simple: in order to cias@ a query document, the classiner searches the training set for 

its most simiiar document and assigns the qyery document to the categorîes of the 

nearest neighbor. Similarly, the kNN classinet c d t s  the k most similar documents in 

the training set instead of only one. 
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2.6.2. Simnarity Computation 

In order to calculate the similarity of two vectors, the classifier caa use the values of 

cosine, overlap, and distance. 

Cosint and Distance 

Both the values of cosine and distance can be used for smiilarity computation if the 

query vectors are in an n-dimension space, where each terni is an axis and the km's 

weight is the value of the mis. The cosine value is used to calculate the angle of the two 

vectors, whereas the distance value is used to calculate the distance between two 

vectors. Givcn vector a = <al, ah ., a? and vector fi = <b,, b,, ., b,>, the cosine 

value of a and f i  is 

The distance of a and fi is 

Ovedap 

The overlap vaiue does not reqaire an n-dimensionai space. Given vectors aand fi, 
a= <4,, a2, .,a,> and f i  = <6,, b, ., b,>, where a, and b, are elements reptesented as 

pairs q, w? and c t; , w; > , and Is are terms, and w's are weights. The overlap vaiue 



calculates the element overhps of a vector first, and tûe overlap of the two vectors is the 

sum of the element overlaps. FormalIy, the overlap value of element a, is 

A good measure of document simiîarity is critical ta the performance of kNN classifiers. 

Our experhents were designed in pm so that we can compare alternative similarity 

measutes. 

2.6.3. The lrNN ciassification aigorithm 

Under the catego~classijier architecture, the kNN classifier has a category classifier 

for each category. The category ciassifier cornputes scores for two possibilities of 

relevant, c,, and nonrelevant, c- To compute the score of c,,, the k- 

nearest-neighbors documents are fht found, their similarity to the query document dis 

then computed The sum of the similarities is the score of c- to d. Simiiar 

computation takes place for the score of ce 

nie following pseudocode explaias how the lcNN classif?er is tniined with a set of 

documents Dm and then how it classifies a qgery docmnent d,, 

/* Batch training with document set D- *I 
for every document d m De do 

Transfoun d into a Qcumcnt wctor v, 
Add v, into training docmnent vector set DY- 

end for 

/* Classifying query document d ,  */ 
Transfcom d ,  into a vector v, 
Search for the k nearest neighbors m DY- 



Let score (c4  and scote(cd be O 
Lr wery document vector v m the k ntarest neigbbors do 

if (v is labtled with c) 
mte(c& = score(cnllnilr) + W v ,  v-1 

elsc 
s c o r e ( c d  = s c o r e ( U  + sim(v, v-1 

end if 
end for 
Chwae c,, or cm whichever has the higher score. 

Figure 2 2  The lcNN classification algorithm 



Chapter 3: lncremental Classiners 

This chapter studies how to make cIassiners incremeatai. Before presenting algorithms, 

we explain the training and feature selection for incrementai cIassifiers. 

3.1. lncrrrmantal Training 

Incrementai classifien can start chi@ing documents without training. When the 

classifier classifies a document, users c m  givc positive feedback if they agree with the 

classifier, or negative feedback if they think the classifier is wtong. The classiiïer 

adjusts itself with the feedback. Shce this training is repeatedly applied to one 

document after another during ihe classifier's lifetime, we cal1 it incremental training. 

It is not difficuit to anticipate that mcfemental cfassifiers have a stast performance 

problem. At the beginning, mcnmentd cIassiners do not have enough classification 

knowledge, or even have no knowledge at dl ifthere is no initial training, so users have 

to give fedback fiequently. To overcomt this problem, a short initial training is usually 

given to incremental classifien so tbat performance can be bmught up to a ready-to-go 

Ievel. 

3.2. Featum Seledion for I n c m n t a l  Classifiers 

Most feature selcctioa approaches compute the dependence between temis and 

categories by scanning over a Iarge number of trainmg documents. We use notation, 

s(t,c) for the dependence betwecn temi t and category c. The globai goodness of a terni 

is caicuiated by taking the average or the maximum over aii categories: 



Given the xZ approach as an example, it appties a 2-measure of dependence to a 

contingency table containing the number of relevant and non-relevant documents in 

which the terni occurs (N, and N,, respectively), and the number of relevant and 

non-relevant documents in which the term does not occur (N, and N,., respectiveIy). 

FormalIy, 

where Nis the total number of documents. The contingency table contains IqxJq items, 

and Vis the vocabulary and C is the category set, As hdicated before, the vocabulary of 

a median-sized document collection could have tens of thousands of tenns, and the 

category set could have hundreds of categorieq so it is both tirne- and space-consuming 

to maintain such a contingency table. To mice the situation even worse, inmemental 

classifiers need to updatc the contingency table rrpon accepting user feedbacic, in 

contrast to batch classifiers, which constmct the table only at the initial training. 

Moreover, chaaging the feature set will change the presentatioa of document vectors. 

This makes it difncult to a c c d a t e  information mcrementally For example, the kNN 

classiner has to modify ai i  the vectots in memory, if the feature set is change& 

In order to solve these problems, we have made two adaptations. First l~ we use the 

terni îkquency apptoach for fcahirc seIection. Tenn fiesuency evaiuates the goodntss 

of a km by the number of its occurrences- The calctdation can be done w i t .  a 

document. Secondly, we develop algorithm whose computation uses local vector 

spaces insîead of a global vector space. Particalarly, when ltNN cIassiners compute 



similarity? a pair of documents are not mapped into a global vector space. Instead a local 

vector space is created by merging terms in these documents. 

