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Abstract

Information available in the Internet is frequently supplied sim-
ply as plain ascii text, structured according to orthographic
and semantic conventions. Traditional document classi�cation
is typically formulated as a learning problem where each in-
stance is a whole document that is represented by a feature
vector. Such feature vectors are often generated based on the
appearance and frequencies of words in the documents. The
high-dimensionalit y of these feature vectors causessome prob-
lems: imp ortan t clues might be missed out, and the classi�ca-
tion might be misled by some trivial elements. In this paper,
we prop ose a method which makes use of structuring conven-
tions to reduce size of the feature vector without a�ecting the
accuracy of the classi�cation process. E�ectiv ely, a synopsis of
document structure is extracted, which contains only the most
informativ e features; then a succinct feature vector is gener-
ated to represent the instance. Finally , a decision tree machine
learning algorithm is used to classify the document based on
its succinct feature vector.

Keywords: Text Classi�cation, Semistructured Data, Infor-
mation Extraction

1 In tro duction

The popularit y of the Internet and World Wide Web
has increasedthe need for information management
of electronic texts. Text classi�cation aims to auto-
matically categorisetext documents into pre-de�ned
classesor typesbasedon their contents. The �eld of
information extraction, on the other hand, tacklesthe
problem of extracting relevant information from this
textual data. However, we believe that information
extraction can aid text classi�cation by identifying a
small set of features in each document that provide
very e�ectiv e discrimination for classi�cation.

The standard document representation used in
text classi�cation is the vector spacemodel. In this
model, each document is represented by a vector of
(feature, value) pairs. Featuresare textual units such
as words or phrases,also called terms. Valuescan be
the presence,the frequencies,or the weights of terms.
A collection of documents can then be represented as
a set of document vectors or, alternativ ely, as a ma-
trix D = f vij g where vij is the corresponding feature
value of term t i in document dj .

Since the total number of words in the document
collection is large and each individual word may not
appear in every document, the matrix D is often
sparse. Despite this, the computation of the classi�-
cation processcanbeextremely costly. Moreover, this
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model doesnot take advantage of informativ e terms.
A common way to rank the importance of a term is
based on its frequency, so that frequent terms may
be given higher weights and/or less frequent terms
may be discarded. This approach is subjective since
terms with high frequencyare not necessarilyimpor-
tant. Applying the secondcuto� can reduce the size
of feature matrices but may missout important terms
as its consequence. Another problem in many sys-
tems using vector spacemodel is that if the training
data is insu�cien t, the classi�cation tends to become
unreliable, i.e. the accuracy will be low. Therefore,
improvement can possibly be achieved by not only
reducing the sizeof original feature setsbut together
with increasingthe quality of features.

In dealingwith the problemscausedby the high di-
mensionality of feature vectors, two major classesof
dimension reduction methods have been developed:
feature selection and re-parameterisation (K.Aas &
L.Eikvil 1999). Feature selectionmethods aim to se-
lect the most informativ e words in order to improve
the classi�cation e�ectiv enessand reduce the com-
putational complexity. Re-parameterisationmethods
combine and transform the original features to pro-
ducenewfeature vectorsthat havesmallerdimension.

A large number of useful online documents are
comprised largely of natural language but with
some structuring conventions. These are denoted
as PSLNL (partially-structured, largely-natural-
language)documents (Ma, Shepherd& Zhang 2002).
For example, most job advertisements are laid out
as a sequenceof informativ e regions including job
description, requirements, salary, deadline, etc. In
other words, they often contain similar semantic and
orthographic structures. Making use of these par-
ticularities, we proposea new method to reduce the
size of the feature set for PSLNL documents with-
out compromising the classi�cation accuracy. First,
document synopsesare extracted, which contain the
most informativ e data; then succinct feature vectors
are constructed based on these synopses. Finally, a
decision tree machine learning algorithm usesthese
feature vectors to classify the documents.

