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Editorial Notes 

Cultivating the information systems discipline 

Niek du Plooy, Sub-Editor: Information Systems 

Whether by 'information system' we mean a simple 
bookkeeping system for a small business, or a monolithic 
integrated 'management information system' for a global 
corporation, all organisations currently need information 
systems in order to function effectively. The computer and 
business community at large have readily adopted and ac
cepted the use of the term 'information systems', but per
haps without too much real thought being given to any 
more profound meaning of the term. Departments bear
ing that name (or something very similar) are commonly 
found in organisations. But can the same be said for the 
'academic' use of the term, as in describing the informa
tion systems discipline? Has it been 'accepted' as a sepa
rate scientific discipline? 

The term 'discipline' is often loosely applied to in
dicate the scientific 'field', that is, the organised 'body 
of knowledge' or 'domains of discourse' within which 
(mainly) academic activities concerning a specific topic or 
a number of related topics, are conducted. [3] point out 
that a scientific discipline has a _certain paradigm associ
ated with it, meaning that researchers in that discipline are 
familiar with the research topics, the research methods and 
the accepted ways to interpret the results in their chosen 
field. A discipline is further strengthened and consolidated 
by the educational process whereby a researcher becomes 
a practitioner in that discipline, initially through the pur
suit of academic degrees and thereafter, through recog
nition amongst his/her peers. Formal study in a particu
lar discipline results in the value sets and exemplars (the 
'paradigm') of that discipline being adopted by the student, 
either consciously or unconsciously. 

Is 'information systems' truly a recogni~ed scientific 
discipline such such as this? In the past, prominent au
thors such as Peter Keen did not think so [15, 16]. He 
deplored the lack of a cumulative tradition and advocated 
that one be built up, asking for a clarification of the ref
erence disciplines of this new science and a definition of 
its dependent variable and the building of a cumulative 
tradition, amongst other things. [1] however, disputed 
Keen's position and pointed to strong links between re
search and practice found in their analysis. [11] showed 
clearly that 'orthodoxy' exists in many aspects of infor
mation systems, i.e. in information systems methodolo
gies as well as in other areas of information systems de
velopment. This claim was supported by [13] who, in a 
detailed study based on papers in scientific journals, scien
tific conferences and textbooks, identified seven different 
but complementary 'schools of thought' within the field of 
information systems. In a study of leading universities and 
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leading researchers in decision support systems, [9] pro
vide exemplars, at least for that particular sub-discipline. 
[5] conclude from a citation study of journal influence dur
ing the period 1981 through 1985, that the discipline of 
information systems has attained stability and that it is in 
no danger of dying. It seems therefore, that Keen's de
spair is unfounded and that information systems have in
deed grown into a separate, identifiable discipline, even 
if the field is best described as a 'fragmented adhocracy' 
([3]). 

The existence of an established scientific community 
in information systems has been given formal recognition 
by the recent formation of the Association for Informa
tion Systems, a professional society in the tradition of sci
entific societies, with 1400 members in 35 countries. A 
recently compiled directory of information systems aca
demics contains entries on some 4,500 researchers from 
more than 1,000 institutions. A number of basic Univer
sity and other curricula for information systems education 
have been published over the years [2, 6, 18]. The most re
cent of these is Curriculum '95, a joint effort by the ACM, 
AIS, DPMA, IAIM and ICIS [10, 7]. The most popular 
discussion group on the Internet (ISWorldNet) devoted ex
clusively to information systems matters has a membership 
which in 1997 approached 1829 from 53 countries [14]. A 
well-defined scientific community therefore exists. 

In addition, if the existence of sound academic schol
arship is further testimony to the existence of a 'discipline', 
then information systems can proudly point towards a dra
matic growth over the past three decades in the number of 
scientific journals reporting on research in this area [ 12]. 
An even more recent study on research outlets showed that, 
amongst twenty-seven established journals carrying arti
cles in this field, at least three of the most highly rated top 
ten are devoted exclusively to the discipline. 

Yet, can it be said that the information systems disci
pline has been conclusively defined and that the research 
problems and research methodologies ·prescribed for it 
have been accepted by all who consider themselves to be 
working in this field? A re-examination and extension of 
an earlier ( 1988) list of keywords for use in classifying in
formation systems literature [4] includes a list of the ref
erence disciplines of information systems, as well as lists 
of the external environment, the technology, the organi
sational environment, etc., of information systems. We 
could argue that this very comprehensive list of keywords 
(nearly 1300) and other classifications define and' describe 
the discipline of information systems accurately and use
fully. For instance, the reference disciplines were listed as: 
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behavioural science, computer science, decision theory, in
formation theory, organisation theory, management theory, 
language theories, systems theory, research, social science, 
management science, artificial intelligence, economic the
ory, ergonomics, political science, psychology. This list 
reflects the interdisciplinary or pluralistic nature of infor
mation systems. 

In the same vein, [ 19] did a study on the themes of 
submissions to the journal Information Systems Research 
and produced a list of keywords, concepts and associations 
that characterise the categories into which they grouped the 
research questions of articles submitted. This list demon
strates conclusively that the subareas of the discipline (or
ganisational, behavioural and managerial issues) are well 
established and attract a large number of researchers on a 
long-term basis. Swanson & Ramiller conclude by observ
ing that the discipline still exhibits the 'fragmented adhoc
racy' identified by Banville & Landry, and is still topically 
diverse and ' ... based on appeals to significantly different 
and partly incommensurate reference disciplines'. 

Thus, fragmentation can have adverse effects - some
thing that information systems researchers should be aware 
of. However, fragmentation of the discipline of informa
tion systems may be evident in the field for a very long 
time. As has been pointed out [17, 8], the discipline as 
a whole follows trends in information technology, and re
searchers tend to build their interests around new technol
ogy (e.g. the earlier interest in expert systems and de
cision support systems, and current interest in computer
supported co-operative work). As information technology 
evolves, so the research interests will follow these new di
rections. Although we may wish it were different, it re
mains a fact that information technology is still a major ref
erence discipline of information systems, and will remain 
so as long as researchers struggle to separate the funda
mental or common issues in different fields from the tech
nological ones. 