The batch NB ciassine: cornputes P($l c) and P( c) accordhg to the statistics of training 

documents. When classifying a puery document with respect to a category, the 

classifier cornputes the posten*or probabüities of relevant-to-thecategory and 

nomlevant-to-the-category. W o n  is made by ctioosing the one with the higher 

score. The incremental NB classifier continuously takes fdback h m  the user as 

incrementai training, so P($I c) and P(c) change after each incrementai training. The 

classifier cannot take the current values of P($l c) and P(c) as the final values, instead it 

bas to keep the statistical data and update the data with each incrementai training. When 

classifiing a query document, Pdc) and P(c) are computed on the fly so that they can 

be used to cornpute the posterior pmbabiiities. 

The following algorithm for thc inmemental NB classifier shows two major adaptations 

h m  the batch NB classifier: 

(1) the number of relevant docmnenîs and the number of nonrelevant documents are 

updated aftcr each mcremental training; 

(2) for computing Pfijc) as s&tish'cal data, two couriters are maintaincd while the 

classifier is aained by documents. These counters are the aumber of occurrence of 

t, in al1 the documents relevant to the category and the n&r of occurrence of t, in 

the documents nonrelevant to the category. More fonnally. We use notations as 

follows: 



'* Inccemental trainhg with d, */ 
if d, is iabeled with category c 

IDJ=IDJ+1 
end if 
DI=pI+ 1 
Kd, is iabeled witb category c 

count(c,,, tJ = count(c- tJ + Nd,, tJ 

else 
count(c- tJ = count(c- tJ + n(d,, tJ 

end if 

I* ClassifLing query document d,  *! 

for every word t, in the vocabuIary V do 

end for 
La SCOtC(crr*ap) and s c o r e ( c d  be O 
for every word t, in the quexy document d ,  do 

score(cu) = score(c& + n(d, t&togP(t, 1 c d  
s c o r e ( c A  = s c o r e ( c A  + n(4 g.logP(t, I C A  

end for 
score(c-,,,J = score(c,-,J + IogP(crrdcmu) 
score(c,-,-J = s c o r e ( c d  + l o g P ( c 4  
Choose c- or c- whichever has the higher score. 

Figure 3.1 Tbe Algorithm of the Increniental NB Classifier 
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3.4. The Incremental kNN Classifier 

The kNN classifier postpones most computationuntil it classifies a query document. Its 

training is basicaily converting documents into vectors. Therefore, the kNN classifier 

can be easily changed into an inccemental classifier with only minor adaptations: 

(1) the classifier should be able to add documents into its training set after the initiai 

training; 

(2) an upper limit is imposed on the training set size, otherwise the training set will keep 

growing, slowing down the whole system. 

Moreover, the incrementai lrNN classifier needs to adjust the value of k whüe the 

number of training documents incfeases. The value of k should be srnail at the 

kginning, because there are oot many documents in the training set and a large value of 

k will intcoduce noise, thereby degrading performance. As the classer  incrementalIy 

adds to its training set, the value of k can be increased to take advantage of the new 

training data. 

The foUowing algorithm incorporates these extensions to the batch kNN classifier. 

/* hmmental trainiog with document d Y 
Transfomi d into a document vector v, 
Add v, into training set DY,, 
Adjust k according to 1 DV- 1 

/* ChsiQing query document d,  *l 
Tmsbrn d,, into a vector v, 
Search for the k nearest neighbors m DY- 
Let s c o r e ( c d  and s c o r e ( c 4  be O 
for every document vector v in the k ne- neighbocs do 

U (v is labeled with c) 
score(c& = score(c& + sh(v, v,) 

elsc 
s c o r e ( c A  = score(c,-) + &(v, v,) 

end if 



- 1 Chwse Ç, or c, wbichever has the higher score. 1 

Figure 3 2  The Algorithm of the incremental lrNN Classifier 



Chapter 4: Experiments with the lncremental Classifiers 

Based on the theoretic framework descriid in the previous chapter, we now d e m i  a 

series of experiments intended to answer three questions: 

1) What is the initiai performance of the lrNN and Naive Bayes classifien d e r  trained 

with a s d  training set? 

2) How fast do the classifiers hprove their performance by learning incrementally h m  

feedback? 

3) ffow do term weighting schemes, similarïty computation approaches, feaîure selection 

approaches affect the performance of the kNN classifier? How does feature selection 

affect the performance of the NB classifier? Which combination is the best for the lrNN 

classifier and NB classüïer, respectively? 

Before presenting the experhent resnlts, MY, we desm'be the benchmark, Reuters- 

21578, and how we select expcrhent documents; secondly, we explain the set of 

performance meames that we use. 

4.1. The Reuters-21578 Banchmark 

Rcutcrs-21578 has tecently becorne the suindard benchmark for cornparisons between 

diffterent document classifiers. The documents in the Reuters-21578 coliection appeared on 

the Reuters newswin in 1987. The dcrcuments were assembled and indexed with categoties 

by prsonnel fiom m e r s  Ltd Formattmg of the documents and production of associated 

data fies were done in 1990 by David D. Lewis and Stephen Harding at the idormation 

Retrievd Labotatoryry Several versions of Remers have been used in the literaîure. The two 

important ones are Reuters-22173, Distrinition 1.0,1993, and Reuters-21578, Distribution 



1.0,1996. Several format improvements over its predecessor make Reuter-21578 the most 

convenient data set for our experiments. 