Note that the method in this paper is described
in the context of PSLNL documents. In fact, the
requirement hereis the abilit y to partition documents
into regions. In PSLNL documents, this is achieved
via machine learning on a set of basic orthographic
features. We postulate that the method would apply
equally to semistructured documents, such as Web
pages,where markup features are available to assist
in the regioning process.

In this paper we present a method for docu-
ment classi�cation that exploits information extrac-
tion techniques to derive small feature vectors that
discriminate well betweendocument classes.Section
2 studies previous approachesto feature selection. A
description of a system incorporating the proposed



method is presented in Section3. Section4 coversthe
synopsisgeneration and text classi�cation processes
in detail. After giving somepreliminary experimental
resultson PSLNL documents in Section5, conclusions
and future are discussedin Section 6.

2 Related W ork

Recently , a growing number of statistical and machine
learning methods havebeenapplied to solve text clas-
si�cation problems. The major di�cult y in doing this
is the high-dimensionality of conventional document
feature spaces. Words, or, more rarely, phrases,are
typically usedas features. Even with moderated-size
document collections, the sizeof the feature spacecan
reach hundreds of thousands. Most existing machine
learning algorithms arenot designedto dealwith such
large feature spaces,and applying them naively is
computationally infeasible. In addition, the use of
words as featurescan causeother problems: the clas-
si�cation might be misled by general words and dis-
criminating words might not be used e�ectiv ely. It
is therefore highly desirable to reduce the sizeof the
feature space.

Enhanced feature extraction methods either re-
move non-informativ e terms (feature selection) or
combine and transform original terms to form new
features (re-parameterisation).

The simplest feature selection technique, Docu-
ment Frequency Thresholding, discards words whose
document frequency is not within some pre-
determined range. This technique is basedon the as-
sumption that neither rare words nor common words
are useful as classi�cation discriminators. Apply-
ing this cuto� can reduce the size of feature matri-
ces but, as a consequence,may miss out important
terms. (Lewis & Ringuette 1994)usethe Information
Gain measureto rank and select the most category-
predictive words. This heuristic, which was �rst in-
tro duced in (Quinlan 1986), is based on the proba-
bilit y of a document containing a given term and be-
longing to a given category. According to (Y.Yang
& J.O.Pedersen1997), this method has the draw-
back of being strongly a�ected by the marginal prob-
abilities of terms, i.e. rare terms will be given a
higher score. Another method, from (Schutze, Hull
& Pedersen1995), measuresthe goodnessof a term
as a function of its � 2 statistic, which indicates the
lack of independencebetweena word and a category.
The � 2 statistic, however, is known to be unreliable
for low-frequency terms (Dunning 1993). (Y.Yang &
J.Wilbur 1996) studied an aggressive word removal
strategy using document clustering techniques. Prob-
abilistic Word Strength is computed based on word
distribution over related texts, which rates how infor-
mative a word is. A domain speci�c stoplist can then
be constructed that contains words to be removed
from the text documents. This technique was shown
to rapidly lose accuracy once more than 50% of the
words were removed (Y.Yang & J.O.Pedersen1997).

The re-parameterisation branch of automatic fea-
ture extraction aims to reduce the size of feature
vectors by constructing new features as combina-
tions or transformations of lower level features. La-
tent Semantic Indexing (LSI) is one such method
(Deerwester,Dumais, Furnas, Landauer & Harshman
1990,E.Wiener, J.O.Pedersen& A.S.Weigend1995).
It assumesthere is an underlying (\laten t") struc-
ture in word usage. This structure is estimated us-
ing singular-value decomposition technique. Clas-
si�cation is then performed using the database of
these singular values (M.W.Berry , S.T.Dumais &
G.W.O'brien 1995).

All existing feature extraction methods �rst con-
struct a feature space as the set of all non-trivial
terms1 that appear in the documents. After that,
di�eren t heuristics are usedto re�ne the original fea-
ture set and reduce its size. Our approach di�ers
from these in attempting to extract small, yet e�ec-
tiv ely discriminating vectors, in the �rst instance. To
do this, it exploits the fact that documents in partic-
ular categoriestend to exhibit characteristic stylistic
structures.