Clearly, then, information systems is internationally 
well-established as a flourishing discipline. In the South
ern African context it is important that the discipline 
should not merely flourish but be seen to flourish. To this 
end, this editorial calls on academics and especially on 
practitioners to add your contributions, via a submission 
to SACJ. 
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Research Articles 

Text Categorization as an Information Retrieval Task 

Hans Paijmans 

Tilburg University, Tilburg, Holland, paai@kub.nl 

Abstract 

A number of methods for feature reduction and feature selection in text classification and information retrieval systems are 
compared. These include feature sets that are constructed by Latent Semantic Indexing, 'local dictionaries' in the form 
of the words that score highest in frequency in positive class examples and feature sets that are constructed by relevance 
feedback strategies such as Rocchio 's feedback algoritmm or Genetic algoritms. Also, different derivations from the normal 
Recall and Precision peiformance indicators are discussed and compared. It was found that categorizers consisting of the 
words with highest tf.idf values scored best. 
Keywords: Machine Leaming, classification 
Computing Review Categories: /.2, H.3.1, H.3.3 

1 Introduction 

If ten or twenty years ago authors complained about the 
information expl()sion that caused the number of articles 
and books to increase arithmetically, they never dreamt of 
the completely .. _.., chatinels of Internet and WWW that 
make the prohlMM ottwerity yeats ago small by compar
ison. Notonl)ilre ~ or~_.,ps multiplying, but 
the character dffnti,nf6fls such that there is absolutely no 
check on the 'quality of'the contents: The papers that had 
to be indexed twenty years ago often were published after 
a refereeing process h'ad bJ.ken place. Moreover the cost 
of production and multiplication acted as a natural thresh
old. In the electronic publishing space of Internet there is 
no such arbitrage and the danger of desinformation clog
ging the channels is not any more an abstract menace but 
an everyday reality. 

Although the cost of software for information retrieval 
and corresponding hardware has decreased dramatically at 
the same time, many researchers maintafn that the capabil
ity of the existing techniques to retrieve information from 
the Internet is not up to this gigantic challenge [ 18]. Part 
of the problem is the sheer quantity of documents that have 
to be accessed and indexed. A partial solution is the appli
cation of text categorization techniques that would screen 
the documents before they are processed by the more ex
pensive indexing and retrieval systems [7]. 

Although it might be argued that Information Retrieval 
itself is a classification activity, because it divides the doc
uments of a document base in the two classes 'relevant' 
and 'not relevant', we will consider both IR and text clas
sification as separate activities. We will moreover limit 
ourselves to the subset of text classification that is called 
'text categorization', the activity in which classification is 
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performed on classes that have been defined beforehand. 
In this paper we will try to reconnoitre some of the 

aspects that arise when techniques from Information 
Retrieval and Categorization are combined, more in 
particular those aspects that have to do with the selection 
of features from documents for indexing and classification 
purposes. This reconnaisance will consist of the appli
cation of a number of different techniques on a single, 
well-published database, the Reuters-21578 corpus, 
paying special attention to the performance. of so-called 
local dictionaries. 

1.1 The index language 

In the classic model of IR, both documents and queries 
are translated to an intermediary language, the index lan
guage. A simple implementation of this index language 
often looks like a list of words coupled to the documents in 
which they occur. The preferred model for such indices is 
that of a keyword-document matrix, where every keyword 
in the database is a separate attribute that for every docu
ment can have the value zero or one ( or other values, such 
as the word frequency), according to the occurrence of that 
keyword in that document. These attributes are considered 
to be symmetric or orthogonal, i.e. that there exist no spe
cial relations between individual keywords. If we replace 
the word 'keyword' by the word 'feature' we have the same 
model that is used for many classification and categoriza
tion tasks. However, it must be added that in those lat
ter systems the feature vectors are much shorter; not more 
than at most a few dozen features, whereas the number of 
keywords in the average documentbase runs into the tens 
of thousands. This makes it necessary to find ways and 
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means to reduce the number of keyword features, either by 
selection or by condension. 

1.1.1 Term weighting 

One of the more interesting problems when creating such 
indices is how to decide on the relative importance of a 
word in a text as an indicator for the topicality of that 
text: term weighting. Various strategies to compute such 
weights have been proposed, among which the methods 
that are based on the frequency characteristics of words in 
texts have attracted much attention because of the relative 
ease with which they may be applied, while the perfor
mance in terms of precision and recall is reported to be 
among the best. Other methods of creating keyword or 
keyphrase-based document representations don,t seem to 
score as high as the frequency based keyword extraction 
methods (see for instance the conclusions of Keen [20] or 
Cleverdon [5]). Among these alternatives for term weight
ing are heuristics such as the cue methods and the posi
tional methods (for a concise survey of these and other 
methods see Paice[4] or Paijmans [15], [21]). 

Apart from the weights in which the relation between 
every keyword-document combination is stored, there is a 
second group of weights that are attached to the keywords 
but that do not describe individual keyword-document re
lations. A good example of these second class of weights 
is the so-called discrimination value, which is a measure 
for the variation in average document-document similarity 
that is observed when a keyword is omitted from or added 
to the index. Such weights are often used as a parameter 
to decide whether the keyword should occur at all in the 
index language. 

1.1.2 Similarity functions 

The other intrinsic part of the Index Language is the set 
of similarity functions that is used to compare queries and 
documents. The most widely used in production systems 
is the Boolean model, that produces a weak ordering in 
relevant and non-relevant documents according to the ma
nipulation of sets with boolean and proximity operators. 
In research environments the Vector Space Model (VSM), 
sometimes called the "bag of words,,-model, has been (and 
is) very popular. In this model both documents and queries 
are represented as binary or weighted vectors of terms and 
comparisons between them return real-valued differences 
which enable the documents to be ranked on similarity to 
the query. 

Still, after thirty years of research in document repre
sentations for Information Retrieval ( or more than a hun
derd years if we include Dewey and his disciples), the fact 
remains that the actual document representation only has 
a minor effect on the performance of the complete system 
(Croft [26], Lewis [19]). The same is true for the sim
ilarity function that is used. Although Noreault, McGill 
and Koll in their report on a variety of ranking strategies 
by the weighting of keywords and the application of simi
larity functions ([25]) found an improvement of 20% over 
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random ranking, they also concluded that "While some al
gorithms were bad, most produced very similar results. No 
algorithm or approach distinguished itself as being greatly 
superior to others,,. 