Raters-21578 contains 21578 documents each of which is in SGML format. Below is a 

typical document in the coiiection, 

CREUTERS TOPICS-=YESn LEWISSPLIT-TFWN" CGISPüT=lRAlNINGSET 

0LûID=n18421n NEWID-20035 

*DATE> 5-MAR-1 987 O9:19:4U2</OATE> 

c T O P I C S n D > g r a i n ~ = D > w h e e t ~ M O P I ~  

cPLACESxD>usaJD=O>iraq<IbxlPLACES, 

cPEOPLEWPEOPLEr 

CORGSWORGS* 

<EXCHANGESxN(CHANGES, 

cCOMPANIESWCOMPANIES> 

*UNKNOWN> 

8#5;8#5;m,c G 

W2W22Wl$Oû12&#3l;reute 
u f BCICCCACCEPTS-BONUSBI 03-05 O1 1 7cRINKNOWW 

< m m  
cTITLE>CCC ACCEPTS BONUS BID ON WHEAT FLOUR TO IRAQ*mTLE> 

cDATELINE* WASHINGTON, March 5 - 4ûATELIND 

CBODYzThe Commodiiy CiedR Corporaüon, CCC, has aaarpted bids for ûxpWl bonuses to cover 

sales of 25,000 tonnes ofwheat llour b Iraq, the US. Agriaitture Oeparbnent said. The deparbned 

said the bonuses awarded averaged 116.81 dlrs per tmm. The shipment periods are March 15- 

Apriî 20 (12,500 tonnes) and Aprll 1-May 5 (12,500 mm). The bonus awards mm, made to 

Peavey Company and mil be paid in the fum of commoditles liom CCC stocks, it said. An 

additional 175,000 tonnes ofwheat iiwr are SM av&ble to Iraq under tfie Expart Enhancement 
Program initaüve announceid January 7,1987, the depainnent said. 

Reuter 82c3.,4BODV>cmXT> 

<IREUTERS, 



A Reuters document is labeled with predefined caîegones. As you can see in Figure 4.1, 

there are six predenned category schemes: TOPICS, PLACES, PEOPLE, ORGS, 

EXCHANGES, COMPANIES. TOPICS is the most commody used one. Reuters-21578 

bas 135 predefhed cakgories of TOPICS. (See Figure 5 2 )  A A n t  could have zero, 

one, or more topics. 



The distriution of Reuters documents among topics is extremely uneven. There are quite a 

few topics wbich have veiy few relevant documents or even none, whereas there are a few 

topics which have thousands of relevant documents. 

Incremental classiners are not supposeci to need many training documents to gain ready- 

tego performance, however a large number of documents are stiii needed to test the 

classifiers and adequately evaluate their performance. Moreover, in order to show kaming 

curves of classifiers, additional training documents are needed after initial training. To 

carry ont our experiments, we chose the ten most common topics. 

A document generator has been developed to sirnulate the working environment of an 

inmemental classifier. For each experiment, the generator creates three document sets: 

(1) 50 documents for initial training. The generator randomiy select5 5 documents h m  

each category, so the total nurnber of documents is 5x10=50. 

(2) 950 documents for incrementd training. The generator randomiy sekcts them h m  the 

Reuters collection. Document distniution amss categories is mdom. 

(3) 2000 documents for testing. The generator randomly selects them h m  the Reuters 

collection. Document distnaaton across categories is random. 

ïhe generator easures that the three sets do not overlap. 

The top tcn topics include 8599 documents. Their distriition is shown in Table 4.1. Each 

of them bas more than 200 docmnents whîch is enough for mcrementai training and 

performance testing. 

Table 4.1 ïhc Top Ten Reute~~ Topics 

htmst 

424 
A q  

2210 

whcat 

2a1 

trade 

514 

MW-a 
684 

ship 

295 

grain 

574 

C m  

223 

Cmde 

566 

eam 

3776 



4.2. Performance Measums 

A number of performance measures are used in our experiments to provide comprehensive 

resuits. Moreover, to make resuits comparable to other published experiment resuits, we 

follow the standard definition of these performance measures. 

In the classüïcation problem, there are a set of targeted relevant documents and the 

classiner has a set of selected documents that it has labeled as relevant. We use Figure 53 

to show the situation, when the left circle is the set of documents selected by the system 

and the right circle is the set of targeted relevant documents. 

Figure 4 3  An illustration of Precision and Rccaii 

hl the figure, 

tr (me relevants) mcludes cases where the system made right decisiotls of relevance. 

tu (true nonnlevants) includes cases where the systern made right decnons of 

nonrelevance. 
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f i  (falsc relevants) includes cases where the system made wrong decisions of relevame. 

fn (faise nonreievants) includes cases when the system made wrong decisious of 

nontelevant. 

Precision is defhed as a measure of the ratio of selected items that the system selected 

conectly, over the total number of items selected by the system: 

Recall is âehed as the ratio of the target items that the system has selected, over al1 the 

target items: 

Generally we h m  to trade off between p d o n  and recaii. For exampie, if a system cm 

select documents in the collection only when it bas very high confidence levei, then it gets 

high precision but Iow recall. On the other end, a system can get 100 percent recd by 

selecting all docullents as relevant, but precision wül be very low. 