3 System Ov erview

Our approach to reducing the dimensionality of the
document feature spaceis to extract a small subset
of the information in the document which e�ectiv ely
represents the contents of the document. In (Ma
et al. 2002),wedescribeda systemthat cane�ectiv ely
partition a PSLNL document into regions. Each re-
gion is assumedto contain information of a partic-
ular kind, often structured as a sequenceof records.
The system also extracts a title for each region and
a heading for the whole document. We use this sys-
tem for the present application, except that we ignore
the region contents, which contain large numbers of
words, and usejust the document headingand the re-
gion titles to provide a concisesummary of the docu-
ment. The intuition here is that the document head-
ing and region titles contain precisely the keywords
that best characterise the document class. In addi-
tion, the presenceand absenceof speci�c titles can
also provide an indication of the document's class.
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Figure 1: SystemArchitecture

Our text classi�cation system (Figure 1) consists
of �v e components:

� The FeatureGenerator usesorthographic and se-
mantic knowledgeto producea set of feature vec-
tors (feature matrix ) for each document.

� The RM Rule Constructor takes feature matrices
for a collection of training documents, and em-
ploys the C4.5 decision tree algorithm (Quinlan
1993) to construct a set of rules for partitioning
documents into regionsand extracting a title for
each region. Theserules are denotedRegion-title
Mapping (RM) Rules.

� The SynopsesExtractor usesthe RM Rules to ex-
tract the heading and region titles from input

1 The de�nition of trivial terms (e.g. stop words) may vary and
is application-sp eci�c. In general, keeping non-trivial terms and
remo ving trivial ones do not help much in reducing the size of
feature space.



Name of Feature Description of Feature Values
Orthographic features

isUpperCaseLine all alphabetics are upper case 0, 1
isFirstUpp erCaseLine each word starts with upper case 0, 1
dateLine contains date information 0, 1
webLine contains a URL 0, 1
endWithColon endswith colon 0, 1
startsWithDigit starts with number 0, 1
startsWithChar starts with non-alphanumeric 0, 1
unPunctuatedLine not normal punctuated 0, 1

Relativ e features

lineNumber line number in document body numeric
preLineIsBlank after a blank line 0, 1
nextLineIsBlank before a blank line 0, 1
nearBreak neighbour is a break line 0, 1
isShortLine shorter than max ( lineLeng th )

2 0, 1
sameAsPreLine sameformat as previous line 0, 1
sameAsNextLine sameformat as next line 0, 1

Semantic feature

keywordFeatured 0 = contains no keyword 0, 1, 2
1 = contains a keyword, but

no other features from above
2 = contains a keyword, and

someother features from above
Region classi�cation

class 0 = normal region 0, 1, 2
1 = region title
2 = heading region

Figure 2: Feature vectors

documents. The information from the heading
and region titles forms a Synopsis of the docu-
ment.

� The SuccinctFeatureGenerator usesthe Synopses
to produceSuccinct Feature Vectors (SFVs) The
features comprise the set of possiblewords from
the headingsand region titles. The values asso-
ciated with these features are binary, indicating
the appearance,or not, of a particular word in a
particular document.

� The Classi�erusesSFVs asa basisfor classifying
input documents. The Classi�er is produced by
applying the C4.5 algorithm to the SFVs of the
training documents.

The systemrequires two distinct training phases:(1)
training to recogniseregions2 and region titles, and
(2) training to classify documents basedon succinct
feature vectors. Oncetraining is complete,the system
can be deployed for document classi�cation. There
are two major phasesin the classi�cation process:(1)
extracting the synopsesvia the RM rules, and (2)
classifying documents using the extracted synopses.

