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1 Introduction and Overview

The use of thesaurus-based indexing is a common approadticfeasing the performance of
information retrieval. In this thesis, we examine the aility of a thesaurus for a given set of
information and evaluate improvements of existing thedauget better search results. On this
area, we focus on two aspects:

1. We demonstrate an analysis of the indexing results aetliby an automatic document
indexer and the involved thesaurus.

2. We propose a method for thesaurus evaluation which isdb@se combination of sta-
tistical measures and appropriate visualization tectesghat support the detection of
potential problems in a thesaurus.

In this chapter, we give an overview of the context of our woNext, we brie y outline the
basics of thesaurus-based information retrieval and ibestite Collexis Engine that was used
for our experiments. In Chapter 3, we describe two experimménautomatically indexing
documents in the areas of medicine and economics with qmnelng thesauri and compare
the results to available manual annotations. Chapter 4idesamethods for assessing thesauri
and visualizing the result in terms of a treemap. We depiatrgpes of interesting observations
supported by the method and show that we actually nd clifcablems. We conclude with a
discussion of open questions and future research in Chapter

1.1 Introduction

Advanced methods for retrieving documents based on theiteots are becoming more and
more important in many application areas. Today, infororatbout virtually any topic is
accessible in digital form through digital libraries whiate accessible over the web.

Beside full-text search, semantic search applicationh aittomatically or manually created
annotations of documents in terms of keywords from corcbllocabularies and thesauri are
used. In particular, they solve the problem of using diffiéterms to talk about the same topic.
This is done by explicitly representing information aboynn@nymous terms and relating them
to a preferred term that is used to describe the content ofandent.

The bene ts of using a thesaurus for annotating documentsesoat the price of the effort
needed for annotating large document sets. Traditiontilg, annotation is done manually
by specialists that read the abstract of a document andaledicth of the preferred terms in a
thesaurus describe its content best. But with the incrgasimount of information manual anno-
tation is not feasible any more. Therefore, techniques titoraatically annotating documents
with terms from a thesaurus become more and more important.
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1.2 Motivation

With the increased use of automatic indexing techniquesndanental problem of thesauri
becomes more pressing: while the limitation of annotattongreferred terms in the thesaurus
improves document search, the quality of the annotatiays santly depend on the quality of
the thesaurus. If the terms of the thesaurus do not adeyuaieér the topics represented in
the documents, the annotation will be far away from optimudrhis problem is less pressing
when annotation is done manually, because the human aonotet compensate for a subopti-
mal thesaurus by choosing nontrivial combinations of égsterms or even by modifying the
thesaurus to better cover a particular topic.

In the presence of fully automatic annotation, the issueheaurus quality becomes an es-
sential one, because existing methods for automatic atmi@re not able to compensate for
missing or misleading terms. We argue that methods for aafiorthesaurus-based document
annotation require an additional thesaurus assessmeninsitéhich the suitability of the the-
saurus as a basis for annotating a certain document seteissasls The goal of this step is to
avoid the problems mentioned above and to unveil hiddenlgmbin the thesaurus that rst
need to be xed before automatic annotation can be perforsuedessfully. We further argue
that this assessment step has to be an interactive one.

There are approaches that aim at computing the quality oésatirus or more generally an
ontology either simply on the basis of the thesaurus or bagetthe correspondence between
the thesaurus and the corpus of documents. While such neeéined good starting point for an
analysis because they can provide interesting statidticatahe thesaurus and the documents
at hand, they can only provide hypotheses about potentiddigoms. For instance, a certain
thesaurus term is very rarely used to annotate documents tfie corpus. This can be due
to a problem in the thesaurus (for example caused by missingnygms) or it can just be a
consequence of the fact that some particular topic is notioresd in the corpus. The decision
whether a certain observation actually reveals a problethdrthesaurus requires a human in
the loop.

1.3 Research Questions and Contributions

In this thesis, we present an approach for interactivelgsssg the suitability of a thesaurus
for automatically annotating a given document set. Our ogtttombines the application of
statistics of concepts in the thesaurus backed by infoomdtieory and a visualization of the
results of the statistical analysis in a way that helps tles tesidentify and further investigate
potential problems in a thesaurus. We describe this methdaealuate it in two experiments
with different thesauri and document sets. In particular take the following steps:

We automatically create annotations and compare them stirximanual annotations.

We develop an approach to evaluate the quality of the autormamotations and use it to
judge the suitability of the German standard thesaurushioetonomic domain (Standard
Thesaurus Wirtschaft) for automatic indexing comparedéwell established Medical

Subject Headings (MeSH) for the medical domain.



1.3 Research Questions and Contributions

We propose a new analysis approach using a combinationarhiattion theoretic mea-
sures and advanced visualization and use it to analyze thaldave mentioned thesauri
and to identify some problems and non-problems.

We use our evaluation approach to show that xing the proklédenti ed using our
method indeed improves the automatic annotations comgaréte manually created
ones.
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2 Thesaurus-based Information Retrieval

According to [BYRN99], Information retrieval (IR) deals thithe representation, storage, or-
ganization of and access to information items (mostly damis). The representation and
organization of the information items should provide easgesas to the information which a
user is interested is.

Contrary to data retrieval (e.g. with a relational datapaisgormation retrieval works on un-
structured data with no well de ned semantics. Instead tfeeng all objects which match
certain conditions with a regular expression or some wlatialgebra expression, an informa-
tion retrieval system is used to nd relevant informatiom Bbgiven query. The relevance is
a rather diffuse criterion and depends on the correct irggaifon of the information items by
the IR system. This interpretation of a document involvesagxing syntactic and semantic
information from the document content.

The primary goal of an information retrieval system is taiese all relevant documents for a
given user query while retrieving as few non-relevant doents as possible.

In an information retrieval system, documents are usuallyaccessed directly but via a doc-

ument representation (record). Traditionally, such angcontains all information needed to

identify and locate the corresponding documents and additinformation to characterize the

content of the document, just like a record card in a librduiike these record cards, a record
contains information about the author, the title and theliphbr of a document, the year of

publication, an identi cation number, the so called sigmatand the location of the document
within the library. The document is characterized by somaumlly selected keywords, usually

contained in a library speci c controlled vocabulary, theesaurus. The process of assigning
the proper keywords is called indexing or annotation.

2.1 Problems of Full Text Search

The advancements of computer technology made it possildav® the whole text of a docu-
ment and use it for information retrieval. Such a represmmtas called a full text representation
and the search in these representations is called full éaxth.

Obviously, the advantage of a full text search is that thexith process is very simple and no
controlled vocabulary is needed. Itis independent of thigest area and even of the document's
language. For these reasons, full text search currentheistandard method used by internet
search engines.

The problem of full text search is that the user is requireds® the same terms in the query as
used in the relevant documents. In case of existing synotigneterm, all synonyms should
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be included in the query, as within one document, usually onle of the synonyms is used.
This problem is even impaired by different grammatical ieos used in the documents. When
using the search engine Googléhe result set depends strongly on the exact search tetitg as
following example illustrates:

Search for “heart attack”: 16 million results
Search for “heart attacks”: 1.1 million results

Search for “Myocardial infarction”: 4.7 million results.

On the other hand, if a term in the query has homonyms (i.e svaiith multiple but different
meanings), all documents with the given term are foundpeetvely of the meaning.

Figure 2.1 demonstrates this for the Google search engercBing for “jaguar” reveals four
different senses on the rst ten result hits: The car, the e nick name as part of the title
“Aimée & Jaguar” and a company named “Jaguar Models”.

2.2 Thesaurus-Based Search

In this section, we introduce some of the ideas used for thiasebased search with automati-
cally created annotations. In this work we use the follondegitions:

Thesaurus A hierarchy ofconcepts The hierarchy re ects a relation between the concepts
depending on the purpose of the thesaurus, like “is a”, “p8ror just “related to”. In

literature, sometimes the more general notiotologyis used.