2 Information Retrieval as a classifi
cation task 

2.1 Classification and Categorization 

We already noted that a weak ranking of documents in 
those that are relevant to a query and those that are not, 
is the same as an one-class classification. Indeed, many 
of the tools used in text classification are similar to those 
in vector-based Information Retrieval and both rely on the 
comparison between the document vectors and a query- or 
example-vector. 

The difference between the two is that in IR the query 
is the translation of an information need, whereas in text 
classification the equivalent of the query is the result of the 
analysis of texts that belong to the target class and texts 
that do not. When this involves pre-existing categories the 
term text categorization is preferred. 

If there is a fundamental difference between IR 
systems and Text Classification systems, it is the learning 
component that is inherent in classification systems. 
Although retrieval implicates a classification in relevant 
and non-relevant documents, these classes are not known 
in advance and there are no examples of the relevant 
documents available. The kind of classification or 
rather categorization systems that we are considering in 
this paper starts from the situation that examples from 
the classes are available and the classification of new 
documents then depends on the similarity between the 
new documents and the documents that already have been 
classified. This situation is known as ,supervised learning,. 

2.2 Relevance feedback 

There is a model in Information Retrieval that is very simi
lar to this supervised learning classification model: the rel
evance feedback model and this relevance feedback, when 
applicable, is considered one of the most successfull tech
niques ([27]). In this model, after an initial query, the re
sults are presented to the user who then can select those 
documents that are most relevant to his information need 
( or a different method to obtain relevance estimates is 
used). New queries then are constructed taking these se
lected documents as starting point and this cycle is main
tained until the information need is met: 

The Rocchio formula for relevance feedback [16], for 
instance, takes an initial vector offeatures and presents this 
vector as a query to an IR system. The document vectors 
that are returned are divided in two classes, relevant and 
non-relevant and the formula then is applied to adjust the 
values of the query vector towards the values in the relevant 
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set and away from the non-relevant set (see below for a 
more detailed description). 

In this way it can be said that the system 'learns' about 
the properties of documents that are relevant for a particu
lar information need. Other examples of the application of 
relevance feedback are given by Chen [12], among which 
an interesting application of Genetic Algorithms (GA's). 

2.3 Surface properties of text as features 

Even if we take into account the similarities between clas
sification and IR as mentioned above, we are confronted 
with the fact that Information Retrieval and text classifi
cation are special cases in quantity if not in quality of the 
features. In the post-coordinate, derived indexing systems 
where words or wordstems, are indexed, the number of fea
tures initially runs in the tens of thousands. Moreover the 
document-feature matrix is sparse but nevertheless there is 
a high variety in the number of non-zero features in an in
stance. 

The first, and obvious question therefore is whether a 
document representation that essentially consists of the in
verted file of all words occurring in the document, is the 
best representation of the document to start with. How
ever, there are no other obvious candidates. For if the ul
timate goal of creating a document representation is to ex
tract relevant concepts without being misled by irrelevant 
information, the starting point of such a procedure would 
be the natural language of the document under considera
tion, which implies the words contained in it. It would be 
impossible to collect information about the contents of a 
document without extracting the words from it; even com
plicated representations in frames or logical formulas, even 
if they could be extracted without reading the actual words, 
would not make much sense if they are not instantiated by 
those words. 

2.4 Selection and Reduction 

The logical next step is to reduce this great number of fea
tures. This can be done by selecting the most promising 
features or by a remapping of the features in a space of 
smaller dimensionality. 
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• Feature weighting. Perhaps the most elementary form 
of feature selection is the assignment of weights to the 
individual features (keywords) and dismissing words 
that do not reach a threshold. An obvious example is 
the ubiquitous list of stopwords. More sophisticated 
is the use of a discrimination value as described above 
or the computation of the information gain of the key
word. In this way the number of terms the database has 
to cope with can be greatly reduced while the inherent 
loss of information can be kept within bounds. 

• Word-document weighting. A different method of 
weighting is when the individual keyword - docu
ment relations are expressed in a weight. such as the 

tf.idf. In such cases the term vector is not neces
sarily shortened, but outliers and spurious occurrences 
may be eliminated from the matrix or individual word
document combinations can be given extra emphasis. 

• Singular Value Decomposition. In the two methods 
mentioned above, the features were selected accord
ing to some threshold or fitness function. However, 
the feature, once selected, remained intact. This is 
why we favour the expression 'feature selection' for 
this kind of operation. A different method of reduc
ing the number of features is the re-mapping of the 
original features on a smaller number of new fea
tures. Here we like to use the expression 'feature 
reduction'. A method of feature reduction that has 
received much attention is Latent Semantic Indexing 
(Deerwester and others [22]). This is brought about 
by applying Singular Value Decomposition (SYD) to 
the original document-keyword matrix, creating a s
dimensional semantic space in which both documents 
and keywords can be mapped. 

I 

If the relation between each keyword and each docu
ment is expressed in ad: t matrix of weights (w), the 
application of SYD creates three new matrices; a d : s 
matrix (W), a diagonal s : s matrix S and a s : t matrix 
T. 

[ 

Wo,o . "i: .i . wo1 l = 

Wd,O· •• • •• Wd,t 

[ 

Wo,o ... Wo,.f l [ ...,. ...,. l ::: [So:~:··] 1

0,0--.·.·.··

1

0,1 

• .. S,\',S T. T. .~,o ...... s,t 
Wd,O···Wd,s 

The new dimensional space describes the co
occurence of the original keywords and the diagonal 
matrix S is ordered in such a way that the first columns 
describe strong co-occurence tendencies and that to
wards the end only spurious co-occurrences and weak 
relations occur. By keeping the n first singular values 
and zeroing out the others, a semantic space can be 
defined in which to compare douments, keywords or 
combinations of both. 

2.5 Class representations 

A level of abstraction may be imposed between the indi
vidual document representation and the application of the 
similarity function. This occurs when documents that be
long to the same class are pooled and some single repre
sentation for such a set is constructed. 

• The Rocchio algorithm. We already mentioned the 
Rocchio algorithm as an example of relevance feed
back, that in its turn is very much like supervised 
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learning. More in general it means that during train
ing the document vectors are divided in two classes, 
relevant and non-relevant and the formula then is ap
plied to adjust the values of the query vector towards 
the values in the relevant set and away from the non
relevant set. 

where ex, ~ and y are adjustment parameters, w1 is the 
original weight of a keyword in the query vector and 
x; the weights of that keyword in the relevant, e.g. non 
relevant documents. n is the number of documents in 
the database or in the returned set. In this way a 'tar
get' representation of the relevant class is created and 
inclusion of new documents in one or the other class 
is done by comparing the document to this representa
tion. 