One way to combiie precision and recall into a single measure of overall performance is 

the FI measure. FI measure is fïrst introduced by [van Rijsbergenl9791 and has been used 

very commanly as a standard performance meamre. FI is defined as follows: 



where P is precision, R is recaii and a is a factor which &termines the weighting of 

precision and recall. A value of a = 0.5 is o h  chosen for equal weighting of P and R. 

With this avalue, the FI measure srniplines to 

4.23. Micraavenge and Ma-average FI 

The average of the precision, recaii, and FI values can be computed by two approaches. 

The fbt approach is macra-average which cornputes the values for biaary decisions on 

each individuai category and then get the average value over al1 categories. The second 

approach is micro-average which coqutes îhe average value globally over aii the nxm 

biuary decisions where n is the number of total test docoments, and m is the nurnber of 

categories in consideration, [Yang19991 

Intuitively, the micro-average value are more lücely to be dominated by the clasfier's 

performance on cornmon categories; the macro-average values tend to be iduenced by the 

classifier's performance on rare categories. In the thesis, both macro-average and micm 

average are used for performance evaiuation, pteventing us h m  a biased view. 

In singuiar-category classification, acctrtacy is simply tht ratio of correct category 

assigmnents to ail category assignmenis, because each category assignmeat can only 

choose one category and a document can only have one category. In muiti-category 

cIassXcation, a document could have more than one categov, and the classitSer needs to 

make as many decisions as the nmnber of mttgories. The total number of decisions is nxm, 



where n is the number of query documents and m is the number of categories. Thetefore, 

accuracy is ratio of correct category decisions to aii decisions. For example, there are 10 

target categories, ch c,, ., c, and only one query document. If the target category of the 

query document are c,, c, and c, and the classifier has selected c,, c,, c, and c, then 

accuracy is 70%. 

4.3. Experiments with the kNN classifi~r 

43.1. The Vdues of k 

The parameter k affxts the performance of the lrNN classifier significantly. If k is too mail, 

the classiner does not attain its top perf~mance because one or two misleadhg training 

documents can result in misclassification On the other hand, if k is too large, the clasMer 

again daes not perfom precisely because it counts on too many training documents some 

of which are noise and shouid be ignored Figure 4.4 is the mmicmaverage FI of the IùW 

classifier with a training set of 750 documents. According to the figure, the classifier has 

The Value of k 

Figure 4.4 The micmFI of the kNN classina with k70 



relatively high and stable performance w h  kranges h m  3 to IO. The values of k outside 

this range lead to interior performance. 

Whiie the classifier is tramed incrementally, ddoes the topperformance range of k vaIues 

remain unchanged? We did a series of experiments to identifL the ranges of k values for 

Metent training set sizes. The tesulis axe shown in Figure 4.5, The interesting fàcts are: 

1) The start of the top performance range renaains appmximately the same regardless the 

training set size. 

2) The span of the range grows whiIe the number of training document inmeases. 

No. of Training Documents 

Figure 4.5 The Topperformance huges of k Values 



43.2. Term WeighÉlng 

Four tenu weighting schemes have been tested: tenu frequency, darnpened terni kguency, 

normalized tenn fiequency, and tti& In our experiments, tüdf assigus almost every 

document to nonrelevant with respect to each category. We were not sure what is the cause 

of this low performance. The performance of mis not included here. 

No. of Training Documents 

50 150 250 350 450 550 650 750 850 950 

No. of Training Documents 
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0 - 5  
50 150 250 350 450 550 650 750 850 950 

No. of Training Documents 

Regarchg the dampened term frequeacy, we use the squan mot as the dampening 

fllnctiou. 

The resuiîs show the darnpened term fnquency gives the highest performance. 



The kNN classifier has aiso been tested withoutlwith feature selection. In the former case, 

we keep ait terms in a document - except those terms that are in the stopword list or that 

are temoved by stemming. In the latter case, we used feature set sizes of 3O,4O and 50. We 

scanned through al1 the Reuters collection and found that the average number of distinct 

tenasr in a document is 68 after stopword removing and stemming, so these three .sizes are 

of interest to test. 

50 150 250 350 450 550 650 750 850 950 

No. of Training Documents 

0.65 0 - 6  7 
50 150 250 350 450 550 650 750 850 950 

No. of Training Documents 
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l 

Figure 4.7 The kNN Ciassifiers wiîhoutlwith Feahne Selection 

50 150 250 350 450 550 650 750  850 950  

No. of Training Documents 

Aithough performance for no feature selectiw, and performance for the t h e  feature sizes 

tend to converge, the classifier without feanin seIccfion outperfllnns the 0 t h  t h e  in 

general. 
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This series of experiments are designed to test the k W  cIassiners with three different 

similarity camputation appmchcs: the cosine value, tbe distance value, and the overlap 

value. 

0 0.86 
50 150 250 350 450 550 650 750 850 950 

No. of Training Documents 

50 150 250 350 450 SSO 650 750 850 950 

No. of Training Documents 
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0.2 '-' 2 
50 150 250 350 450 550 650 750 850 950 

No. of Training documents 

Figure 4.8 The kNN Classifers with Different Similarity Computations 

It is apparent that the cosine value outpnforms others and the distance value gives the 

lowest performance. 



4.4. Expriment8 with the NB Classlfkr 

The NB ciassifier has ken tested withlwiithout feature selectioa For the same reason for 

the kIW classifier, we tested the classifier for feature set sizes of 3O,4O and 50. The results 

are shown below. 