Concept A concept consists of severrmsand represents the meaning of all these terms.
Another notion, especially in the environment of the MeSek#urus, islescriptor

Keyword Keyword is the traditional notion for eonceptused to annotate a document. As
such, it is the same as a concept. We use the ndgmwordfor a manually selected
concept, in contrast to the automatically assigned cosceytich we refer to asoncepts.

Term Aterm is a single word, usually in it's basic form. It is alssferred to asynonym, entry
termor justword, but especially in the latter case, one often means the lagtud in a
text in its in ected form.

Document A document is the actual manifestation that can be seardheadith a search en-
gine. It can be virtually anything, but in the context of tivsrk, documents are electronic
representations like abstracts and fulltexts of papersanés, PDF% websites, etc.

Record Arecord is the representation oflacumentn the database of the search engine. Like
a traditional library lecard, it usually consists of bibljraphic data like title, author,
publisher and a set of manually selecksywordsor automatically assignetbncepts

http://mww.google.com
2pdobe Portable Document Format
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Web Bilder Groups MNews FProducts Mehrw

E i h
GO ugle poauer _Suche | Eapne sube

Suche: r Dias W eb r Seiten auf Deutsch r Seiten aus Deutschland r Anpassen

Web

laguar Cars

Animated |aguar Badge - Aktuelles Angebot - Jaguar Partner - Jaguar Archiv - [aguar News - W erbung -
Unsere Gebrauchte agen - Finanzdienstleistungen ...

www.jagu arcars.comfdef - 1k - Im Cache - Ehnliche Saitan

|ar|_:|uar LK - |ar|_:|uar Cars - [ Diase Saite itharsatzan ]

Jaguar & Cw nership. Highlights. Gallery. Models & Pricing. Design Your XK. TEST DRIVE. Brochure. Dealer.
=N e slettar

werw . jaguar. cornfukfen - 1Tk - Im Cache - Ahnliche Seiten

|ar|_:|uar - [ Diese Seite ihersstzean ]
Cfficial worldwide web site of |[aguar Cars. Directs users to pages tailored to courtry -specific markets.
wevw . jaguar.comy - Shnliche Seiten

|ar|_:|uar - [ Dizse Seite harsetzan ]
General infformation and facts from Big Cats Online.
werwr.agarman. dial. pipex. comfjaguar.htrm - 11k - Im Cache - Lhnliche Seiten

Apple - Apple - Mac OS5 ¥ - Leopard Sneak Peek - [ Diese Seite (ibarsetzen ]
Get & glimpse of the not-so-distant future. Introducing Mac 05 X Leopard.
werer . apple.comfmacos) - 17k - Im Cache - Shnliche Seiten

jaguar racing

weew . jagu arracing. comy - Ahnliche Seiten

laguar (car] - Wikipedia, the free encyclopedia - [ Diese Seite ibersstzen ]

Jaguar Cars Limited is a British based hxury car manufacturer, originally with headquarters in Browns Lane,
Cowentry, England but now ot Whitley, Coventry. ..,

en.wikipedia. orgiwikif|aguar_lcar) - 78k - Im Cache - Ahnliche Seiten

aguar - Wikipedia, the free encyclopedia - [ Diese Seite Ubarsetzen ]

The jaguar (Panthera oncal is a New World mammal of the Felidae family and ane of four "hig cats" in the
Panthera genus, along with the tiger, ..,

en.wikipedia. orgiwikif|aguar - 122k - I Cache - Ahnliche Seiten

filmtext. com Filmkritik Aimee und [aguar
(filrtext. carm) Ulrich Kihler und Benjamin Heisenberg treffen Abbas Kiarostarmi zurmn Intereiee .
filrmtext. cornfstart. jspTmode=18key =29 - 22k - Im Cache - Ahnliche Seiten

laguar Madels - Main Page iresin model kits] - [ Diese Seite ibersetzen ]
Flastic and resin military model kits from Japan, Europe, USA, and Asia.
werw . jaguarmodels. cormy - 2k - Im Cache - Ahnliche Seiten

Figure 2.1: Google Results for “jaguar”
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A brief example should illustrate the de nitions. We haveadment base of some scienti ¢
papers in PDF format. These are alacumentsNow we use our IR system to save these doc-
uments asecords For every PDF, aecordis created with the title, the author and a reference
to thedocument As we want to search for thesecordsvia somekeywords we select some
appropriateconceptdrom athesaurusand assign them aeywordgo therecord Additionally,

the IR system provides an automatic indexer, which usesaimethesaurug¢o annotate or in-
dex thedocumentFor example, the indexer detects them“heart attack” in the document. In
thethesauruswe have the followingoncept “Myocardial infarction” with the synonynterm
“heart attack”. As this matches the term found, the indessigmns the concept “Myocardial
infarction” to therecord Later, we use our IR system to search for relevaabrdswhich lead

us via the reference to the P@Bcument

Traditional library search engines generally use a simplletdxt search over the elements of
the records, usually the title, the author and the keywortiss is very simple and can be done
without high computational costs. The quality of the searesult depends strongly on the
quality of the manually selected keywords. As a human exg#ironly assign keywords with
a high relevance, the documents returned will probably beigi relevance for the user. But
the user is required to understand the used thesaurus amdl tihe appropriate keywords for
the query that match the assigned keywords.

A digital IR system that uses automatically annotated @xas database needs sophisticated
techniques to ensure that the results are relevant for tlen gearch query, as an automatic
annotation process usually assigns all concepts found acandent to the record. Moreover,
the search engine should also select records that do naticahé concept that is searched for,
but other highly related ones. These two aspects of detergnihe relevance of a concept and
searching for related relevant records are described ingkietwo sections.

2.2.1 The Vector Space Model

With the vector space model (Figure 2.2), the query and eadtrd is represented by a vector
in a space spanned by the words in the document base [SWY75].

The vector represents the words in a document in case of éefdllsearch. In this case, the
vector space is very high dimensional. The model is espgaaitable for thesaurus-based
search, where only relevant words are considered. Morgasexords with the same meaning
are represented by a single concept, the number of dimensisaduced even more.

The vector space model is based on the assumption that threnged a document is conveyed
by the words used. Near vectors should indicate that thesepted documents are related. As
the query is represented as a vector as well, relevant dodsraee determined by searching for
the nearest document vectors to the query vector.

Different distance measures can be used to determine thest@ad thus most relevant record
vectors to the query vector, for example the scalar prodioginus measure, Dice coef cient
and Jaccard coef cient [Fer03]. A short review of the cosimeasure, the Dice- and the Jaccard
coef cient can be found at [GF04].
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™ |
a
g | Record 4
Record 2§
Query
— Record 5
R — -
Concept 2

Record 1

Figure 2.2: Vector space model
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The components of the vectors represent the weight of eaateptr In the simplest case,
this could be just the frequency of the concept in the giverudeent. Consider the following
example:

With a thesaurus containing the concef#sn; moon; star), the following “documents” result
in these vectors:

0 1
| 1
“The sun is shining? "d; = @0 A
0
0 1
| 1
“The moon is a moon, whereas the sunis a dtard, = @ 2 A
1

2.2.2 Calculating concept relevance (TF-IDF)

The frequency of a concept in a document alone is not the aptmeasure for the relevance of

a concept for this document. If the same concept appearsdo@iments with this frequency,
it's relevance for each document would be rather low. So teguency is usually weighted by
the Inverse Document Frequencys the vector space model and this approach of calculating
relevance are not restricted to thesaurus-based searditewke following generally accepted
de nitions [GF04], despite the fact that in this work the oot “term” depicts the synonyms of

a concept in a thesaurus:

tfj Term frequencythe number of occurrences of a teynin a document. In our case, it
would be more consequent to caltitncept frequency

d; Document frequengyhe number of documents containing a tgrm

idj =log % Inverted document frequenayhered is the total number of documents.