4 Classi�cation via Synopses

4.1 Region Decomp osition

For documents of a particular type (e.g. calls-for-
papers), there is a �nite set of pieces of informa-
tion that might potentially be included. For exam-
ple, most calls-for-papers would contain the title of

2 Proteus (Em bley , Campb ell, Jiang, Ng, Smith, Liddle & Quass
1998)(Em bley , Jiang & Ng 1999) works on HTML documen ts where
record boundries are mostly discovered by pro cessing tags. On
the contrary , there is no arti�cial tags inside PSLNL documen ts.
Inferring relation from hyp ertext is a special case of that from any
plain-text documen t. In fact, tagged documen ts (eg. HTMLs)
pro vide more parsing clues than PSLNL documen ts do since the
tags can be considered as syntactic features. As a result if a system
works on PSLNL documen ts, the system can be adapted to deal
with tagged documen ts easily .

the conference,where it is being held, dates for pa-
per submission, topics-of-interest, details about the
program committee members, etc. Speci�c kinds of
information (e.g. important dates) are typically lo-
cated together in a distinct area of the document,
generally pre�xed by a title. We denotesuch areasas
regions and denote the fact that they contain a spe-
ci�c kind of information as semantic coherence. Any
given document will contain a subset of the possible
regionsfor its document type.

4.2 Feature Vector Generation

The �rst step in region identi�cation is to produce a
set of feature vectors for the document. We currently
produceonefeature vector for each line; however, this
is not forcedby our method and could be modi�ed for
other kinds of documents. The kinds of features that
we considerare: orthographic, relative and semantic.
The choice of speci�c orthographic and relative fea-
tures wasbasedon observation of typical conventions
in PSLNL documents, and re�ned by experimenta-
tion. Our experiments showed that, while the choice
of features can have a substantial impact on perfor-
mance, the features in Table 2 are suitable for many
classesof PSLNL documents. For other kinds of doc-
uments, di�eren t kinds of features would need to be
chosen.

Orthographic features are style characteristics
that are usedto convey the role of words or sentences.
Examplesinclude usingall-uppercaseletters for head-
ings, �rst-upp ercaseletters for proper names,starting
text in a particular column, a star (bullet) at the be-
ginning of a line, etc. The primary assumption used
in feature generation is that authors want readersto
notice the most important information easily, and so
they typically mark the information by a distinguish-
ing layout. Also, for the purpose of coherence,au-
thors generally usethe samelayout to expressrelated
piecesof information.

Relativ e features indicate the position of a line
within the document and its relationship to neigh-
bouring lines. Thesekinds of features are important



Is_Head_Section_Rules(Vector feature): if
{

(lineNumber<=pos1, !endWithColn);
(lineNumber<=pos2, !isFirstUpperCaseLine, !keywordFeatured);
(lineNumber<=pos3, isUpperCaseLine, !keywordFeatured);
(lineNumber<=pos4, dateLine);
(lineNumber<=pos5, webLine);
(lineNumber<=pos6, isFirstUpperCaseLine, unPunctuatedLine);
... ...

}
Is_Region_Title_Rules(Vector feature): if
{

(keywordFeatured, orthographic features);
(!webLine, preLineIsBlank, isShortLine, (relative and orthographic features));
(endWithColon);
(startsWithDigit, !endsWithColon, previousLineIsBlank, nextLineIsBlank);
(unPunctuatedLine, keyworkFeatured(weak), !dateLine, isShortLine, preLineIsBlank);

}
Is_Region_Rules(String line): if
{

In_between_two_title();
}

Figure 3: Region extraction rules

becausethe signi�cance of orthographic featuresis of-
ten a�ected by their context. For example,a line that
is precededby a blank line and followed by a line of
hyphens is signi�can t (most likely a heading), almost
regardlessof its own orthographic features. Similarly,
lines that appear near the top of the document typi-
cally haveaddedimportance. Another examplemight
be two successive lines that have precisely the same
format (e.g. both start with an asterisk) indicating a
list.