• Local dictionaries. In the section on word weighting, 
it was assumed that the reduction was applied to all 
classes and documents at a time. However, if the task 
is not an IR task but a classification task, it would be a 
logical approach to specialize the document represen
tation for the particular classification task at hand. For 
example, in the work of Apte, Damereau and Weiss 
[I], [2]) a different index is created for each classifi
cation task; de term vector in each case consists of the 
n words with the highest frequencies in the example 
documents. 

Of course any of a number of possible weighting 
schemes can be selected: in our own experiments it 
was found that weighting according to the ate weight 
(a variation on the tf.idf, see also table 8) performed 
better than the plain frequency. 

• Genetic algorithms. GA's work by presenting the po
tential solutions for a problem in a bitstring. These 
bitstrings then are manipulated by cross-over and mu
tation, creating new solutions from the parts of promis
ing older solutions. Central in this manipulation is the 
fitness function, which measures the relative perfor
mance of every solution. In Chen's example [12] the 
keyword vectors of the documents which were judged 
as relevant are fed through a GA that kept comparing 
every vector with the other vectors until an optimal 
'common denominator' for that set of documents was 
found. This vector was then used as the new query. 
Chen reported the GA's as performing better than neu
ral networks on the same task. 

2.6 Similarity functions 

The above describes a number of techniques to select 
the most promising keywords from the documents and/or 
remap them in a smaller set of features. The next step nec
essary for successful retrieval or classification is the ap
plication of one or more similarity functions to score the 
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individual documents against the training examples or the 
query. 

• Boolean set operations. The most general similar
ity function in production systems is the boolean set 
operation that orders the documents in relevant -
not relevant according to its inclusion in a set. Al
though its practice is widely spread, its performance 
has been severely criticized by, among others, Blair 
and Maron ([6], [3]). Also attempts to replace the 
weak ordering by more elaborate ordering functions 
such as the application of fuzzy logic have not caused 
the all-over performance of the Boolean model to be 
improved. 

• Rule induction. This family is characterized by 
their repre.sentation of acquired knowledge as decision 
trees. The systems are presented with a set of cases 
relevant to the classification task at hand and develop 
a decision tree guided by frequency information in the 
examples. 

• Vector Space comparisons. This model has received 
much attention, because it offers straightforward way 
to compare keyword vectors and to rank such vectors 
on similarity to a target vector. 

3 Methodology and Experiments 

3.1 Evaluation issues 

Following usance in Information Retrieval, it has become 
tradition also in classification systems research to use the 
precison ratio and the recall ratio as measures for the per
formance of a two-class document classification system. 

Given a universe of documents {A,B,C,D}. A,B are 
the documents that are classified as belonging to class X; 
C,D its complement (all documents that classified as not
X). 

In {A,B} (the documents classified as X) A is the set 
of documents that in fact do belong to class X; B the set of 
documents that were erroneously classified as X. 

In { C,D} (classified as not-X) C is the set of docu
ments belonging to X that were not recognized by the sys
tem; Dis the set of not-X documents that were correctly 
classified as not-X. 

The Precision ratio is A/ A + B and the Recall ratio is 
A/ A + C. A third measure is the Fallout B / B + D. 

3.1.1 The breakeven point 

When a single measure is needed for the performance of 
retrieval or classification experiments, the breakeven point 
may be calculated from a number of precision and recall 
scores for the same experiment. 

The breakeven point is generally arrived at by linear 
intrapolation. It is defined as the point on a precision-recall 
curve that has the same value for precision and recall. Thus 
if the two points that bracket this point are known to be 
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< fp,fr >and< sp,sr >, the breakeven point is< b,b >, 
where 

b = sr* fp- frup 
sr- fr+ fp-sp 

If fp = fr or sp = sr, then the breakeven point is on 
the curve, not just bracketed by two points. 

A drawback of this method is that the algorithm under 
consideration must have some parameter that governs the 
"willingness" of the algorithm to assign categories to doc
uments or, in other words, govern the trade-off between 
precision and recall. 

The breakeven point is not without its detractors. In 
a personal communication 1 Mr. Lewis, who himself first 
published this measure, stated that it had serious shortcom
ings: 

1. Interpolation gives values not achievable by the· sys
tem. Although plotting of recall against precision typ
ically gives a smooth, monotonically decreasing curve, 
more precise plots for single classes display a less 
smooth and not even monotonic curve. 

2. Recall=Precision is not a desirable or informative tar
get. A system tuned for an optimal breakeven point is 
in a rather extreme state, where precision and recall are 
at their minimum and this does not necessarily reflect 
the preferences of the user. 

3. An average over diverse categories is of dubious value. 

Be this as it may be, there is an obvious relation be
tween a breakeven point and the performance of a classifi
cation or retrieval system and where it may not be much 
better than other measures, it certainly is not worse for 
comparison purposes. 

3.1.2 The Harmonic Mean 

Sometimes the two outcomes of Precision P and Recall R 
are combined in one single figure by taking the harmonic 
mean F of the two: 

The magnitude of F varies from 0, when no relevant 
documents are retrieved, to 1, when all and only the rel
evant documents are retrieved. Moreover F is strongly 
weighted towards the lower of the two values P and R; 
therefore this measure can only be high when both P and 
R are high. Shaw, Burgin and Howell (28] use the har
monic mean as peformance measure in the computation of 
the base line performance for IR (see below). 

3.1.3 Accuracy 

Precision and recall are measures from the discipline of in
formation retrieval and therefore they focus on only one 

I Also in the mailinglist dlbeta@research.att.com of 11 Sept. 1997 
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of the two classes: the class relevant. There is no inter
est in measuring the degree in which the system does not 
retrieve irrelevant instances. In classification experiments 
we are interested in both sides of the coin and that calls for 
different measures. 

Weiss and Kulikowski (24] use a basic accuracy mea
sure that is simply defined as the ratio of correctly assigned 
items over the total of items. This, of course, is very much 
like the recall, but now for all classes combined. 