The components of the document vectors are then calculated a

tfij idj tfij>0_

dij = _ .
0 tfij =0

(2.1)

This measure is often referred to as TF-IDF measure. Wit the above example changes to
(Fsun =2;idf sun = 0;Fmoon = 1;idf moon = 0:3; dFstar = 1;idf sar = 0:3):

0 1
| 0
“The sun is shining?’ "d; = @ 0 A
0
0 1
| 0
“The moon is a moon, whereas the sun is a dtard, = @ 0:6 A
0:3

10
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This illustrates two aspects of the TF-IDF measure: Firsglae other than zero will only be

assigned, if a concept occurs at least once in a documenh, @t@ncept is considered more
relevant for a document, if it has a higher frequency. Secandhlue of zero is assigned, if
a concept appears in all documents. In this case, it is ceregidas not relevant at all for the
meaning of a single document. Generally, a concept is ceraidmost relevant, if it has a high
frequency in a document and a low frequency over all docusnent

2.3 Precision and Recall

In this section, we brie y introduce the most common metticed in information extraction
for measuring the quality of search resulsecisionandRecall Generally, the measures work
on the set of documents in the document base and the resolt sefuery. We will use these
measures in a slightly different context, as we do not meatha quality of search results, but
the quality of the automatic indexing results. Therefored@scribe the measures with abstract
object sets.

Figure 2.3 illustrates the object sets de ned in an infoipratetrieval application. Generally,
there is anobject basge.g. a document base for a search application or a theshkeus
our case). The result of the IR process ised of objects founda set of documents in case
of a search result, a set of concepts in our case). To evatlat& process, there has to be a
gold standard, i.e. a knowset of relevant objectdhat ideally should match the result. For a
search engine, this could be a manually selected set ofarglelocuments, but in our case the
manually selected keywords are used.

The intersection set of objects found and relevant objemains thecorrectobjects. All other
objects retrieved (incorrectly) are callsgurious On the other side are thmissingobjects,
which are relevant, but not found. Equipped with these dlgets, we can now de ne Precision
and Recall:

Precision is de ned as the ratio of objects found correctly to the toianber of objects found
(correctly and incorrectly):

L Correct
Precision = . 2.2
Correct + Spurious (2:2)

Recall is de ned as the ratio of found correct objects to the totahber of correct objects
(found and not found):

Correct
Recall = —— 2.3
Correct + Missing (2:3)

For example, we have an thesaurus of 1000 concepts, out chvili are used as manually
selected keywords by a human expert and thus are relevaatdertain document. Our auto-
matic indexer returns a set of 20 concepts. These conceptaie® of the manually selected
keywords €orrect). So we have 12 concepts in the result set considered noarglpurious.

11
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Object base

Set of found objects

Set of relevant objects

Spurious: Found irrelevant objects

Correct: Found relevant objects

Missing: Not found relevant objects

Figure 2.3: Object sets used by precision and recall metrics

12
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2 of the manually selected keywords were not foundsging. This leads to the following
calculations:

8 =0:4

Precision = —
20

8
Recall = 10° 0:8
Precision and Recall are negatively correlated so thatteehiBecall generally leads to a lower
Precision and vice versa. It depends on the user and theapgti if a higher Recall or a higher
Precision is preferred. If all relevant objects need to haéh we need a maximum Recall. If
it is important that only relevant objects are found, the mmaxn Precision is required. So in
practice most often a trade-off between Precision and Risaased.

2.4 The Collexis Engine and Technology

For our experiments we used a state-of-the-art thesaazsdbsearch engine, the Collexis En-
gine by Collexis B.V., Geldermalsen, The Netherlands. &adl is programmable with APIs
for various languages, for example Java, .NET and Python.

2.4.1 Overview

Two companies are involved in the development of the engine:

Collexis B.V. is a global company with worldwide headqueste the Netherlands and US
headquarters in Columbia, South Carolina. Their missido @develop software that supports
knowledge extraction and discovery across multiple imist The main product of Collexis
B.V. is the thesaurus based knowledge extraction and sesugime Collexis, referred to as
Collexis Engine. Furthermore, special solutions for goweental, medical, pharmaceutical
and nancial use are based on the Collexis Engine.

The core of the Collexis engine is developed by Syynx Sahgti@mbH, settled in Cologne,
Germany. Syynx also implements solutions based on ColErgEne for the public sector,
clinical use and life sciences. Syynx provided us with ipttianformation about the Collexis
engine.

2.4.2 Generating Fingerprints

Collexis uses the vector space model for document retrieVfdle vectors representing the
records and queries are called ngerprints, the generatidhem is called ngerprinting. Such
a ngerprint vector contains relevance values for concégiten from a thesaurus and found in
a given text. The Collexis engine is used to create ngetprof text based information like
documents, papers, sheets or web pages.

Figure 2.4 shows the work ow to generate a ngerprint. Fio$tall, the text is broken up into
sentences and common words (the stop words) are removeplwStds are words that don't
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Figure 2.4: Collexis Work ow(Source: Collexis B.V.)

contribute to the meaning of the text (like the, on, whi)e.Stop words are used primarily
for performance reasons, as at last only concepts containdtk thesaurus are considered
relevant, anyway. So it would be cumbersome and sensel@gsftrm the following steps on
these words.

Next, all remaining words are normalized. Different apptuss and normalizers can be used.
In most cases, every noun is normalized to nominative samgaVery verb to its in nitive.

In our case, we used the Lemma normalizer provided by Cslleach remaining word is
looked up in a database. If it is found the normalized verg@aeturned. If not found then the
original word is lowercased and this is looked up in the dasab If it is found, the normalized
version is returned. If it is not found again, it is searchedd part of the word starting at the
end of the lowercase word. If there is a match, the rst pad #re normalized last part are
returned.

After normalization, every word is looked up as a concephathesaurus used. Clustering can
be used to nd combined words, i.e. the most speci ¢ concepttaining combined words is
used instead of single word concepts.
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Figure 2.5: Collexis FingerpriniSource: Collexis B.V.)

If more than one concept is appropriate for a word, becassg litomonym, a disambiguation
step can be performed to determine the right sense in the gvetext. There are different
disambiguation techniques, for example, the semantiamlist to other concepts in the environ-
ment of the concept in question is used. A comprehensiverigveican be found at [IV98]. We
used no disambiguation step in our experiments as we wantetitraceable results and in this
way we provide a basis for further evaluations of the imp&cisambiguation.

These steps have led to a list of concepts found in the tertégi identi cation). After that, the
frequency of each concept is determined and weighted vgigpi:ci city. A concept found very
often in the text is considered relevant if its not also fowrdy often in the other documents
in the document base. Approaches like this are known as HH{llerm Frequency, Inverted
Document Frequency), see Section 2.2.2.

Finally, the weights can be smoothed and normalized wifiedifit algorithms. This leads to a
better usability of the resulting ngerprint for search éipations. Figure 2.5 shows an example
of a ngerprint generated by the Collexis Engine.

Almost every step above mentioned can be customized and thfferent algorithms can be
used. So there are a lot of normalizers for different langaadifferent approaches for disam-
biguation, several possibilities to calculate the IDF amel iesulting weight and so on. As we
do not use the calculated weights in this work, the smoott@ognique is not important for our
results.

The process of ngerprint creation can involve multiple ¢hari and languages. This makes
it possible to handle documents from different languages ad relevant documents, even if
they are written in a language not used for the query.

2.4.3 Document Retrieval

Once the ngerprints for all documents in the document basegenerated and saved in a
so called “Collexion”, one can use the Collexis Engine tadedor relevant documents with
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2 Thesaurus-based Information Retrieval

respect to a given query. In this case, a ngerprint of thergséing is generated and a distance
measure in vector space is used to nd the nearest documedtsturn them as result.

Documents are stored as records. A record contains onlyrigerprint of the document and
some additional data, like a unique id, a title and some rdata: The meta-data can contain
arbitrary information, like the publishing date, the autbpan organization. A special feature is
the use of a direct-link id, with which an URL can be generatdihk to the original documents,
if the document is available via such an URL.

Beside the vector matching to nd relevant documents, tiselts can be Itered by the meta-
data. So it is possible to nd documents published before exigh date or documents by a
speci ¢ organization.