Semantic features are domain-speci�c keywords
that help to identify particular semantic contexts
within the document. These contexts are used to
assist in identifying what kind of information is ex-
pected in a given region.

Note that orthographic and relative features are
dependent on the document format (e.g. plain text
documents have di�eren t features to HTML docu-
ment) but are largely independent of any domain.
Semantic features, on the other hand, are domain-
speci�c and needto be reconsideredfor each new ap-
plication of our method. It also worth noting that
preliminary experiments established that these dif-
ferent kinds of featuresneedto be consideredin com-
bination in order to achieve satisfactory classi�cation
results.

With the help of experiments, we identi�ed �fteen
common features and one domain-speci�c feature as
shown as in Table 2. Most of the features are self-
explanatory. The keywordFeatured feature indicates
whether a line contains one of the domain-speci�c
keywords supplied by the user, and also indicates
whether the line contains any other orthographic fea-
tures. The class \feature" indicates the correct clas-
si�cation for the region in the training data; it will be
output from the classi�er after it is constructed.

4.3 Rule Construction

In the rule construction phase, the system builds a
system that can recogniseimportant features in doc-
uments. This is phrasedasa classi�cation task, where
we aim to assigneach line of the �le into oneof three
possibleclasses:

� heading - intro ductory heading typically giving
name, a�liation, location, etc.

� region - semantically coherent blocks of text,
such as a list of topics

� region title - headingassociated with a particular
region, typically giving region type

The application is complicated by the presenceof
dependenciesamong concepts and can be cast as a
multiple predicate learning problem.

As explained in section3, regioning is the �rst step
in parsing the whole document. In the extraction rule
constructor, we usethe C4.5 (Quinlan 1993)decision-
tree induction algorithm to generatea region classi-
�er. C4.5 is a system that learns decision-treeclassi-
�ers from a set of pre-classi�ed cases,each described
by a vector of attribute (feature) valuesand the class
for that region. In our application, all attribute values
are integers,with meaningsas indicated in Table 2.

Each line in a document is associated with a
feature-vector (a sequenceof attribute values). Each
feature is usedasan attribute of the learning system.
The document canbeviewedasa feature matrix. The
aim of the learning system is to classify each line in
the document. For the purposeof generatingsuccinct
feature vectors, we discard all lines belonging to re-
gions, and retain only those from the heading and
region titles.
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Previous-blank 

Figure 4: Example of feature vectors and classes

Figure 4 shows three example of vectors associ-
ated with di�eren t line classes. Line 7 of the doc-
ument, with features of isFirstUpp erCaseLine, pre-
viousLineIsBlank, nextLineIsBlank and unPunctu-
atedLine, belongs to the heading class. Line 38,
with features of isUpperCaseLine, preLineIsBlank,
nextLineIsBlank, isShortLine, unPunctuatedLine and
keywordFeatured, belongsto the title class. Line 41,
with featuresof startsWithChar, isShortLine, sameA-
sPreLine, sameAsNextLine and unPunctuatedLine,
falls in the region class.

After applying the C4.5 decision-treeclassi�er, a
set of classi�cation rules is generatedwhich attempts



Input: plain-text document d =
n[

k =1

f lk g(lk = l ine k ), RM Rules, dictionary T

Output: heading h and title s T =
[

i =1

f f i g of other region s

b egin:
Step 1: /*feature vectors generation*/

for k = 1; : : : ; n do f vk :=feature vector of lk ;
Step 2: /*heading extraction*/

h:= ; ;
j:=2;
while (is H ead Section Rul es(f vj � 1 )jj is H ead Section Rul es(f vj ))

h:= h
S

l j , j:=j+1;
Step 3: /*coarse region title identi�cation*/

c:=0
for m = j; : : : ; n

if (I s Region T itl e Rul es(f vm )) then c:=c+1, tc := lm ;
else r c := r c

S
lm ;

Step 4: /*�ne region title identi�cation*/
for p = 1; : : : ; c do f p := classif yGr oup(t i ; T );
for p = 1; : : : ; c � 1 do

if (f p = f p+1 ) then r i := r p
S

r r +1 , tp+1 := ; , f p+1 := ; , r p+1 := ; ;
T := ;
for all t i 6= ; do T := T

S
f t i g;

end

Figure 5: Algorithm for region extraction

to identify which class a particular line belongs to.
Examples of these rules are shown in Table 3. Each
decision rule emphasisesone particular feature. For
example, lineNumber is most important when class
heading is classi�ed; orthographic and semantic fea-
tures are consideredmore important in determining
classtitle .