The NB classifier with no feahue selection has higher micro and mam precision while the 

NB classifiers with feature selection have hi* micro and macro recall. But, the NB 

classifier with fahue selection has highcr overall performance because it has higher F1 

and accuracy. 
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4.5. Performance Cornparison of The kNN Classifier W. the NB Classifier 

Given the previous experimental resuits, we lmow the best impleme~~taiion for the kNN or 

NB classifier. This series of experiments are designed to compare the performance of the 

kNN and NB classifien, both with their most efficient Mplementation, That is the kNN 

classifier uses îhe h p e n e d  tenn kxpency for weighting scheme, the cosine value for 

simiiarity cornputation, and no feature selection. Moteover, the value of k is in the top 

performance range. And the NB classifier uses no feature selection. 

The experimental resuIts are shown m Figure 4.10. The lrNN classifier has higher micro- 

and macro-ptecision than the NB cIassifier, and the kNN classifier has Iower micro- and 

macro-precision ihan the NB c l d e r .  However, the lrNN ciassifier signifïcanly 

outperforms the NB ciassifier in general. This is show by the overall performance indices: 

micro-F 1, macru-FI, and accuracy. 
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4.6. Summary of Ewprimentr 

The version of the kNN classifier that had the best perfonnance was the one that combùied 

the dampened term tiequency for weighting scheme, the cosine value for similarity 

computation, and no fature selectim. Moreover, its vahe for kwas in the top perfomiance 

range. Similar to the kNN dassifier, the naïk Bayes classifier has the top performance 

when no feature selection is perfonnd 

Both the W classifier and the NB classifier meet our two goals for incremental 

classification: 

1) achieve ready-to-go perfonnance after trained with a smaii training set; 

2) inctementally improve performance by interacting with usen. 

F i i l y ,  the IiNN classifier attains k e r  overall perfomiance that the NB classifier does. 

Thenfore, we adopt the lcNN classinef with aforementioned parameter settings for our 

EXIP case mdy. 



Chapter 5: The Document Classification Component in the EXlP 

The Executive Information Portal (or EXIP) is a prototype toolset tbat we are currentiy 

devefopbg in the Knowledge Management Laboratory of the University of Toronto. It is 

inteaded to help a group of strategic business analysts working for a large corporation. 

Their task is to keep track of cumnt events as they unfold, and make sure that their 

company's strategic objectives remain on track. To work on this ta&, business analysts 

scan news stories (Reuter's, CNN, etc.), analysts' reports (Yankee Group, Forrester 

Research, and the like) and other document sources, Iwking for relevant materiais. Once 

they have deci&d that a particular document is useful, they add it to their own library, 

write annotations and prepare mernos to be cimilated to their colleagues. This work is 

currently &ne without any tool support, or vanilia cornputer twls (e.g., a web browser 

and search engine). The EXIP aims to support the semi-automatic search and 

classincation of documents, a h  the anaiysis of coiiected urfocmation with respect to a 

&en set of strategic objectives. 

5.1. System Architecture 

The EXIP giobal architecture is shown in Figure 5.1. The outermost layer of the 

architecture (bottom part of the figure) includes extemai information sources, such as 

CNNsi (cnnfii.cnn.eomlnews/technoloarn, CBC business news CEbEsamiisinessl), the 

Globe and Mail (nlobeandmail.com/mibs/rob&~~I) and Forrester Research, whose reports 

we assume that the analysîs downioad manuaiiy- This layer also includes wrappers for 

each source, which specifjr expected outpas for input queries. The information sources 

may be stnictiired, semi-stnictured, pmprietary document formats or plain te% in the 

pmtom implementation, we wrap semi-stmchtred (HTML) sources and plain text 

sources. Stnictured sources are easy to wrap and access, while documents in proprieîary 
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formats (PDF, MS-Word, RTF, etc.) can be translated to a conmon HTML or XML 

format using commercial took such as Document Navigator h m  Verity [Verity]. 

Wrappers export data in XML format. ûne miportaut reason for selecting over 

HïML is that XML is tast becomhg the lingua b c a  for information exchange, and its 

adoption dows as to benefit h m  a wcaith of research in this area Moreover, XML ta@ 



carry m m  asefiil inf-on than HîML onw. This m f d o n  can bt used to better 

index aud othcrwise process retrieved documents. AU exporteci data are translated into a 

common document sctiema, essential fm the processing of dacuments aîîer they have 

been downioaded 

ne Document Classification component attempts to clasmfy aü downloaded documents 

by relating them to one or more eiements of the semantic moâel. The proposed 

classification may be appmved or o v d d  by the users of the system, or it may be 

accepted "as is" when the system is in "automatic" mode. The Document Management 

component, DocMan, provides support for document viewing, annotation and 

manipulation. DocMan uses an XML Data Setver for its operatiom. 

ModViz is the Model Visual'zation component. It offers support for matin& visualhg 

and maintaining the semantic modeL Usmg ModVii strategic analysts can view different 

parts of the semantic maki, opdate it, or retrievc ail relevant documents associated with 

some of its elements. 

5.2. Document Msnagrmnt 

Dachdan, the donunent management component of the EXEP, is designecl a manage 

thousands of documents that have multipte iinks amoag them. FPrthennon, we have to 

support complex search operations on thse documents, invofving both fuit-text and 

metadata seafch. Moreover, the documents have to be indexed according to a 

dtidimensional index with respect to the semantic modcI. Last but not least, the syskm 

has to suppod instaat upàates. 