2.4.4 Further Possibilities

A very interesting approach of Collexis is the aggregatiod alustering of ngerprints to
explore hidden knowledge. It can be used for data mining & new dependencies and for
knowledge retrieval (as extension to information retripuwahere not only the information (i.e.
the processed document) is found, but also some contaimmsldéaige is used. For example,
you could create a map of organization and their speci c Kiedge areas, if you cluster the
documents by similarity and publishing organizations andlyze the overlaps. Of course,
these aspects are beyond the scope of this work.

2.4.5 Architecture

The Collexis architecture is developed as a 3-tier enviemmFigure 2.6 illustrates this. The
core components are the thesaurus component and the ngatdnmponent. The thesaurus
component is used to generate the ngerprints of documerdgjaeries, the matching compo-
nent executes the document retrieval.

The underlying data (thesauri and collexions with ngenps) is stored in a proprietary database
and can only be accessed via the Collexis Engine.

The clients and tools communicate with the Collexis Engiiaetive TCP/IP Collexis Gateway.
It provides the full API for the Engine. There are differentpglementations of this API for
different languages, like Java, .NET and Python.

2.5 Thesauri

In the experiments, we used two thesauri from different domand with quite different char-
acteristics in order to be able to generalize our obsemstid’he rst thesaurus is MeSH, a
well established thesaurus from the medical domain thatteneively used to annotate large
collections of medical documents. The second thesaurte i&erman standard thesaurus for
business and economics that has been created recentlyvidetbe basis for indexing liter-
ature in the area of business and economics. In contrast 8HMlke use of this thesaurus is
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Figure 2.6: Collexis ArchitecturéSource: Collexis B.V.)
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2 Thesaurus-based Information Retrieval
limited to a number of specialized libraries and there isxpeéence with its use for automatic
indexing.

In the following two sections, we describe the two thesaurnore detail to provide the neces-
sary background information. Finally, we provide an exaaran polyhierarchic thesauri in the
last section, as both of them are polyhierarchic.

2.5.1 MeSH

History. The Medical Subject Headings (MeSH) thesaurus is produgdtidoNational Li-
brary of Medicine (NLM) and continuously updated since 196@ used for cataloging docu-
ments and related media and as an index to search these dusuima database and is part of
the metathesaurus of the Uni ed Medical Language SystemI(BM

This thesaurus originates from keyword lists of the IndexdMes, a comprehensive directory
of medical documents, nowadays known as Medline. Medliileuses the MeSH headings

as descriptors for the documents. The thesaurus, as wélkddadline database are available
online [NLMO7a, NLMO7b].

Structure. The MeSH thesaurus is a polyhierarchic thesaurus, i.ey @@rcept can occur
multiple times (see Section 2.5.3). It consists of the tipaes

1. MeSH Tree Structures,

2. MeSH Annotated Alphabetic List and

3. Permuted MeSH.

The Tree Structures contains various subtrees of descgigim top, there are 16 categories:

1. Anatomy [A]

Organisms [B]

Diseases [C]

Chemicals and Drugs [D]

Analytical, Diagnostic and Therapeutic Techniques agdifiment [E]

o g ~ w N

Psychiatry and Psychology [F]

~

Biological Sciences [G]
8. Natural Sciences [H]

9. Anthropology, Education, Sociology and Social Phenaa{n

18



2.5 Thesauri

10. Technology, Industry, Agriculture [J]
11. Humanities [K]

12. Information Science [L]

13. Named Groups [M]

14. Health Care [N]

15. Publication Characteristics [V]

16. Geographicals [Z]

Each category is further divided into subcategories. Eatitategory contains a hierarchic
subtree from most general to most speci ¢ descriptors irougldven hierarchical levels. These
subtrees are not an exhaustive classi cation of the sulopadter, but contain only those terms
that have been selected for inclusion, representing a acomripe among the needs of various
disciplines and users.

Each MeSH descriptor appears in at least one place in the, taseel may appear in as many
additional places as may be appropriate.

For each appearance of a descriptor, a number is assigked, li

Abnormalities C16.131

— Abnormalities, Drug Induced C16.131.42
— Abnormalities, Multiple C16.131.77

Alagille Syndrome C16.131.77.65
Angelman Syndrome C16.131.77.95

These numbers are used to locate the descriptors in eadmulde alphabetize those at a given
tree level and have no intrinsic signi cance; e.qg., the fheit D12.776.641 and D12.644.641
both have the three digit group 641 does not imply any comnimamacteristic. The numbers

are subject to change when new descriptors are added ometfagdiiical arrangement is revised
to re ect vocabulary changes.

Table 2.1 shows an example of a MeSH Descriptor. The MeSH iHgaslfollowed by several
tree numbers denoting the multiple positions in the diffiegubtrees of the MeSH thesaurus.
A free scope note is used to describe the heading to the ubkerdifferent synonyms for the
heading are described by the entry terms. One can use guatbenarrow the heading in a
search application. And at last there is a unique ID for eazdimng.

In our experiments, we used the MeSH 2006 thesaurus with63d®acepts and about 170.000
terms. The language of the MeSH thesaurus is English.
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MeSH Heading Ethics

Tree Numbers F01.829.500.519
K01.316
K01.752.256
N05.350

Scope Note

The philosophy or code pertaining to what is iokelaliman
character and conduct. Also, the eld of study dealing with t
principles of morality.

Entry Terms Egoism
Ethical Issues
Metaethics
Moral Policy
Natural Law
Situational Ethics
Allowable CLHI
Quali ers
Unigue ID D004989
Table 2.1: Example of a MeSH Descriptor
2.5.2 STW

The Standard Thesaurus Wirtschaft (STW) is produced by G&iios Deutsche Wirtschafts-
datenbank GmbH and the Deutsche Zentralbibliothek fur aafivaftswissenschaften (ZBW).
The thesaurus is focused on economic sciences.

Structure. The STW consists of the following main parts:

1. A = Allgemeinwdrter Common Terms

2. B = BetriebswirtschaftEconomic Scienge

3
4

. G = Geographische Begriff€&eographics)

. N = NachbarwissenschaftéRelated Disciplines)

5. P = ProduktéProducts)

6. V = Volkswirtschaft(Political Economics)

7. W = Wirtschaftszweige und spezielle Wirtschaftslehfi@alustries)

There is another part, primarily intended as additionaleascand for cross reference: the
NACE concordance (Nomenclature général des activitésagemues dans les Communautés

Européens).
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2.5 Thesauri

The parts W and P use the systematics of the German Fedetiati&aOf ce. The geographic
part G uses continental grouping starting with Europe. Tdraroon terms in part A are unre-
lated terms with low information content.

Each main part is further divided into hierarchic subpastinghe following example:

B.01 Unternehmensfiihrung und Organisation

B.01.01 Unternehmensfihrung und Unternehmensplanung
B.01.02 Organisation

B.01.03 Betriebliche Information und Kommunikation

B.01.04 Rechtsformen

B.01.05 Unternehmensentwicklung, Betriebsgrofl3e unddstamahl
B.01.06 Umweltmanagement

B.02 Investition und Finanzierung

— B.02.01 Kapitalbeschaffung

B.02.01.01 Eigenkapitalbeschaffung
B.02.01.02 Fremdkapitalbeschaffung

— B.02.02 Kapitalverwendung
B.02.02.01 Investitionsplanung und -rechnung

The concepts (Table 2.2 shows an example concept) are paybinically ordered and can be
assigned to several of the subparts. So every subpart cagebeas subthesaurus. To re ect
the different subthesauri, we built a single thesaurus @ed the hierarchy of subthesauri as
additional concepts on top of the STW concepts. The pardrasconcept node are the union
of broader terms and allocations.

The resulting thesaurus consists of 6294 concepts and 2éa04. The language of the STW
thesaurus is German. Every concept contains only one Briglisn as synonym. The hierarchy
of the subparts is only available in German.

Broken Implementation. Inour rstexperiments, we used an implementation of the STW
thesaurus that was not built by ourselves. This implemiemias broken, as it lacks the com-
plete hierarchy on top of the different subthesauri. Indte¢he subthesauri simply are put
directly under an arti cial root concept. Only the broaderms within one subthesaurus are
used to build the hierarchy. The result is a very at hiergretith a huge number of single
concepts directly located under the root node.