When we applied this measure to our data we found 
for all experiments an average accuracy of between 95% 
and 99%, which is obviously not conform the actual per
formance. Further inspection showed that there was a big 
difference between scoring on positive and on negative in
stances of the two classes: the negative instances (by far 
the biggest class) displaying an accuracy of almost 100% 
whereas the positive class had an accuracy of 37% in the 
rule induction (C4.5) experiments from table 1 and 19% in 
the centroid/cosine experiments (VSM) from table 2. 

Weiss and Kulikowsky suggest adjustement of the ac
curacy measure by the introduction of cost factors, which 
essentially is a way of biasing decisions in different direc
tions, as if there were more or fewer instances in a given 
class. We therefore used a bias that was proportional to the 
relative size of the two classes so that the net effect was of 
making both classes equal in size. 

In the VSM experiments a threshold was varied over 
the values 0.10 - 0.90 and the accuracy was computed for 
all nine steps, keeping the step with the highest accuracy. 
The optimal threshold varied with the cost, so that the in
dividual values for the accuracy of positive and negative 
instances and for precision and recall varied too. As the 
C4.5 did not use a threshold, these values remained con
stant. 

3.1.4 Micro- and macro evaluation 

The ratios mentioned above are computed over a single 
classification action. When the results of several such ac
tions have to be combined in single measures for recall 
and precision the averages may be computed in two ways, 
called the micro- and the macro evaluation (see Fuhr [8] 
for a discussion of these concepts). 

In the macro evaluation the individual values for pre
cision or recall are computed first and afterwards averaged. 
This can cause problems when one or more classification 
experiments in the series yield no positive results, but has 
as advantage that every individual classification attempt 
has the same weight in the final outcome, i.e. that the result 
is not biased towards the big classes. The macro evaluation 
for the precision is computed as: 

_ _!_ f II REL;nRET; II 
Pmacro - N =r II RET; II 

The other way in which to compute an all-.over mea
sure for the performance of a classification system is to first 
compute the averages of the components above and below 
and divide afterwards. This circumvents the problem of 
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empty sets and causes every individual document to have 
an equal influence on the result. The micro evaluation for 
precision is computed as: 

17=1 II REL;nRET; II 
Pmicro = Li=t II RET; II 

The literature on classification systems prefers the mi
cro evaluation but one must be aware of the fact that a few 
big classes can bias the outcome considerably. Therefore 
the differences between the two types of evaluation also 
may be considerable. 

3.2 A baseline 

The baseline, or low performance standard of a IR sys
tem is its performance if the selection of retrieved records 
happened on no otrher criterion than pure chance. This 
is equivalent to the blind selection of balls from an urn 
that have two colours: white and black. The number of 
white and black balls equals the number of documents in 
the database; the white balls signify documents that are rel
evant to a query. As [28] state: "The low performance stan
dard is based on identifying the highest level of retrieval 
effectiveness an exceedingly patient searcher can produce 
by such an random process". 

For a collection with N documents and R relevant 
documents, the probability of retrieving exactly r relevant 
documents by selecting randomly n documents from the 
database is given by the hypergeometric distribution: 

Pr(N,R,n,r) = 

where the bracketed expressions on the right side rep
resent the binomial coefficients. Now the number of docu
ments N in the database and the number of relevant docu
ments R for each class are known. Therefore it is possible 
to vary the number of records retrieved n and the number 
of relevant records in that set r to find the r and n for a 
given probability threshold. 

Figure 1 displays the low performance standard for the 
Reuters test collection of 3299 documents for the thresh
old of 0.01 and associated precision and recall levels for 
queries with 1-100 relevant documents in the database. We 
observe a peak in the effectiveness (harmonic mean) of 
0.16 when five to seven documents would be relevant for 
the query and a subsequent decrease to an effectiveness of 
0.075 by 56 relevant records. The performance then rises 
slowly to an effectiveness of 0.36 for 719 relevant records 
and 0.50 for 1087 records ( outside the graph). 

As we know the number of classes in our corpus and 
for every class the number of relevant records in the test 
database, we can state that the mean of positive instances 
to be expected in every category is about 40. About half 
of the classes has less than 10 positive instances. Thus the 
low performance standard of this collection would be an 
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effectiveness of 0.07 all over or 0.15 for the 43 categories 
with less than ten positives. The corresponding precision 
and recall can be gauged from the figure. 

3.3 The database 

For our experiments we used the Reuters-21578 collec
tion2. From this we made a selection to use as train- and 
test collections, trying to keep as close as possible to the 
train- and test-selections as used by Apte, Damereau and 
Weiss (the so-called MODAPTE split. For details we refer 
to the README included in Reuters-21578). This gave a 
training set of 9603 documents and a test set of 3299 doc
uments. 

A great advantage of the Reuters data is that they have 
been categorized in a closely observed setting, therefore 
the assigned categories display a degree of agreement be
tween man and machine that is much higher than in other 
experiments that have been published (Lewis [ 19]). In the 
CONSTRUE system, developed by Carnegie Group Inc. 
for Reuters, precision and recall rates of 92% and 89% re
spectively have been reported ([14]), but one should take 
in account the bias caused by micro-averaging the results: 
in this score 10% of the categories accounted for 59.3% of 
the category assignments on the CONSTRUE test set. 

A different an perhaps more serious uncertainty con
nected with this particular corpus is the fact that the cate
gories were developed in close cooperation with research 
in mechanical categorization and that definities of cate
gories were adapted to make this mechanical categoriza
tion easier. 

Much care had been taken by the composers of the 
database during the preparation of the training and test 
sets to ensure an equal class distribution over both sets, 
so that, for instance, documents classified as belonging to 
the class 'rubber' or 'wheat' occurred in equal proportions 
in both sets. However, because Lewis and other investiga
tors wanted to keep as close as possible to an operational 
setting, they used a chronological split of the documents 
so that the training set appeared in time before the test set. 
For our experiments we will use the same sets, or at least 
the same division between them, to facilitate comparisons 
with other research. 

On both test and training sets the features were ob
tained from all fields from "TITLE" downwards, but with 
exclusion of "AUTHOR" and "DATELINE". General 
statistics, such as tf.idf, were computed over all docu
ments from the complete training set. 

3.3.1 Programs 

The programs we used for the experiments were partly 
written by others, partly by ourselves. In the former cat
egory are SMART, written by G. Salton, C. Buckley and 
E.Voorhees, C4.5 by R. Quinlan [17] and Genesis by J. 