A possiale plathm for the implcmentation of DacMan is pmvided by m f i t i o n  

tetrieval system techologies. Such ~ l o g i e s  can haadle large coiiectiom of 

docpments (up to a range of minions). In addition, These technologies are a h  @pped 

with advance starch capabiiitiw such as i k y  or proximity scarch However, we deci& 
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that such technologies are too '%eavy weight" for our purposes. Moreover, they don't 

support reai-time updates of documents, nor do they use in a direct way hypertext links. 

At the other end of tbe spectnun there are document content management systems, also 

sometimes hown as document management systems. Most of these were developed for 

technical publishing management, but recently they moved into the enterprise portal 

domain. With respect to our requirements, such systems do support hyperlinks between 

documents; also they have facilities for descriiing document metadata. Furthemore, the 

latest versions of such systems have moved towards the adoption of XML as their 

document model, meeting another one of our requirements. Their main drawback, 

however, is the fine granularity at which they work We would Iike to manage documents 

a! the document level, rarher tban the paragraph or images level. Furthemore, DCMSs do 

not address issues of efficient storage and retrieval for documents. 

Because of the aforementioned requinments, we propose to adopt ToX (the Toronto 

XML Server) as the backbone of our document management systern. ToX is currently 

king deweloped at the University of Toronto. The main objectives of the ToX pmject are 

to offer database-iike services to XML datddocuments including aiternative storage 

methods, complex quexy processing, fiill-text and path index capabilities, as well as 

transaction processing. Given that ToX is in the early stage of development, for the first 

DocMan impIemc~ltation we employ off-the-shelf software for our XML server. in 

particuiar, we use the IBM's DB2 XML-Extender [Dl[Xl, in addition, we plan to test 

and evaluate other off-the-sheif XML server solutions, such as the Poet content 

management system [Pm] and the Micrasoft SQL-Server 2000 [MS-SQL]. 

The basic functionality of DocMan includes tegistering and storing documents, as weU as 

support for document annotation and document summary. Ti1 addition, DocMan supports 

primitives for documtnt-related EXIP fllnctions such as reiatiouships across documents 

and documtnt search (full text, metadata, and index based search.) 



Once a document is reghtmd in DocMan, it can be annoîated or summarized 

Aaaocatiws can be thougbt as "knowledge records" for our y k m  in the sense ehat they 

facilitate the exchange of howledge between a p u p  of c o t I a b o ~ g  business amlysts, 

Moreover, annotations can be wed as disnisaion thteads. 

Another DocMan f e a w  is the support for ciontment relationships. There are many types 

of relatiomhips between docmnents. For example, a document may support or contradict 

or follow-up or simply relate to an& document. in the interna1 repwentation, a 

relationship is a telationship tag with ihe corcespouding attniute for the relationship type. 

Suice annotations and d e s  are m XML format, they are easy to search Thus, we 

use the ToX search engine to search nat only documents but aiso annotations and 

Summanes. Moreover, using the XML structure we cm also follow the relationships 

among documents. 

5.3. The Semantic M&l 

The semantic mode1 provides a desuiption of the strate& objectives of an organization 

m terms of goah and subgoab, also the events and actors that ean i-nce aay of tbese 

goais @ositiveIy or negatively), The madel can be thought as a network of relationships 

berneni goais, %tors, events and documents. Thanks ta the rich modeling framework, 

the mode1 supports various forms of analysis. For example, analysts can visualize if and 

how the ocganhtion is advancing towards achievhg iîs goals, what are the obstades, 

criticai cycllts to Iwk out for, and what are the dependencies to extemal organizations. 

Goab 

A goal npresents a desirable state of affairs, such as "be the largest internet senrice 

provider (EP) in Canadan, or "inmase market s b  by 20°K A goal can be 

decomposed hto subgoaIs through two basic types of reiatiwships. An AND-relationship 

dates a g d  to a set of subgoals saeh tbat falnlling aii subguals is a mc ient  condition 



for the fulfïiiment of the goal. An OR-reIationship relates a goal to a set of subgoals such 

that futnlling at lesst ont of the subgoals is a sutncient condition for the fulfillment of the 

goal. 

Events and Event Types 

An event is an ocamence of an activity. Fm example, 'Telecom A buys media company 

B for $18" is an event. An event type is a gexieric description of a category of evcnt. For 

example, "cornpetitor buys a content provider" is an example of an event type. Both 

events and event types are celated to goals through positive ("+") or negative ("-7 links. 

Daeumen& 

A document is a unit of information which is retrievcd fiom any source and nhted to 

goals andtor wents through "supports", "contradictsm, %stantiatesn, %fers" and 

"descnis" reiationships. For example, a news document h m  Globe and Mail 

"instantiates" the ment, 'Telecom A buys media company B for SlB. 



Figure 5.2 shows a summary of the modeling concepts supporteci by the EXIP semantic 

model. Figure 5 3  shows an example mode1 for an telecommunication Company. For a 

detailed description of the semantic mode& please refer Raoul Jarvis' master thesis. [R. 

Ianris2001] 

As indicated in Figare 5.1, a wrapper reûieves documents fiom an externai mformation 

source, and smiuitaneously ttansfoms them h m  a domestic formai mto an XML schema. 

The transformation is necessary kcanse docnments h m  diEerent sources may have very 
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Merent formats, such as Acrobat mlF, EETML, or pure ascü. Even if they are in the 

same format, say EFIUL, they codd still present information in very Mereut ways. 