We came across the broken implementation when we got ast@ugdod results in our eval-
uation with different similarity measures described in. 35 we used this implementation to
demonstrate some weaknesses and pitfalls of these mea¥ueaemention the broken imple-
mentation explicitly, if we refer to it. In all other case$,course, we always refer to the correct
implementation.
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Concept Unternehmensversicherung
Description Versicherung betrieblicher Risiken
Synonyms Insurance against business risks

Betriebsrisikoversicherung
Betriebsunterbrechungsversicherung
Gewerbliche Versicherung
Broader Terms Versicherung
Narrower Terms Exportkreditversicherung
Industrieversicherung
Technische Versicherung
Related Terms Betriebliche Stérung
Landwirtschaftliche Versicherung
Risikomanagement
Allocation B.01.01
W.16.01
66.032

&NACE Concordance, not used

Table 2.2: Example of an STW concept

2.5.3 Polyhierarchic Thesauri

In a natural language there are a lot of terms, which canraaiepl easily in a monohierarchic
tree structure. Especially combined terms like “stomaaiced, which can be seen as a spe-
cialized subconcept of cancer or a hyponym related to stbrdészases. To re ect this, the
MeSH as well as the STW thesaurus use a polyhierarchic gteucFigure 2.7 illustrates this
for Hordeolum, a bacterial eyelid infection. In the MeSHgherus, this concept can be reached
via several paths.

In a polyhierarchy, a concept can have more than one parebtrgader term). This leads to
some dif culties we have to deal with as we face the followiag requirements in this work:

1. We use the distance of concepts in the thesaurus hierarsiiglly de ned by the number
of nodes or edges between two concepts.

2. We have to visualize and browse a thesaurus as whole.

A polyhierarchic thesaurus can have more than one root ppnce. concepts, that have no
parents or broader terms. In this case, there are concefitge ithesaurus that have no com-
mon subsumer and thus no direct connection. Moreover, taereompletely disconnected
hierarchies in such thesauri.

To circumvent these problems we always use a single artiroiat concept, if no such concept
exists. We de ne that every concept without a parent or beoaerm gets the root concept as
the only associated parent node. Note, that we can stildddwio concepts as not connected,
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Eye Diseases

Bacterial Infections Eye Infections Eyelid Diseases

Eye Infections, Bacterial

Hordeolum

Figure 2.7: Polyhierarchic structure in a thesaurus

if this arti cial root node is the least common subsumer (DCise. the rst common term
reached when moving from both concepts upwards in the lakeyarThis will be important

for the evaluation of the indexing results in Section 3. 18 the various measures of semantic
similarity in Section 3.2.

Whereas a monohierarchic thesaurus can be displayed as, @ fpelyhierarchic thesaurus is
a more general acyclic directed graph. If we use a tree siitb represent the thesaurus,
we have to duplicate the concepts with more than one parelg aod have to let them appear
at multiple locations in the tree. In this work, we use a lotaexfthniques that are based on a
monohierarchic tree structure. For example, we use tresatistance measures which involve
the depth of a node in the tree. As the depth depends on thdgpagtih from the root node to
the concept in question, we have no unique depth in case dtipheybaths.

A similar problem is to determine the least common subsuagethere can be multiple inde-
pendent subsumers on the different paths. Giving the besfethe doubt, we decided to use
always the closest LCS candidate with respect to the distand to de ne the depth of a node
in a polyhierarchic structure as the shortest possiblawiigt to the root node. This can be easily
achieved by traversing the graph with breadth- rst-sedf@hR90, 470 ff.].
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3 Evaluation of the indexing process

The problem that initially led to this thesis was the planasd of the Collexis Engine in a search
application for economic literature. As there are prongsiasults with the MeSH Thesaurus
and documents from the medical area, we focused on a coraparith these results.

We assumed that the results would not be as good as in the ahadea for the following
reasons:

1. The used STW Thesaurus is mainly a German thesaurus. Ticeps consist of many
German synonyms, but only one corresponding English tersa fot of the literature
is written in English, the thesaurus should to miss a lot gioniant English synonyms
used in the documents.

2. Compared to the medical area, the economic area is magestad. There are a lot of
documents that cover additional areas like economic gebgrar economic psychology.
So the use of additional more speci ¢ thesauri could be aatqu

3. In medical documents there is a widely used and well kn@mminhology. Especially
the different disease patterns and affected organs areaiigridenti ed with one out of
few non-ambiguous terms. In medicine it is very importanini all relevant literature
to a special case and to compare the results of differenapies all over the world.
Classi cations like the International Classi cation of §g#ases (ICD) were introduced for
that reason. Though there is a well known and de ned termigwlin the economical
area as well, it is supposed to be not used that strictly dimneaise of the terminology
and the comparability of results is not that vitally impoitta

In order to validate our assumptions and to develop teclesigu evaluate a given thesaurus for
a document base, at rst we focused on the evaluation of ttheximg process by comparing the
extracted concepts with manually selected keywords by husrperts.

The following randomly selected article is used as an exampl
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Concept Keyword
Price Pricing behaviour of rms
Cigarette Oligopoly
Panel Effects of taxation
Regulation Tobacco tax
State tax Cigarette industry
Tax increase
Retail price
State
Oligopoly
Table 3.1: Concepts found by the indexer Table 3.2: Manually selected keywords

Title Do cigarette producers price-discriminate by state? Anigoap analysis of local
cigarette pricing and taxation.

Authors Theodore E. Keeler, Teh-wei Hu, Paul G. Barnett, Willard Garving, Hai-Yen
Sung

Abstract This study analyzes the interactive effects of oligopolicipg, state taxation, and
anti-smoking regulations on retail cigarette prices byestasing panel data for the 50
US states between 1960 and 1990. The results indicate taaetie producers do price-
discriminate by state, though the effect is not large nedetid the nal retail price. There
are two further results: (1) state taxes are more than passed 1-cent state tax incregse
results in a price increase of 1.11 cents, and (2) selleseidtate and local anti-smoking
laws with lower prices, thereby blunting effects of the regjons.

Journal Journal of Health Economics

Table 3.1 shows the concepts found by the indexer, the migragdécted keywords are shown
by Table 3.2.

3.1 Evaluation Approach

Performance evaluations are an essential part of devgig@mantic search applications. Be-
side measuring the overall quality of the search resulisjritportant to nd metrics to evaluate
the single tasks like preprocessing (stemming, normadzateps), indexing and searching.

The general idea for the evaluation of the indexing proces$s calculate Precision and Recall
(as described in Section 2.3) of the automatically foundcepts compared to a gold standard
of manually selected keywords by human experts.
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We expect that the indexing process nds at least the samewdelg as selected by humans if
the keyword appears in the abstract. Additional concepisildhbe found due to the fact that
every concept appearing in the abstract is found, regardielevance.

The guestions to be answered with this evaluation are:

Is the quality of the automatic indexing process with the Sthdéaurus comparable with
the quality of the process with the MeSH thesaurus?

Can we improve the quality if we improve the thesaurus antlierindexing process
according to the results of a detailed analysis of the fountlpms?

3.1.1 Experimental Setup

For this evaluation, we use two document corpora. On the and,hthere is a randomly se-
lected collection of 706 Medline abstracts [NLMO7b]. Thesticles were annotated with the
MeSH thesaurus [NLMO7a]. SyynX Solutions provides an owarde interface for the Med-
line database, the SyynX Mediator [Sol07]. Practical eigmees with the Mediator have shown
that the search engine provides excellent results withdibisment base. The Medline database
contains keywords from the MeSH thesaurus selected by hexjzerts.

