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Abstract. Knowledge Discovery in Databases (KDD) focuses the
computerized exploration of large amounts of datid an the discovery of
interesting patterns within them. While most workkDD has been concerned
with structured databases, there has been littlek vem handling the huge
amount of information that is available only in trostured textual form.
Previous work in text mining focused at the wordttoe tag level. This paper
presents an approach to performing text mininchatterm level. The mining
process starts by preprocessing the document tioleand extracting terms
from the documents. Each document is then repreddnt a set of terms and
annotations characterizing the document. Terms aaditional higher-level
entities are then organized in a hierarchical taron In this paper we will
describe the Term Extraction module of the Docuniexplorer system, and
provide experimental evaluation performed on a &fet52,000 documents
published by Reuters in the years 1995-1996.

1 Introduction

Traditional databases store information in the fafstructured records and provide
methods for querying them to obtain all records sehc@ontent satisfies the user's
qguery. More recently however, researcher&nowledge Discovery in Databases
(KDD) have provided a new family of tools for acsieg information in databases
[1,3,15,19,20]. The goal of such work, often dalfiata mining, has been defined as
“the nontrivial extraction of implicit, previouslyinknown, and potentially useful
information from given data” [15]. Work in this e& includes applying machine-
learning and statistical-analysis techniques tos/éind automatic discovery of patterns
in databases, as well as providing user-guided@mvients for exploration of data.



Most efforts in KDD have focused on knowledge disry in structured databases,
despite the tremendous amount of online informatii@t appears only in collections
of unstructured text. Previous approaches to tekting have used either tags
attached to documents [11,12,13] or words contaiméioe documents [21].

Standard Text Mining systems do not usually opevatenprepared documents but
rather on “categorized documents”, i.e. documeriat twere (manually or
automatically from a set of examples) tagged wihmis identifying their content.
Such systems can of course be extended to useulh&et of the document by
systematically tagging the documents wéth the words they contain. This process
however, does not provide effectively exploitabsults, as has been shown for
association generation [22]. For example, in theeement just mentioned, the
association generation process detected either mamig, i.e. domain-dependent
terms such asnall, streefor [treasury, secretary, james, bgkehich cannot be
considered potentially useful associations or ek uninterpretable associations
such as dollars, shares, exchange, total, commission, stake, segutites
cannot be considered easily understandable.

The exploitation of untagged, full text documentserefore requires some
additional linguistic pre-processing, allowing tlaitomated extraction from the
documents of linguistic elements more complex thample words. We use
normalized terms, i.e. sequences of one or more lemmatized womiggior lemmas)
associated with their part-of-speech tags. “stockfidirket/N” or “annual/Adj
interest/N rate/N” are typical examples of suchnmalized terms.

In this paper, we present our approach to textnginivhich is based on extracting
meaningful terms from documents. The system destrib this paper begins with
collections of raw documents, without any labeldams. Documents are first labeled
with terms extracted directly from the document&xt\ the terms and additional
higher-level entities (that are organized in a dniehical taxonomy) are used to
support a range of KDD operations on the docum@tts.frequency of co-occurrence
of terms can provide the foundation for a wide mngf KDD operations on
collections of textual documents, such as findiegs sof documents whose term
distributions differ significantly from that of thdull collection, other related
collections, or collections from other points imé.

The focus of this paper is on the Term Extractiovdaie of our term-based text
mining system. In particular, we will describe tieem extraction algorithms and the
organization of the terms in a taxonomy. We belgis paper with the description of
the Term Extraction module of the Document Expl@gstem. We then describe how
we construct a hierarchical taxonomy of the exw#dcterms. Next, we present
experimental results from the Reuters financial sids@m 1995-1996. We conclude
by comparing the term-based approach to the tagebagproach and outline the
strength and weaknesses of each.



2. The Term Extraction Module

The Term Extraction Module is responsible for latgleach document with a set of
terms extracted from the document. An example efdlitput of the Term Extraction

module is given in Fig.1. The following excerpttéken from an article published by
Reuters Financial on 5/12/96. Terms in this exctrat were identified and designated
as interesting by the Term Extraction module amedmed.

Profits at Canada’'s six big banks topped C$6 billion

(%$4.4 bi l'lion) in 1996, smashi ng | ast year’s
C$5. 2 billion ($3.8 billion) record as
Canadi an I nperi al Bank of Conmmer ce and

Nati onal Bank of Canada wapped up the earnings season
Thursday. The six banks each reported a double-digit junp
in net income for a conbined profit of C$6.26 billion
($4.6 billion) in fiscal 1996 ended Cct. 31.