4.4 Region Decomp osition

4.4.1 Head Recognition

Information belonging to the heading region appears
at the top of the document and has special ortho-
graphic features. For example, a conferenceCFPs
contains at least the conferencetitle, possibly with
additional information such as URLs, date and loca-
tion, etc. The I s H ead Section Rule considerspri-
marily orthographic and relative features to identify
the lines in the heading region.

Other information might also appear near the top
of the document, such asremindersand noticeswhich
indicate the type and purposeof the document. This
information has no relevance to the heading section,
and is not part of the information that we wish to
extract from the document.

The information from the heading region is kept
as a set h for usein subsequent SFV generation. De-
termining where the heading region ends could not
be done reliably with the features we used, and an
additional heuristic was used to ensure that we did
not stop heading region collection prematurely (see
step 2 of the algorithm in Figure 5). The collection
processusesnot just the line classi�er, but also takes
account of the relationship betweenadjacent lines.

4.4.2 Region Recognition

The remainder of the document after the heading re-
gion contains most of the detailed information to be
extracted from the document. However, parsing this
section is also di�cult becauseof its loosestructure.
Our approach is to usedi�eren t granularities of pars-
ing. Coarse parsing makes a preliminary identi�ca-
tion of document regionsusingprimarily orthographic
and relative features. Fine parsing then re�nes the re-
gionsusinga combination of orthographic and seman-
tic features. The goal is to produce labelled blocks of

text, where the labels (region titles) can be fed into
the SFV generation phase. The complete algorithm
for region decomposition is given as Figure 5.

Step 3 (in Figure 5) correspondsto coarseparsing
which tries to identify possible regions (r i s) and re-
gion titles (t i s). However, this processis approximate
and so the system may have failed to recognisesome
title linesastitles or may havemisclassi�ed other non-
title lines as titles. Step 4 (in Figure 5) corresponds
to �ne parsing, which tries to correct any misclas-
si�cation from the coarseparsing, and thus reliably
identify region titles.

4.5 Text Classi�cation

The next stageof the classi�cation processtakes the
T and h valuesproducedby the region extractor and
combines them to produce a synopsis of the docu-
ment. This is further processedinto a keyword-based
feature vector that represents the document and is
usedas the basisfor classi�cation (sincethesefeature
vectorsare relatively small comparedto the onestypi-
cally usedin document classi�cation, we denotethem
succinct feature vectors). The classi�er itself is pro-
duced via machine learning on the succinct feature
vectors of a pre-classi�ed training set.

The synopsis is produced by forming a set of all
words from T and h. This set is then re�ned via
the standard text retrieval stemming and stopword-
removal operations. Finally, various classesof words
that do not aid in classifying the type of the docu-
ment are replacedby their classname. For example,
the location of a conferencemight be useful in �nding
the program for a speci�c conference,but it is not a
useful feature in determining whether a given docu-
ment is a conferenceprogram or not. We thus replace
proper namesby the classto which they belong (e.g.
country , person, organisation). Similarly, all dates,
times and URLs are replaced by their class names
(e.g. www.acm.organd www.cse.unsw.edu. au would
both be replaced by the name URL). The e�ect of
all of thesetransformations is that we have a consid-
erably smaller set of words to deal with, but without
losing substantial discriminatory power for the task
of classi�cation.