On the other hand, we have a document base of 391 economiacibstprovided by Else-
vier B.V. [ElIs07], indexed with the German-English Stambldhesaurus Wirtschaft (STW)
[STWO7]. We fetched manually selected STW keywords from Hoenis Database of the
German central economic library (Deutsche Zentralbib&&t fir Wirtschaftswissenschaften)
[ZBWOT7]. The abstracts are from three different journals:

Journal of Health Economics (JHE)
Journal of Accounting and Economics (JAE)

Journal of Financial Economic (FINEC)

With this experiment, we focus on two aspects. First of af, want to compare the indexing
results with manually selected keywords regarded as a daltilard. Second, we compare
these results between the Medline/MeSH articles and thevielgSTW articles. As the Med-

line/MeSH document base is used in real-world solutions,asgime, that this comparison
gives us an indication of the practicability of the STW thess for document retrieval in the

Elsevier document base.

3.1.2 Evaluation Procedure

Table 3.3 shows the average Precision and Recall for the teardent bases used. STW
(broken) refers to the broken implementation, as descrilb&kction 2.5.2. With our Medline
reference set, only 25% of the human selected keywords anglfoy the indexer. The result of
the Elsevier base is with 18% even worse.
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Document Base # Documents # Keywords # Correct Recall
STW (broken)/Elsevier 391 1658 293 0.18
STWI/Elsevier 391 1646 309 0.19
MeSH/Medline 706 8143 2030 0.25

# Concepts # Correct Precision
STW (broken)/Elsevier 391 2980 293 0.1
STWI/Elsevier 391 3377 309 0.09
MeSH/Medline 706 10041 2030 0.20

Table 3.3: Binary Precision and Recall results

Recall

T
o 02 04 [ 03 1 0 02 04 0§ 05 1 0 02 04 0§ 05 1
Precision Precision Precision

(a) STW/Elsevier Binary (b) STW2/Elsevier Binary (c) MeSH/Medline Binary

Figure 3.1: Binary Precision and Recall results

Looking at the graph that shows the Precision and Recall dbauments (Figure 3.1), we see,
that the results are mostly located in the bottom left quatiteis indicating a bad result. Only

few samples have either a good Recall or a good Precisiomramplss show good results for

both of them. The Precision is generally lower than the Reasithere are more found concepts
than human selected keywords.

As we can see in Table 3.4, there are a lot more manually sel&etywords per document in the
Medline document base than in the Elsevier one (11.5 vs ¥\Rereas there are more found
concepts, too (14.22 vs 7.6), the ratio of keywords to cotscelgarly shows, that the ratio is
better for the Medline document base. Even with an averagalR# 1, the highest reachable
Precision would be 0.55 for Elsevier vs 0.81 for Medline.

An examination of the indexing results shows that the birmgmyroach judging a found concept
as correct or wrong with respect to the given keywords is ppt@priate: a human can use more
abstract keywords not used in the text. For example, in samtekts the keywordsiamight
get assigned by a human, wheré&&sinaandJapanare used in the text. Table 3.1 and Table
3.2 are a good example for this: In the abstract, the commuonegisPrice and Retail price
are found, whereas the human selected keywords containdhe speci c Pricing behaviour

of rms.
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Document Base # Documents # Keyword8 Keywords

STW (broken)/Elsevier 391 1658 4.2

MeSH/Medline 706 8143 115

# Concepts ? Concepts

STW (broken)/Elsevier 391 2980 7.6

MeSH/Medline 706 10041 14.22

Ratio of keywords to concepts

STW (broken)/Elsevier 0.55

MeSH/Medline 0.81

Table 3.4: Concept and keyword statistics

To re ect these circumstances, we need a metric to decide vrong a found concept is with
respect to the given keywords.

3.1.3 Generalized Precision and Recall

If we use a metric to weight the correctness of a found conaeeptneed a new de nition of
Precision and Recall. This new de nition is no longer setdaf but uses the weight function
to quantify the correctness of a set of concepts.

Algorithm 1 outlines the alignment of each keyword with acgpt and vice versa.

The Recall is calculated as
P

ki M [K]
_ k in keywords K [Riw
Recall = - - 3.1
© jkeywords (3-1)
whereas the Precision reads as
P
Precision = e inconcepis Mc[u 3.2)
jconcepts ' '

If the weight functionweight(c; k) returnsl in case of equality, respectivelyin case of in-
equality, we get the common Precision and Recall.

Hahn and Schnattinger proposed a similar measure to detetime correctness of the position
of newly added concepts to a thesaurus hierarchy, callethicepAccuracy, in 1998 [HS98].
Other approaches which focus on the comparability with thditional Precision and Recall
use terms like Generalized Precision and Recall, Augmdntedision and Recall or Semantic
Precision and Recall.

Our generalization builds upon the work of Kekalainen angelin [KJ0O2] (r (d;)corresponds
to ourweight(c; k) function):

The generalized, non-binary recall and precision are d& ae follows. LetR
be the seth documents retrieved from a databd3e= di;d;::;;dy in response
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Algorithm 1 Aligning concepts and keywords

Given:
- A set of found concepts: C

- A set of concepts representing the keywords:

Define:
- Candidates Cand as objects
containing a keyword Candy, a concept
and a weight Candy
- A map Mg that assigns a
candidate concept to every keyword
- A map Mc¢ that assigns a
candidate keyword to every concept

- A weight function weight(c; k) that calculates a weight

for a given concept and a keyword

foreach (Keyword k in K) {
foreach (Concept cin C) {
new Cand cand
cand. = ¢
cand = k

cand, =weight(w; k)

if ( Mg[Kklw <candy): Mg [k]= cand
if ( Mc[clw <candy): Mc¢[c]= cand

Cand.
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to a query on some topi®} D. Let the documents}; in the database have
relevance scores(d;), being real numbers ranging frof0 to 1.0 with as many

intermediate points as used in the study, with respect taeghaest behind the
query. Generalized recaR and generalized precisigP may now be computed

by:

" ot (d
gP = 7&?]“ ) (3.3)
P
_ paer'(d)
gR= PERTD (3.4)

A generalization by Euzenat to evaluate ontology alignsieain be found at [Euz07] (here,
I (A; B) corresponds to oweight(c; k) function, but is expressed on the whole set):

For a reference alignmest and an overlap functioh between alignments, the precision of an
alignmentA is given by

PaB)= S (3.5)
and recall is given by
R (A;B) = % (3.6)

For a true generalization, has to share some properties wigh\ Aj:

The measure has to be positive:
l'(A;B) 0 8A;B (positiveness)
and has not to exceed the minimal size of both sets:
I'(A;B) min(jAj};jBj) 8A;B (maximality )

With these constraints the given values are within the umérval[0 1] Further, this measure
should only add more exibility to the usual precision andak so their values cannot be worse
than the initial evaluation:

1'(A;B) j A\ Bj 8A;B (boundednes3
Hence, the main constraint faced by the proximity is:
JAN Bj  1(A;B)  min(jAj;jR))
This is indeed a true generalization becalgA; R) = jA\ Rj satis es all these properties.

As third approach, we have a closer look at the Augmentedgtoacand Recall presented by
Maynard et al. [May05] [MPLO6]: They use a balanced distamedricBDM ;, which corre-
sponds to the relevance scar@) of Kekalainen Ignd Jarvelin and oweight(c; k) function.
The sum of all distances in a given DM = ,_,.. BDM corresponds to the overlap
function! (A; R) of Euzenat and is used in our implementation as well.
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3 Evaluation of the indexing process

With this distance summation, Maynard et al. calculate thgrAented Precision and Recall as

BDM
AP = . 3.7
BDM + Spurious (3.7

and
BDM

AR :
BDM + Missing

(3.8)

These de nitions correspond well to the traditional deiaiis of Precision and Recall (Equation
2.2 and Equation 2.3), but require to identify spurious amssimg concepts. In this case, the
authors used BDM ; value of0 as criteria for a missing respectively spurious concept.a3u
we will see, there are similarity measures, that never assigalue of0 to two given concepts,
as long as they both exist in the thesaurus.

Considering the subsetsrrect andmissing , respectivelycorrect andspurious as the sets of
relevant objects andfound objects (Figure 2.3), the generalization of Euzenat corresponds
as well.

After this excursus about the theoretical background ofgidaeeralization used, we now turn
back to our de nition and implementation. In the next seatiove show the results for different
weight functions.