But a third straight year of record profits cane
amid growing public anger over perceived high service
charges and credit card rates, and tight lending
poli ci es.

Bank officials defended the group’ s perfornance,
saying that mllions of Canadians owned bank shares
t hrough mutual funds and pension plans.

Fig. 1. Example of the output of the Term Extraction Ma&luTerms chosen to label the
document are underlined.

The overall architecture of the Term Extraction mleds illustrated in Fig.2. There
are three main stages in this module: LinguistiepRicessing, Term Generation and
Term Filtering.

The documents are loaded into the system throwggieeial reader. The reader uses
a configuration file that informs it of the meaniofjithe different tags annotating the
documents. In such a way, we are able to handdege lvariety of formats. The TPL
reader packages the information into a standardi&L file.

> préprocessin Term Generaion
FPreprocessing
— — P Candidate Generation Term
\ - Reader  ——» Tokenization —> Combination of > Eleing [ Terms

Part of Speech Tagging Candidates

Lemmatization
Linguistic
Patterns +
Association

Metrics

Fig. 2. Architecture of the Term Extraction Module

The next step is the Linguistic Preprocessing theludes Tokenization, Part-of-
Speech tagging and Lemmatzations (i.e., a lingaiyi more founded version of



Stemming [17]). The objective of the Part-of-Spedabging is to automatically
associate morpho-syntactic categories suatoas, verb, adjective, etc., to the words
in the document. In our system, we used a ruleebagpgroach similar to the one
presented in [4] which is known to yield satisfyiresults (96% accuracy) provided
that a large lexicon (containing tags and lemmas) some manually hand-tagged
data is available for training.

The Term Generation and Term Filtering Modules described in the following
subsections.

Term Generation

In the Term Generation stage, sequences of taggerthas are selected as potential
term candidates on the basis of relevant morphtastio patterns (such as “Noun
Noun”, “Noun Preposition Noun”, “Adjective Noun”, t®). The candidate
combination stage is performed in several passesath pass, association coefficient
between each pair of adjacent terms is calculatedaadecision is made whether they
should be combined. In the case of competing pitifisib (such as (tt,) and (f t,) in

(t, t, t)), the pair having the better association coedfitiis replaced first. The
documents are then updated by converting all coatbterms into atomic terms by
concatenating the terms with an underscore. Thdengrocedure is then iterated until
no new terms are generated.

The nature of the patterns used for candidate g#doeris an open research
question. In [8] and [9] specific operators (sustoaercomposition, modification, and
coordination) are proposed to select longer tersgnsiging combinations of shorter
ones. In [7] candidate terms are taken to be NoouAN sequences (i.e. Noun
sequences of length 2 or more). This technique oweat the precision but reduced
recall. [18] suggests to accept prepositions ad aladjectives and nouns. This
approach generate a much larger number of termidated, while in [14] only
(Noun|Adjective)-Noun sequences are accepted toceethe amount of “bad” terms.

In Document Explorer we used two basic patternsuriNdoun and Adjective-
Noun, but we also allowed the insertion of any kafdDeterminer, Preposition or
Subordinating Conjunction. Therefore sequences sasgltthealth program for the
elderly”, “networking software for personal compste “operating system of a
computer” or “King Fahd of Saudi Arabia” are acazpas well.

We have tested 4 different association coefficieatsoccurrence frequencys,
Association Ratio [5], and Log-Likelihood [9,10]h& co-occurrence frequency is the
simplest association measure that relies on thebaurof times that the two terms
match one of the extraction pattergb.has been used to align words inside aligned
sentences [16] and for term extraction [9]. The o&sstion Ratio was used for
monolingual word association and is based on theeqt of mutual information. Log-
Likelihood is a logarithmic likelihood probabilityDur candidate combination phase
uses two thresholds. The first is a threshqld for the co-occurrence frequency. The
second is a threshold_J.. for additional filtering on the basis of a complemtary
association coefficient.



Term Filtering

The Term Generation stage produces a set of tesseciated with each document

without taking into account the relevance of thiesms in the framework of the whole

document collection. A consequence of this is estsuttial over-generation of terms.