2 Avaliable as reuters2 l 578.tar.gz from http://www.research.att.comr 
lewis. 
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Figure 1: Hypergeometric distribution for 0-100 relevant records. 
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Grefenstette [13]. We also used WEKA33 as a frontend for 
C4.5 and other ML programs. Also the program 'svdinter
face' by Hinrich Schuetze, itself an adaptation of programs 
from the SVDPACK4• 

In the latter category falls the program suite "Paai's 
text utilities"5: a series of Unix scripts and utilities that per
form tasks such as computing similarities between vectors, 
discrimination values, average sentence weights, etcetera. 

All indexing was done by SMART, using the list with 
common words, or stopwords' that comes with this pro
gram. This list was some hundred words longer that the 
list used by Apte c.s. We also used the built-in stemmer of 
Smart to reduce the number of concepts. 

3.4 The experiments 

The experiments we did on the Reuters database were 
aimed at obtaining a good impression of the performance 
of various combinations of features and similarity func
tions, with an emphasis on local dictionaries. To this goal, 
we varied three methods of term weighting with three dif
ferent vector lengths and three measures. Taking table 3 
as an example, we first observe the three main groups of 
variations with the identifiers nnn, ate and glob.ate. This 
refers to the method that was used to weigh the individual 
words in the positive training documents to obtain the local 
dictionaries. nnn refers to plain term frequency, identical 
to Apte, Damereau and Weiss. The ate is a much used vari
ant of the tf.idf measure (for a detailed discussion of these 
and similar techniques see e.g. Salton and McGill [11] or 
Salton [10]). 

10 

As the document frequency (i.e. the number of docu-

3 Available from http://www.cs.waikato.ac.nzl ml 
4 Available from http://www.netlib.org/svdpack 
5 Available from from http://pi0959.kub.nl:2080/Paai/Public 

men ts in the database in which the term occurrs) is one of 
the factors in the computation of the ate, it makes a differ
ence if the weight is computed over the positive examples 
only or over the complete training database. Therefore the 
ate in the table refers to the weight computed over the pos
itive examples only and the glob.ate is the same measure, 
but now computed over all documents in the trainingset. 
In table 4 we present as an example the ten wordstems 
that scored highest in each of the three methods for the 
class 'gold': note that no words occur in all three lists, 
that only one word ('coin') in the nnn group overlaps with 
glob.ate and that two ( 'ton' and 'assay') occur in both ate 
and glob.ate. 

The next variation, indicated by 10, 20 and 66, refers 
to the length of the vector, i.e. the n topranking key
words according each of the three scoring methods de
scribed above. 

Finally the final notation of the weight is indicated. If 
no suffix is added after the length-indicator it means that 
binary weights are used - one for occurrence, zero for no 
occurrence. The suffix .int means that the words are scored 
according to frequency and the suffix .real indicates that 
the ate-weight is used. This of course is the global atc
weight, because all documents have to be indexed. 

To get a 'base line' performance of these words as 
classifiers, we created for each of the documents in the 
testset corresponding vectors and compared the local dic
tionaries to the documents using the cosine as similarity 
function. In table 3 the performance of these local dic
tionaries as queries, e.g. classification rules is displayed, 
using the cosine as similarity function. As expected, the 
words selected by the global ate method scored best, but 
the fact that the vectors of only ten or twenty words long 
score better than the longer vectors comes as a surprise. 
We also see that the use of word weights in the vector does 
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not add to the performance but instead decreases it. 

3.4.1 Rocchio 

To be able to put the other outcomes into perspective, we 
then used the well-published Rocchio's algorithm as a clas
sifier, which here is implemented as the centroid or mean 
of the positive examples. As a similarity function we used 
the cosine, which is often used in this kind of experiments: 

r~1 dj;•dk; 
Sim( d j, dk) = --;::::::::::::::::::::===== 

L~1 dj; • L~1 dl; 

where dj and dk are document (or document and 
query) vectors and mis the length of the vecor (number of 
features). Noreault and his collegues collected and tested 
a great number of these functions ([25]). Of the 24 func
tions they presented in their article the best scoring was the 
Pearson Product Moment Correlation that is rather simi
lar to the cosine (the cosine itself was not in their list) but 
in our initial experiments this last measure scored consis
tently lower than the plain cosine and in later experiments 
it was discarded. 

A document would be judged as belonging to the class 
when the similarity between the centroid and a vector 
was above a certain threshold. By varying this threshold 
we could trade precision for recall and thus compute the 
breakeven point. In table 2 the results are shown for both 
the normal cosine and the Pearson variation as the similar
ity functions. 

Here we do observe that the performance increases 
with the vector length. Also, the real-weighted vectors 
(tf.idf) do better than the integer (frequency-weighted) 
vectors. 

3.4.2 Rule induction 

The next series of experiments continued in the same vein 
as the work of Apte, Damereau and Weiss, but with a dif
ferent Machine Learning program. Where these other au
thors used SWAP-I, we used C4.5. Also we greatly varied 
the way in which the local dictionaries were obtained, as 
described in detail above, because we wanted to compare 
different strategies of constructing those local dictionaries. 
The results are in table 1. 

Apte and his co-researchers used in· their experiments 
both 'local dictionaries' and entropy-based feature selec
tion methods based on the complete or 'universal' dictio
nary (local dictionaries here are dictionaries that are com
posed from documents in the training set that were as
signed to a certain category). The features were stored ei
ther as boolean values or as the frequency of the word in 
the document. On the evidence of their experiments they 
concluded that the local dictionaries scored better than the 
universal dictionary by two or three percent and the same 
was true for the frequency-weighted features compared to 
the boolean features (see table 5, taken from [1]). 

Our first step consisted of the creation of local dictio
naries for each class under consideration. This was where 
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two of the three variations were introduced: the vector 
length and the ranking method. Apte and his collegues 
used the 150 most frequent words in every local dictionary 
and subtracted stop words from a brief universal list of stop
words ( 427 words) from them, keeping 80-100 words from 
the original list. Our experiments introduced the variations 
as described. Although we did some experiments with a 
vector length of 100 features, we found that the improve
ments over shorter vectors were marginal at best. We then 
scored the words in the local dictionaries according to oc
cure~ce (binary), frequency (integer) and weight (real); the 
results are displayed in table 1. 