We also perform one transformation that actually
increasesthe size of the words: we distinguish be-



tween the occurrenceof a term in h or T . The ra-
tionale for doing this is that terms appearing in h
typically have a di�eren t function to the sameterms
appearing in T . Note that this transformation actu-
ally takesplace before the transformations described
above.

Given a training corpus, we form a feature space
by forming a union of all of the individual synopses.
The individual terms form the features (dimensions)
of this space. A succinct feature vector can be gen-
erated for a given synopsis by assigning 1 for each
feature that appears in that synopsis,and 0 for any
term that doesnot appear. This will generally lead to
quite \sparse" feature vectors. In order to generatea
classi�er for this training set, the set of succinct fea-
ture vector and the classi�cation for each document
are given to a decision tree learning algorithm. The
result is a classi�er that can take new documents and
accurately map them to an appropriate class,where
each incoming document needs to processedas de-
scribed above to produce a succinct feature vector.

5 Exp erimen tal Results

Wehavedevelopeda systemto implement the method
proposedabove. The systemwasbasedon the region
extractor implemented in some previous work (Ma
et al. 2002) on content extraction, extended in a
straightforward way to generatesuccinct feature vec-
tors. In this section, we report somepreliminary ex-
perimental results on its e�ectiv eness.

The aim of our experiments was to provide some
preliminary evidenceon how e�ectiv e the newmethod
wasand also give someidea of its robustness. In par-
ticular, we aimed to measurethe overall accuracy of
the method and seehow the accuracyvaried with the
size of the training set. The accuracy measureused
in this work is the proportion of documents correctly
classi�ed against all documents classi�ed.

Experiments were carried out on a data set
of 4400 email documents posted to the DBWorld
mailing list during 2000 and 2001. This data set
was manually classi�ed into nine categories(Figure
6). For each experiment, the data was partitioned
into two disjoint sets (some documents formed the
training set Tr 3, the rest formed the testing set Te).
The classi�er wastrained using Tr and then all of the
documents in Te were classi�ed using this classi�er
and the accuracy measured. The size of training
sets ranged from 200 to 4000. For each training set
size, the accuracy experiment was repeated for ten
randomly-generated combinations of (T r; Te). The
accuracy results reported in Figure 7 are a simple
mean of the accuracy over the ten trials for each
training set size.

Category #do cuments
Books 199
BookCfch 4
Conference 2626
Grants 11
Jobs 867
JournalCfp 131
Journals 231
News 244
Software 87
Total 4400

Figure 6: The Data Set

3 T r , whic h is chosen from each category with same prop ortion,
contains documen ts of all categories.
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Figure 7: Experimental Results

The results indicate an averageaccuracyof around
85%, with accuracies above 75% even for quite
small training sets. This compares favourably
with previous systems for classifying PSLNL doc-
uments, whose accuracy is typically in the range
80%-90% (e.g. (Y.Yang & J.Wilbur 1996), SCAR
in (I.Moulinier, G.Raskinis & Ganascia 1996),
(A.McCallum, R.Rosenfeld, T.Mitc hell & A.Y.Ng
1998), (E.Wiener et al. 1995), etc.). It is impor-
tant to note that the averagenumber of \features" for
our classi�er was around 2200(cf. the sizeof around
24000 if vector spacemodel was used together with
stemming and stopword removal techniques). This is
considerably smaller than the feature spacesfor the
other methods.

6 Conclusion

In this paper, we describe a novel method for ex-
tracting featuresfor document classi�cation, basedon
the notion of identifying regionsin the document and
then using the titles of theseregionsto derive a rela-
tiv ely small feature space.The accuracyof the classi-
�ers produced from this feature spaceis comparable
to those reported in previous document classi�cation
e�orts using much larger feature spaces.

While these results are impressive, there remain
further possibilities for re�ning the approach. For
example, it may be possibleto use semantic similar-
ities of terms to further normalise the term set from
the titles and headings,thus reducing the sizeof suc-
cinct feature vectors even further, without reducing
the classi�cation e�ectiv eness.
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