Additional filtering is therefore necessary andesaV approaches can be tested.

The goal of the Term Filtering stage is to reduoe number of term candidates
produced by the Term Generation stage on the lodsi®me statistical relevance-
scoring scheme. After scoring all the terms geeerat the Term Genration stage, we
sort them based on their scores and select onltph® terms.

For Example, the following are all two-word terrhatt were identified in the Term
Generation stage but later filtered out in the TeFitering stage:ri ght
direction, other issue, point of view, |ong way, question
mar k andsane time. These terms were determined not to be of intéreste
context of the whole document collection eitherehese they do not occur frequently
enough or because they occur in a constant diitsibamong different documents.

We have tested 3 approaches for scoring terms basetieir relevance in the
document collection:

1. Deviation-Based approach: The rationale behind the deviation-based apprdsch
the hypothesis, often used in lexicometry, thamtemith a distribution uniform
over a collection of documents correspond to tewitls few semantic content (i.e.,
“uninteresting” words to be filtered out [2]). Weauthe standard deviation of the
relative frequency of a tertrover all the documents of the collection as ityasc

2. Statistical Significance approach: The underlying idea is to test whether the
variation of the relative frequency of a given terin the document collection is
statistically significant. This is done using thesignificance test on the relative
frequency of a given term

3. Information Retrieval approach: The notion of term relevance with respect to a
document collection is a central issue in informatietrieval [23]. We assign each
term its score based on maximgdidf (term frequency - inverse document
frequency, maximal with respect to all the docuteémthe collection).

An example of the results of the Term Filteringgstéor tf-idf scores is given in Fig.3.

The table shows the scores of the terms foundenettcerpt given in Fig.1. Terms

appearing in the shaded region were discardeckifrittering stage.

Term Score Term Score
net_income 17.17 record_profit 5.63
bank 14.88 canadian_imperial_bank of commeice %.56
earnings 11.4]] big_bank 5.39
canada 10.39 canadian 5.29
mutual fund 8.22 lending 4.78
national_bank of canadd 7.68 credit_card 4156
bank_official 6.56 jump 4.03
pension_plan 6.34 season 3.86
profit 6.20 group 3.77
performance 6.09 policy 2.84
anger 5.82 share 1.50

Fig. 3. Scores of the terms found by the Term Generatagesfor the document in Fig.1.



3. Taxonomy Construction

One of the crucial issues in performing text minaighe term level is the need for a
term taxonomy. A term taxonomy enables the prodactf high level association

rules which are similar to General Association Ru[@4]. These rules capture
relationships between groups of terms rather thdividual terms. A taxonomy is also
important in other text mining algorithms such asxiial Association Rules and

Frequent Maximal Sets [12].

A taxonomy enables the user to specify mining tasksconcise way. For instance
when trying to generate association rules, ratiem tooking for all possible rules, the
user can specify interest only in the relationshipscompanies in the context of
business alliances. In order to do so, we neechtvdes in the term taxonomy marked
"business alliances" and "companies". The firstenadntains all terms related to
alliance such as “joint venture”, “strategic alkaf, “combined initiative” etc., while
the second node is the parent of all company namesr system (we used a set of
rules and knowledge extracted from WWW directottegenerate company names).

Building a term taxonomy is a time consuming tadknce we provide a set of
tools for semi-automatic construction of such aotemy. Our main tool is a
taxonomy editor. This tool enables the user to raaset of terms or an external
taxonomy, and use them to update the systéam taxonomy. The user can drag
entire subtrees in the taxonomies or specify a set of terms via regular expressions. In
our case, the initial set of terms is the set of all terms extracted from the Reuters
52,000 document collection. The terms matching any user-specified pattern is
represented as a subtree, and can be dragged to an appropriate place in the target
taxonomy.

The taxonomy editor also includes a semi-auomatic tool for taxonomy editing
called the Taxonomy Editor Refiner (TER). The TER compares generated frequent
sets against the term taxonomy. When most of the terms of a frequent set are
determined to be siblings in the taxonomy hierarchy the tool suggests adding the
remaining terms as siblings as well. For example, if our taxonomy currently contains
15 companies under the "tobacco companies' and the system generated a frequent set
containing many tobacco companies, one of which does not appear in the taxonomy,
the TER will suggest adding this additional company to the taxonomy as a tobacco
company. The TER aso has a term clustering module again suggest that terms
clustered together be placed as siblings in the taxonomy.