The schema that bas been adopted is given in Figure 5.4. The schema consists of five 

sections. The first is the section, and it incIu&s devant document fields, 

such as TlTE, AUTHOR, CONTENT and so on, The second is the optional TOPICS 

section which is for gencric topic classincation The topic classification organizes 

documents under a traditional tapic taxonomy. The third is the RELEVANTNODES 

section which contains aii the elements in the semantic model to which the document is 

relevant. The fourth and fiilh are the SUMMARIES and ANNOTATIONS sections, 

accommodating d e s  and annotations made by analysîs. 

c!ELEMENT EMPDOCUMENT flOPICS, MODEL, DOCUMENT, SUMMARIES, 
ANNOTAïTONS) > 

c!ELEMENT DOCUMENT @OCID, TlTLE, SOURCE, DATE, AUTHOR, CONTENT, 
RELEVANTDOCS) > 

<!ELEMENT WCiD (NCDATA) > 
<!ELEMENT TiTLE (MCDATA) > 
c!ELEMENT SOURCE EWïY > 

c!ATIWST SOURCE NAME CDATA i E Q U E D  
URL CDATA #REQUIRED > 

<!ELEMENT DATE (#PCbATA] > 
CIELEMENT AUTHOR (WPCDATA) > 
c!ELEMENT CONTENT (WPCDATA) > 
<!ELEMENT RELEVANTWCS (RELEVANTDûC+) > 
<!ELEMENT RELEYANTWC (LiNIüD, LOCALPARAGRAPH, TARGET, 

LiNKTYPEfD, USERID, DATE, COMMENT> 
CIELEMENT TOPICS (#PCI)ATA] > 
c!ELEMENT RELEVANTNODES (NODE+) > 

4ELEMEKT NODE EMPTY > 
c!ATiUST NODE ID CDATA AiREQUERED > 

<!ELEMENT SUMMAR[ES (SUMMARY+) > 
<!ELEMENT SUMMARY (SüMhfARYiD, USERID, DATE, TEXi') > 

**. 

<!ELEMENT ANNOTATIONS (ANNOTARON+) > 
QEtEMENT ANNOTATION (ANNOID, KXl?ION, CONTRIBUnON+) > 

The classincation cornpanent classines documents into two types of elements in the 

semantic model: goais and evencs. To accornplish the classification task, the component 

£hst converts these mode1 elemenis ado a flat classiacation taxonomy. A category 



classifier is then M t  for each model element to judge whether a certain document is 

relevant. Analysts are asked to provide a few sample documents relevant to each model 

element. Category classiners train themselves with these sample documents and gain 

ready-to-go performance. Nevertheles, if no sample documents are pmvided for a model 

eiement, the correspondhg category classiner wüi sti i i  be able to work, but the 

component wili #ive Iess confidence to its classification results and users have to review 

the resuIts more carehüy and give more fctdback to improve the classifier's performance. 

There is no need to provide nonrelevant sample documents to a model element because 

sample relevant documents to other elements are nonrelevant to the mode1 element 

5.5. Using Cluatering to Evolve the Semantic Modd 

The team of business analysts cbanges quickly. So do their preferred document sources 

and views of what is or isn't relevant. Accordingly, we expect that an otganization's 

strategic business mode[ wüi evolve continuously to reflect such changes. The evolution 

includes extending the semantic model by renning goals mto subgoais, or decomposing 

an event type to several ment types. Our system can give directions for such extensions. 

Specüidy, ciustering is applied when the number of documents under a goal or event is 

too large. This leads to d e r ,  more manageable c h e r s  associated with any one node 

of the semantic model. Another aspect of evolution involves ciassiners, which adjust 

themselves with feedback h m  usas. incrementai classifiers are proposed in Chapter 4 to 

achieve this evolvability. 

The clustering aigorithm that we propose is based on the grog average clustering 

algorithm mtroduced by [Cuttingl992]. 

Let G be a documd group. The group average similady of G is 



Let @ be a set of disjoint document groups. The algorithm searches fm two diffèrent 

groups r and A which msutimize S W A )  over al1 choias h m  0, A new partition 9' is 

constnicted by mcrging ï with A 

Initially, (O is a set of singleton groups, one for each individual document to be clustered. 

The iteration terminates when ((O'I equals the desireci number of clusters. The complexity 

of the clustering algorithm is O(n3 where n is the number of documents to be clustered. 

Smce our systern is expected to bandle a maximum of a few thousand documents, such 

complexity is acceptable. 



Chapter 6: An Example of Document Classification wlth 

respect ta a Semantic Model 

ln order to iUustra!e how the chosen iucremental classiner performs m an operating 

knowledge management envimument, this chapter uses a Large North American auto 

manufacturer as an example. Firstly~ a semantic model for the auto inamifacturer is 

mtroduced Secondly, we manually collect and classi@ documents h m  Reukrs- 

21578 in order to perform c ldcat ion experiments with respect to the model. 

Finally, we present and analyze the experimental mlts.  

6.1. the Semaritic Modal 

Figure 6.1 is a fiagrnent of an example semantic mode1 for a large North Amencan 

auto &actuIw, cüca 1987. The reason for choosing this date is that out 

experimentai data are collected h m  Rcnters-21578 whose documents are dated m 

1987. 

Tbe mode1 hgment starts fiom a top-IeveI goal "increase centrn on investment" 

which is decomposed via an AND relationship into "increase saiesn and "increase 

profit per vehiclen. niese goais are in turn decomposecl and this process continues 

und these g d s  that are suppoaed, or tfieir failme of such g d s  is supporteci, by 

events. Lateral reiationships may occm m g  the goaI decomposition pmess. Evenîs 

can &O be decomposcd to more speci6c events. 