3.2 Results

The results of this evaluation depend strongly on the weighttion used. We tested several
widely known and well examined similarity measures to detee the degree of correctness
for a given concept and its nearest matching counterpahtameference set. The next section
describes the various measures.

Measuring the semantic similarity between words or documénan important task for in-
formation retrieval and natural language processing. @ka behind semantic similarity is to
de ne a metric, that says how similar two words or documengs a

Similarity depends strongly on human perception and iitnjtlike plausibility or typicality.

It is hard to quantify similarity, even for human beings. Egample, in some sense the words
“car” and “gasoline” are considered similar (one is relai@the other), in another sense “car”
and “wheel” are considered similar (one is part of the otlae) in another sense “car” and
“bicycle” are considered similar (both are vehicles). Ihi possible to nd the best de nition
of similarity, for each similarity you can think about an éipation that would prefer this one
over the other.

The above mentioned examples lead to the three relationsooiy used in thesauri:

1. related-to relationship
2. part-of relationship

3. is-arelationship
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3.2 Results

Keyword Matched Concept Similarity
Pricing behaviour of rms  Retail price 0.86
Oligopoly Oligopoly 1

Effects of taxation Oligopoly 0.46
Tobacco tax State tax 0.44
Cigarette industry Price 0.23

Table 3.5: Keywords and matched concepts with highestaiityil(Intrinsic Jiang Conrath)

So, one general approach for calculating semantic sinyil&giusing a thesaurus and nding
some distance measure in this thesaurus. The structure thfdbaurus and the relationship used
to build the thesaurus provide the focus of the resultinglaiity. Similarity measures using
this approach are referred to as network-based, thesaasest or ontology-based semantic
similarity measures.

To illustrate the values found by such measures, Table aWwsBome results from our experi-
ments.

3.2.1 Thesaurus Based Measures

Thesaurus-based measures generally use a distance medhin¢he thesaurus tree to deter-
mine the degree of similarity. The simplest approach wogldising the distance between two
nodes. The distance is de ned by the number of nodes or edyéiseoshortest path between
two nodes. This is called node-counting or edge-counting.

Leacock and Chodorow. Leacock and Chodorow use node-counting for their simjlarit
measure presented in [LC98]:

L distance
Similarity (¢ (c;¢p) = Iogm (3.9)

wheredistance is the node-counting distance between the two conceptsnaxdepth is the
maximum depth of the thesaurus. Asmaxdepth is the longest possible distance, the values
of this measure range frotto log(2 maxdepth).

We normalized this measure by dividing by the maximum pdssialue:

Similarity (¢ (c1;¢)
log(2 maxdepth)

Similarity cnorm (C1;Cp) = (3.10)

After normalization, this measure has the valyaef and only if both input concepts are the
same. This holds for the following measures as well.

As Table 3.6 and Figure 3.2 indicate, the best results aneazh using the broken STW im-

plementation (see Section 2.5.2). This implementatiokslalee additional top-level hierarchy

of the single sub-thesauri and is thus a rather at hierarétsthe Leacock Chodorow measure
does not punish the involvement of the root node as least acomsubsumer, all the concepts
near the root of a subthesaurus are considered very similar.
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3 Evaluation of the indexing process

Document Base

# Documents # Keywordg Similarity  Recall

STW (broken)/Elsevier 391 1658 1005 0.61
STW/Elsevier 391 1646 849 0.52
MeSH/Medline 706 8143 4754 0.58

# Concepts Similarity  Precision

STW (broken)/Elsevier 391 2980 2980 0.59
STW/Elsevier 391 3377 1371 0.41
MeSH/Medline 706 10041 4578 0.55

Table 3.6: Generalized Precision and Recall (Leacock Glowgo
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3.2 Results

Document Base # Documents # Keywordg Similarity  Recall
STW (broken)/Elsevier 391 1658 388 0.23
STWI/Elsevier 391 1646 1045 0.63
MeSH/Medline 706 8143 5 4380 0.54
# Concepts Similarity  Precision
STW (broken)/Elsevier 391 2980 420 0.14
STWI/Elsevier 391 3377 1688 0.5
MeSH/Medline 706 10041 4200 0.52

Table 3.7: Generalized Precision and Recall (Wu Palmer)
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Figure 3.3: Generalized Precision and Recall (Wu Palmer)

Wu and Palmer. A normalized measure with values betwdkandl was presented by Wu
and Palmer 1994 [WP94].

2 depth(LCS)

Similarity wp (C1;C2) = depth(cy) + depth(cy)

(3.11)

They used the least common subsumer (LCS) of two concepishvghthe most speci ¢ con-
cept (with the highest depth) in the tree that has both inpatepts as child nodes. As the root
node has a depth @in our implementation, this measure always assigts concepts from
different subtrees of the root node. So the results indickgarly the weakness of the broken
STW implementation (Table 3.7 and Figure 3.3).

3.2.2 Information Based Measures

There is a problem with the above described measures. Thayas that the nodes in the the-
saurus have the same distance according to similarity. Othier words, with these measures,
two concepts have the same degree of similarity if they hawesame distance in the thesaurus.

In real-world thesauri, there is a wide variability in thersmntic similarity between adjacent
nodes, especially, if the thesaurus is combined from diffesource thesauri. Generally there
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3 Evaluation of the indexing process

are areas with a high density of differentiating conceptsather areas where only some com-
mon concepts exist.

To overcome this problem, Philip Resnik introduced a new Wayeasure the semantic simi-
larity of words, based on the notion of information contdRe§95]:

IC(c)= logP(c) (3.12)

The information content of a given concept is derived fromgtobability to encounter an
instance of this concept or one of its child concepts in a dwnt base. So, the probability is
monotonic increasing as one moves up in the thesaurus tigrdf ¢, is a child concept o€;
thenP(c,) < P (c1): And with a single root thesaurus we ha®¢root) = 1.

In consistence with information theory, a concept has adrigiformation content, if its prob-
ability for being encountered is lower. So the informati@mient of the root concept &

Resnik. The similarity measure of Resnik reads as

Similarity r(c1;¢) = Czrg(%x )(IC(C)) (3.13)

1,C2
with S(cz; ¢) denoting the set of subsumers from the LCS to the root concept

As the information content decreases with the level of thecept in the thesaurus hierarchy,
we can use the least common subsumer:

Similarity r(c1;¢2) = IC(LCS) (3.14)

Note, that this simpli cation only holds for monohierarchi thesauri. In a polyhierarchical
thesaurus, two concepts can have more than one LCS withafiffenformation content. In this
case, again the maximum information content has to be chtikerin Equation 3.13.

To implement Equation 3.12, Resnik used the frequency ohaeaqt in a document base:

P )
ioc freq(i)
N

with C as the set of concepts subsumed by the given concepitragdconcep) giving the
number of occurrences of the concejt.denotes the count of words in the document base.

For further reference, we denote the sum of frequencies oheapt and its child node as
X

freq (¢ = freq(i): (3.16)
i2C
If the originating document base is not accessible, a redderchoice foN would be
X
N = freq(c) (3.17)
c2 concepts

with conceptsas the set of all concepts in the thesaurus.