4. Experimental Evaluation

We have used 51,725 documents from the Reuters financial news of years 1995-1996.
This collection is 120M RAM in size and contains over 170,000 unique words. Each
document contained on average 864 words. In the Term Generation stage, 1.25M
terms were identified (25M RAM), 154K of them unique. After the Term Filtering
stage we were left with 975K term (approximately 45 terms per document), 16,847 of



them unique. Our feature space was therefore redagcenore than a factor of 10 and
the average document length was reduced by a fatge.

In the example presented below the user is inteddst business alliances between
companies. She therefore specifies a filter for #ssociation rules generation
algorithm, requesting only association rules wittimpanies on the LHS of the rule
and business alliance topics on the RHS.

Using the Reuters document corpus described alim@&jment Explorer generates
12,000 frequent sets that comply with the restictspecified by the filter (with a
support threshold of 5 documents and confidenasstioid of 0.1). These frequent sets
generated 575 associations. A further analysis vedhoules that were subsumed by
other rules, resulting in a total of 569 rules. @&nple of these rules is presented in
Fig.4. The numbers presented at the end of each ard the rule’s support and
confidence.

america online inc, bertelsmann @gjoint venture 13/0.72

apple computer inc, sun microsystemslihenerger talk 22/0.27
apple computer inc, taligent in¢ joint venture 6/0.75

sprint corp, tele-communications iat alliance 8/0.25

burlington northern inc, santa fe pacific catpmerger 9/0.23
lockheed corp, martin marietta cdrp merger 14/0.4

chevron corp, mobil corpl joint venture 11/0.26

intuit inc, novell incd merger 8/0.47

bank of boston corp, corestates financial dormerger talk 7/0.69

Fig. 4. A sample of the association rules found by Textvith companies on the LHS of the
rule and business alliance topics on the RHS.

The example above illustrates the advantages @bnpeing text-mining at the term
level. Terms such as "joint venture" would be tgtédst if we worked at the word
level. Company names, such as "santa fe pacifip"cand "bank of boston corp”,
would not have been identified as well. Another amant issue is the construction of
a useful taxonomy such as the one used in the dgaafpve. Such a taxonomy
cannot be defined at the word level as many logitgcts and concepts are, in fact,
multi-word terms.

5. Conclusions

Previous approaches to text mining have used eigs attached to documents or
words contained in the documents. Tags were eitbgigned manually like in some of
the on-line services (Dialog, Reuters), which igeay expensive and time consuming
process, or by using machine learning algorithméies€ text-categorization

algorithms must be provided with a training setpoé-tagged documents. The main
drawbacks of the machine learning approach areithatjuires an expert to go and
tag hundreds of training documents and that therracy is not high enough. The



break-even point of these algorithms is below 8@% This tag-based approach is
characterized by a relatively small and controlleacabulary. This has many

implications on the results of the mining operasio®n the one hand, the tags are
meaningful and are often organized in a taxonomys the mining results are often of
high quality. On the other hand, much of the infation present in the documents is
not captured by the tags and thus is lost for theng process.

Systems that use the full texts of the documentd to produce a huge number of
often meaningless results. In one example, thecagsm generation process detected
either compounds, i.e. domain-dependent terms agdlreasury,secretary,james}
0O {bakef, or extracted uninterpretable associations [Z}jere is an additional
disadvantage when using the full text of the doausand that is the execution time
and the memory requirements of the mining algorithm

Term level text mining attempts to benefit from thdvantages of these two
extremes. On the one hand there is no need for effiart in tagging document, and
we do not loose most of the information presenth@ document as in the tagged
documents approach. Thus the system has the atblityork on new collections
without any preparation, as well as the abilityrterge several distinct collections into
one (even though they might have been tagged dogatial different guidelines which
would prohibit their merger in a tagged based syit®©n the other hand the number
of meaningless results and the execution time efrttining algorithms are greatly
reduced. Working on the term level also enablesctivestruction (with the help of
semi-automatic tools) of a hierarchical taxonomyiclwhs extremely important to a
text mining system. We are currently working oneampirical evaluation of the Term
Extraction process in which we shall compare thsulte obtained by different
methods to a set of terms designated as imporyadtuiman indexers.

One of the future directions is to use a hybrid rapph that represents the
document as a combination of tags and terms. Ih augay we can benefit from both
approaches.
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