Figura 6.1: A Fragment of a Samntic Mode1 for a N d  Amaican Auh ManufacnnCr 



6.2. The Pmparation of Daia 

We desigued expeximents intended to classify incoming documents with mpect to 

fie events in the mode1 fragment: gas ptice rises, US dollar rises, yen rises, US 

interest rates rise, Iapanese interest rates nse (which are gray rectangles in Figure 6.1). 

Parts of the Reuters-21578 collection are scanneci by us to fkd relevant documents. 

For example, we searched topics "interest", "cpi", 'krpi", looking for documents 

relevant to the node "US Interest Rates Rise", and we searched topics "yen", "money- 

fi", "dlr", looking for documents relevant to the node 'Yen Rises", and so on. Ail 

relevant documents are wrapped accordhg to the XML schema in Figure 5.4. The 

distniution of relevant documents is as foilows: 

TabIe 6.1 The Document Distriition under the Five Mode1 Nodes 

Among these documents, there are 84 documents which are relevant to 2 nodes and 4 

documents which are relevant to 3 nodes. The rest are relevant to only one node. 

6.3. The Experimental Resutts 

The document generator in chapter 4 bas been adjusted due to the diffant number of 

available documents. Firstly, the generator mdomly selects 5 documents h m  each 

category, so the total number of initial training documents is 5x5-25. Secondly, 75 

documents are sclected mdomly for mcrement-1 &g. F i y t  the rest of 

docoments are used for testing. The generator also ensures that the thtee sets do not 

ov*. 







Figure 6 3  shows that the mode1 classifier bas accmacy of 0.866, micro-FI of 0.732, 

and macro-FI of 0.718, after it is initially trained with 5 sample Qcuments per node. 

The classifier is then presented with more training documents incrementally. 

Accuracy, micmF1, and macm-F1 rise to 0,928,0.852, and 0.79, respectively, when 

the number of presented training documents naches 100. There is a small 

performance degradation compared to the experïments on Reuters genenc topics. We 

think the reason is that the five mode1 elements are more he-gmined topics than the 

genenc Reuters ones. 



Chapter 7: Conclusions and Future Work 

7.1. Conclusions 

nie  thesis studies document classification in a knowtedge management environment. 

We start with an introduction of the theoretic badine of document classification, 

including the algorithms of the batch NB and ùNN dassüiers. We have proposed the 

adapted algoriihms to make both the NB and lrNN classifier incremental. We have 

suggested that the categoty-classifier architecture suits incremmtal document 

classification bettes than the gIobrrI-cb@er architecture does. Moreover, based on a 

study on feature selection for incremental ciassifiers, we have proposed hvo solutions 

to the f e a w  selection problem: using local vector spaces Ulstead of a global one, and 

using term frequency to limit the s k  of vectom Conseqwntly, these proposais and 

solutions theoretically conclu& the f i i i l i t y  of adapting existing batch classifiers to 

incremental ones. 

We have designeci a series of experiments to compare implementation options 

applicable to either the NB or lcNN classifier, inchiding term weighting scheme, 

similarity computatiou, the d u e  of 4 and fwhire selection. An efficient 

implementation has been proposed for both the incremental NB and kNN c l d e r s .  

An overali performance cornparison shows that the kNN classifier outpetforms the 

NB classifier significantly, provideci b t  both of them are miplernented optimally. The 

performance results are encouraging. 

We have descrt'bcd the overall atchitectmt of the M[P, and proposed our solutions 

for Ïntegrating the document cIassincation composent Furtùnmoxe, we €miid an 

example semantic mode1 for an auto m a d k î m r  m Noah America. Our proposed 
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incremental document classiner bas been testeci with respect to the semantic model. 

This series of experirnents have also achieved af6rmative resuits for the classification 

performance. 

7.2. Futun Work 

First of dl, we choose the NB and W classiners for our study, however the snidy 

c m  be extended to other document classification algoritbms. It is interesthg to adapt 

more batch classiners into incremeatai ones and make a broader performance 

cornparison. 

Secondly, the incremental classifIers m the thesis perform leamhg passively. That is 

the classifiers accept al1 training data that they are presented without any seleaion. 

Some ment studies [Schohn2ûûû] (Tong1998] have proposed active leaming. For 

example, [Scholhn2000] faund an tmtsuaJ phenomenon with the learning curves of 

the SVM classifier when üaining exampies wen added via an active heuristic, 

performance peaked to a level above thaî achieved by asing al available data, then 

slowly degraded to a level achieved by a mdom Iearning when al1 data had anally 

been added. Sirnilarly, the kNN and NB classiners cm also improve performance by 

using active leaming. For exampie, the lrNN classincr can choose training documents 

according to their location in the training document space. An evenly disîributed 

training document set is expecteà to attain better peffo~~llsulce than a clustered training 

set. 

Thirdly~ we propose a document cIusteting technique mtended to support evolvability 

of the semantic modtl. We have pposed the grwp average clustering algorithm in 

section 5.5, however a more thomugh study of cuteently availabIe techniques and an 

implemenîaîïon of the praposed algorithm are nceded to evahiatt performance. 
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F i i ,  although we have perf'ocmed classification experiments using an example 

semantic mode1 and a numbet of relevant documents collected h m  the Reuter-21578 

collection, t h  work needs to be testai with more complete examples of the semantic 

mode1 of the EXiP and reai document sets for strategic business analysts. 
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