3.4.3 Genetic Algorithms 

We already mentioned the experiments of Chen in using 
a Genetic Algorithm as learning algorithm for relevance 
feedback [ 12]. Given a initial set of retrieved documents, 
he selected the positive examples as the starting point of a 
population, taking the document vector as the chromosome 
and the individual keywords as gens. The fitness function 
that he applied was the similarity of each document vec
tor to all other vectors from the selection using Jaccard's 
coefficient. 

We reasoned that in the same vein GA's could be ap
plied to find the optimal weights for classes. Therefore 
we ran the positive examples from the training set through 
Grefenstette's Genesis program, using the same similarity 
and fitness-function as Chen had used, obtaining an opti
malized vector. This then was compared with all docu
ments from the test set similar to the centroid experiments 
described above, using again the cosine as similarity func
tion. The results are displayed in table 6. Please note that 
the averages are computed without non-values. 

3.4.4 Singular Value Decomposition 

The last series of experiments were done in reducing the 
feature set using SVD as described above. Again we used 
the index prepared by Smart, with usage of stopwords and 
stemming and as weights the ate-weights computed over 
the training set and test set together, which gave a total of 
22213 different wordstems. We decided to lump training 
and test set together, again because of the document fre
quency that was needed in the ate-weight. After that both 
sets again were separated in the matrices Train = (Train
Doc: Terms) and Test= (TestDoc: terms). 

The Singular Value Decomposition then was applied 
to the trainingset, obtaining three new matrices from the 
training matrix: D = (TrDoc: Sing), S =(Sing: Sing) and 
T =(Sing: Term). The new training set TrD then was 
created by multiplying D with S and a new test set by mul
tiplying Te with T, obtaining TeD = (TeDoc: Sing). 

From the training set TrD the centroids for the classes 
were computed and compared to the test set TeD. The re
sults are displayed in table 7. 
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4 Conclusions 

The experiments were meant to give a common ground 
of comparing several variations of document representa
tions and classification strategies. Although perhaps not 
all strategies have been tuned to top performance and the 
comparison of performance measures remains problemati
cal, some conclusions may be drawn. 

4.1 The local dictionaries 

To begin with it is clear from the tables that for the lo
cal dictionaries (tables 3, 2, I and 6) the words chosen by 
ranking the global ate values performed better than local 
ate values and dramatically better than the nnn values. The 
difference between global ate and local ate would be 20% 
of the lower (ate) value; the difference between nnn and lo
cal ate would be 700% or more (reckoned over the micro
evaluation). This was true regardless the actual strategy 
applied, either Rocchio, C4.5 or GA. 

The differences between shorter and longer vectors 
were less outspoken. In half of the experiments the shorter 
vectors outperformed the longer ones (for instance in ta
bles 3 and 6). 

Also the performance of binary weights as compared 
with frequencies (int) or ate-values (real) was not so clear 
as with the nnn, ate and glob.ate experiments. Here as 
with the vector lengths the real-weighted vectors some
times scored better, sometimes worse, so that no clear con
clusion could be drawn from the results. 

The overall conclusions to be drawn from these results 
is that local dictionaries are best constructed using as a 
ranking measure a weight that contains word frequency in
formation from the complete database as the glob.ate does, 
rather than word frequency information from the class ex
amples only as the ate and nnn do. The length of the vector 
or the actual word weights in the vector have less impact 
on the result. 

4.2 The strategies 

When we try to compare the strategies, we are of course 
faced with the problem that the separate precision and re
call values that were returned by the C4.5 experiments can
not be compared directly with the breakeven points that are 
used to score the other experiments. A very rough compar
ison can be made when we assume the breakeven point to 
lie somewhere between precision and recall. This does not 
conflict with the results of Apte, Damereau and Weiss and 
confirm that rule induction performs best (table 1). 

The Rocchio centroid and the GA score on average in 
the 50% range with a peak for Rocchio in glob.ate.JO.int 
(0.628) and for the GA in glob.ate.JO.real (0.633). But as 
the fitness function that we applied in the GA (the similar
ity between the vectors of the population) causes the vec
tors to home in on something very much like the centroid 
this would be expected. 

But when we compute the accuracy for the VSM 

12 

comparisons of table 2 and the rule induction classification 
of table 1 we see a peculiar tendency. In both tables 
the colums that contain the accuracy, display a good 
correlation with the corresponding recall column but the 
C4.5 table has an accuracy and a recall that is approx
imately half that of the cosine comparisons of table 2 
(taking the micro evaluation). However, the precision for 
both tables is drastically different, the cosine table hav
ing a very low precision and the C4.5 table a very high one. 

The SVD experiments also stand on their own, be
cause no local dictionaries were used. In table 7 we see 
the average score, both with zero results taken in account 
(lower half) and omitted from the averages (upper half of 
the table). With a highest micro-evaluation of 0.662 this 
method scores reasonably well, although perhaps not so 
well as expected (compare Dumais [23]). The only dif
ference with the Dumais experiment seems to be that here 
not the ate but the ltc variant of the tf.idf was used (see 
table 8). 

4.3 Further work 

The experiments in this article have been aimed at creat
ing a general framework in which documents could be cat
egorized by several strategies, but under similar circum
stances. A major problem was and still is finding a mea
sure for the performance that can be applied to the outcome 
of any strategy. So far we have not been able to reconcile 
the single-threshold figures of, e.g. C4.5 with the varying
threshold figures of the Rocchio type comparisons and this 
should be the next problem to tackle. 
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Macro eval. Micro eval. 
Pr. Rec. Pr. Rec. Accuracy 

avg. nnn 0.344 0.144 0.672 0.088 0.42 
avg. ate 0.499 0.229 0.817 0.550 0.47 
avg. glob.ate 0.683 0.457 0.834 0.664 0.67 
avg. 10-length 0.446 0.222 0.780 0.386 0.47 
avg. 20-length 0.503 0.260 0.778 0.430 0.51 
avg. 66-length 0.578 0.348 0.766 0.487 0.60 
avg. bin-vectors 0.496 0.290 0.768 0.457 0.57 
avg. int-vectors 0.510 0.264 0.799 0.426 0.51 
avg. real-vectors 0.521 0.276 0.757 0.420 0.51 

Table 1: Precision and recall for classification with C4.5, 

experiment macro micro accuracy prec. recall 
avg. nnn 0.241 0.077 0.76 0.10 0.66 
avg. ate 0.316 0.503 0.79 0.09 0.71 
avg. glob.ate 0.497 0.562 0.90 0.21 0.85 
avg. 10-length 0.357 0.361 0.79 0.15 0.69 
avg. 20-length 0.366 0.388 0.81 0.13 0.74 
avg. 66-length 0.410 0.427 0.84 0.13 0.79 
avg. bin-vectors 0.366 0.380 0.83 0.11 0.78 
avg. int-vectors 0.334 0.375 0.78 0.11 0.68 
avg. real-vectors 0.432 0.422 0.83 0.22 0.73 

Table 2: Breakeven points and accuracy with associated 
precision and recall for VSM 

experiment macro micro 
nnn.10 0.135 0.063 
non.IO.int 0.130 0.058 
non. IO.real 0.134 0.061 
nnn.20 0.156 0.069 
nnn.20.int 0.136 0.055 
nnn.20.real 0.160 0.060 
nnn.66 0.149 0.064 
nnn.66.int 0.137 0.045 
nnn.66.real 0.167 0.065 
ate.IO 0.276 0.499 
ate.IO.int 0.255 0.466 
atc.10.real 0.253 0.466 
atc.20 0.292 0.520 
atc.20.int 0.258 0.503 
atc.20.real 0.252 0.499 
atc.66 0.243 0.394 
atc.66.int 0.296 0.389 
atc.66.real 0.209 0.377 
glob.ate. IO 0.481 0.659 
glob.ate. IO.int 0.428 0.621 
glob.ate. IO.real 0.452 0.635 
glob.atc.20 0.448 0.634 
glob.atc.20.int o.38g 0.604 
glob.atc.20.real 0.406 0.607 
glob.atc.66 0.326 0.472 
glob.atc.66.int 0.332 0.478 
glob.atc.66.real 0.313 0.471 
avg. nnn 0.1,45 0.060 
avg. ate 0.259 0.457 
avg. glob.ate 0.386 0.556 
avg. IO-length 0.283 0.392 
avg. 20-length 0.277 0.395 
avg. 66-length 0.241 0.306 
avg. bin-vectors 0.278 0.375 
avg. int-vectors 0.262 0.358 
avg. real-vectors 0.261 0.360 

Table 3: Base line performance of local dictionaries with 
cosine 
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ate.IO 
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feet grad corp ton resourc reserv assay expect produc 
gold ounc mine ton ore silf grad assay coin 

Table 4: Nine highest scoring features for gold according 
to weighting method 

Learning method Dictionary Text Representation Breakeven (%) 
Optimized Rule local Frequency+ Titles 80.5 
Induction 

Frequency 78.9 
Boolean 78.5 

universal Frequency 78.0 
Boolean 75.5 

Decision Tree 67.0 
Probabilistic 65.0 
Bayes 

Table 5: Breakeven points for Reuters English Data 

macro micro 
avg. nnn missing missing 
avg. ate 0.278 0.486 
avg. glob.ate 0.381 0.560 
avg. 10-length 0.359 0.548 
avg. 20-length 0.341 0.536 
avg. 66-length 0.304 0.489 
avg. bin-vectors 0.312 0.523 
avg. int-vectors 0.285 0.492 
avg. real-vectors 0.407 0.558 

Table 6: Breakeven points for using a GA-produced query. 

length records classes macro micro 
50 3708 84 0.383 0.662 

100 3708 84 0.422 0.656 
150 3708 84 0.450 0.661 
200 3707 83 0.462 0.655 

50 3748 93 0.346 0.655 
100 3748 93 0.381 0.649 
150 3748 93 0.407 0.654 
200 3748 93 0.413 0.648 

Table 7: Results for classification on svd with cosine Ref
erences 
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The value of the parameter is a 3 character code (eg •ate"): 
First char gives the term-freq procedure to be used 
Second char gives the inverted-doc-freq procedure to be used. 
Third char gives the normalization procedure to be used. 

There are three possible conversion that can be performed on each vector: 
1. Normalize term-freq component - most often the tf component is 

altered by dividing by the max tf in the vector 
2. Alter the doc weight, possibly based on collection freq info. 

Note that this is done individually on each term 
3. Normalize the entire subvector - most often to •sum of squares• of 

terms= 1. Alternative is sum of terms= 1 

Weighting schemes and the desired weight-type parameter 
Parameters are specified by the first character of the incoming string 

1. •none• new-tf = tf 

"binary• 
•max-norm• 

•aug-norm• 

•square• 
"log• 

2. •none• 

•tfidf• 

•prob• 

•freq• 
•squared" 

3. •none• 

•sum• 
•cosine• 

•fourth" 
•max• 

No conversion to be done 1 <= new-tf 
new-tf = 1 
new-tf = tf I max-tf 
divide each term by max in vector O < new-tf < 1.0 
new-tf = 0.5 + 0.5 * (tf I max-tf) 
augmented normalized tf. 0.5 < new-tf <= 1.0 
new-tf tf * tf 
new-tf ln (tf) + 1.0 

new-wt new-tf 
No conversion is to be done 
new-wt= new-tf * log (num-docs/coll-freq-of-term) 
Usual tfidf weight (Note: Pure idf if new-tf = 1) 
new-wt= new-tf * log ((num-docs - coll-freq) 

I coll-freq)) 
Straight probabilistic weighting scheme 
new-wt new-tf In 
new-wt= new-tf * log(num-docs/coll-freq-of-term)**2 

norm-weight= new-wt 
No normalization done 
divide each new-wt by sum of new-wts in vector 
divide each new-wt by sqrt (sum of(new-wts squared)) 
This is the usual cosine normalization[ ... ) 
divide each new-wt by sum of (new-wts ** 4) 
divide each new-wt by max new-wt in vector 

Table 8: Variations on the computation of the tf.idf 
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SACJ is produced using the ~TEX document prepa
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were produced using a style file for a much older version 

of IbTEX, which is rio longer supported. Please see the web 
site for further information on how to produce manuscripts 
which have been accepted for publication. 

Authors of accepted publications will be required to 
sign a copyright transfer form. 

Charges 
Charges per final page will be levied on papers accepted 
for publication. They will be scaled to reflect typesetting, 
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further attention. The maximum is R 120.00, prices inclu
sive of VAT. 
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Proofs 
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ensure that typesetting is correct, and not for addition of 
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proofs should be returned to the production editor within 
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Letters and Communications 
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and communications of interest to the readership will be 
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