The application of this approach to natural language psiegsand its evaluation can be found
at [Res99].
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3.2 Results

Document Base # Documents # Keywordg Similarity  Recall
STW (broken)/Elsevier 391 1658 316 0.19
STWI/Elsevier 391 1646 686 0.42
MeSH/Medline 706 8143 , 3406 0.44
# Concepts Similarity  Precision
STW (broken)/Elsevier 391 2980 343 0.12
STWI/Elsevier 391 3377 1049 0.31
MeSH/Medline 706 10041 3562 0.35

Table 3.8: Generalized Precision and Recall (Resnik)

1 1 1
08 08 08 >
PR T
” i
. o pegl. 3 P10 et I
B v T . z F. o O
Ly : nedvan LRI < et
e, e . Yo b ‘- i . .
o SERN % e
(3 Ree ] . XY N k3 .8
#oos ¥ sVl « | e ST, C A
T £ e 4 > SN W P
02 ‘:'gh.; ¢ 02 ""3 L 02 ThRES S
ipfess” N R . ! el e
A e |0° o
- . . .
a 0 a
o 0z 04 05 0g 1 0 02 e 08 08 1 o 0z 04 05 0g 1
Precision Precision Precision
(&) STW Resnik (b) STW2 Resnik (c) MeSH Resnik

Figure 3.4: Generalized Precision and Recall (Resnik)

Normalized Information Content. A drawback of Resnik's measure is, that the similarity
values range frond (the root concept is LCS) timp )1 ¢1C (c) = 1 . For our experiment,
we normalize 3.12 to

( log P(c) log P(c)
= fre c)>0
ICnorm (9= 109z~ o 9© (3.18)
1 freq (¢)=0

with as a weighting parameter for the special caskedf (c) =0. With =1, a concept

with afreq (c) of 1 has also an Information Content bf With increasing; the Information
Content of these concepts decreases.

Table 3.8 and Figure 3.4 show the results using the nornahilidermation content with Resnik's
measure. As the information content of the least commonusaesis used as similarity value,
most even identical concepts have an assigned similarityeVar belowl. As the root concept

has an information content 6f at least the at structure of the broken STW implementatin
punished.

Lin. Lin introduced his measure 1998 [Lin98], which builds on Rk's. It leads to a nor-
malized value betweeband1:
2 IC(LCS)

Similarity (¢4 ¢2) = 1=y 376 (6)

(3.19)
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3 Evaluation of the indexing process

Document Base #Documents # Keywordg Similarity  Recall
STW (broken)/Elsevier 391 1658 407 0.25
STW/Elsevier 391 1646 883 0.54
MeSH/Medline 706 8143 4347 0.53
# Concepts Similarity  Precision
STW (broken)/Elsevier 391 2980 445 0.15
STW/Elsevier 391 3377 1380 0.41
MeSH/Medline 706 10041 4578 0.46

Table 3.9: Generalized Precision and Recall (Lin)
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Figure 3.5: Generalized Precision and Recall (Lin)

Table 3.9 and Figure 3.5 show the results of the Generalizedidton and Recall with this

measure. We also have the punishment of the broken STW dbe toformation Content o
of the root node.

Jiang and Conrath. A very similar approach is used by Jiang and Conrath [JCOREYT
introduce not a similarity, but a distance measure. Instganbunting the nodes between two
concepts, they sum the link strengths between these notkesliflk strength is de ned as the
difference of the Information Content of a node and its paneale:

Distance jc(c1;¢) = IC(c) + IC () 2 IC(LCS) (3.20)

This distance measure can also be used as similarity me@u@b]:

1
IC(c)+ IC(c) 2 IC(LCS)

Similarity jc(c1;c) = (3.21)

A linear transformed and normalized version of this measarebe found at [SVHO04]:

IC(c)+ IC(c) 2 IC(LCS)

Similarity jc(ci;c) =1 >

(3.22)
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3.2 Results

Document Base # Documents # Keywordg Similarity  Recall
STW (broken)/Elsevier 391 1658 826 0.5
STWI/Elsevier 391 1646 1092 0.66
MeSH/Medline 706 8143 5 5490 0.67
# Concepts Similarity  Precision
STW (broken)/Elsevier 391 2980 1279 0.43
STWI/Elsevier 391 3377 1932 0.57
MeSH/Medline 706 10041 6371 0.63

Table 3.10: Generalized Precision and Recall (Jiang Clonrat
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Figure 3.6: Generalized Precision and Recall (Jiang Cbhrat

With this measure, the root node as LCS does not leadteeault, but the in uence is signif-

icant. Generally, this measure produces rather high valfiPsecision and Recall (Table 3.10
and Figure 3.6) compared to Lin.

3.2.3 Intrinsic Information Content

Nuno Seco, Tony Veale and Jer Hayes presented in [SVHO4] proagh to determine the
information content of a given concept without statisticat an underlying document base.
Instead, they only used the thesaurus structure to de neasune for the information content.
This so called Intrinsic Information Content is de ned as

IC (c) = log w

A (3.23)
and can be normalized to
Iog hypo(c)+1 loa(h Q41
1C norm (€) = I—m'j‘x =1 g(l ypoc) +1) (3.24)
00 max og(max)

with hypo(c) as the number of hyponyms (i.e. child nodes) of a given cancepdmax as
the number of concepts in the whole thesaurus.
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3 Evaluation of the indexing process

Document Base #Documents # Keywordg Similarity  Recall
STW (broken)/Elsevier 391 1658 401 0.24
STW/Elsevier 391 1646 862 0.52
MeSH/Medline 706 8143 , 4197 0.52
# Concepts Similarity  Precision
STW (broken)/Elsevier 391 2980 438 0.15
STW/Elsevier 391 3377 1331 0.39
MeSH/Medline 706 10041 4353 0.43

Table 3.11: Generalized Precision and Recall (Lin Intdpsi

Document Base # Documents # Keywordg Similarity  Recall
STW (broken)/Elsevier 391 1658 702 0.42
STWI/Elsevier 391 1646 999 0.61
MeSH/Medline 706 8143 , 5081 0.62
# Concepts Similarity Precision
STW (broken)/Elsevier 391 2980 888 0.29
STW/Elsevier 391 3377 1621 0.48
MeSH/Medline 706 10041 5642 0.56

Table 3.12: Generalized Precision and Recall (Jiang Clohnétinsic)

The Intrinsic Information Content can be used as a replanéefoe Information Content in the
above mentioned measures.

The authors used Wordnet ([Fel98]) with very good resulte (Eable 3.13 in Section 3.2.4) and
conclude that further experiments have to be done to se®g intrinsic metric generalizes to
other hierarchical knowledge bases.

We perform the same experiment with Lin and Jiang-Conrathsmes and use the Intrinsic
Information Content. The results (Table 3.11 and Table )3at2 indeed comparable to the
results with true Information Content. The Intrinsic Jiabgnrath values for the broken STW
implementation are worse as with true IC Jiang Conrath. §laee a lot of concepts in the
broken STW with few or no child nodes. As this leads to a highe/dor the Intrinsic Informa-
tion Content, the similarity values are lower than with tioarmation Content. In this regard,
the measures with Intrinsic Information Content are moresisige to an improper thesaurus
structure.

In Figure 3.7 and Figure 3.8 we compare the results of InftiomaContent with Intrinsic
Information Content for the MeSH Thesaurus. Indeed thes hggh correlation in the two
graphs and we can con rm the valuation of Seco et al.

Finally, we examine the graphs of the Jiang Conrath Measuréhé broken STW implementa-
tion with true IC and IIC (Figure 3.9). The difference seetws®n the IC values of the broken
STW (a) and the IIC values (b) can be an indication for the oppr thesaurus structure in the
broken STW. This idea is further developed in the next sactio
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3.2 Results

3.2.4 Conclusion

We were interested in a well-de ned measure to evaluatewtinér analysis results. We needed
to know if a change of the thesaurus motivated by our anatgsigts will lead to better indexing
results. We argue that this relative comparison of two idahexperimental setups (beside the
changes) can be done with our evaluation, if an adequatdéasitpimeasure is chosen.

Choosing the right similarity measure. We evaluated various different similarity mea-
sures and their impact on the results of our Generalizeddgtsacand Recall for the indexing
process. The results depend strongly on the similarity oreassed, so the preferred measure
should be chosen carefully. A measure that does not puresimiblvement of the root concept
as LCS is not appropriate for our purpose. A similarity vadfi® for all concepts with the root
node as LCS corresponds well with the traditional Preciaioth Recall, because these concepts
can be seen as missing, respectively spurious.

In our opinion, a similarity measure is most convenientgifigity is denoted witH, i.e. the
values range betwedrandl1 with the valuel, if and only if a concept is compared to itself. The
binary judgement of correct and incorrect matchings tsskessly to this kind of measure.

If equality is denoted wittL, it implies that every concept compared with itself shousdén
the same degree of similarity. This equality consisten@niarguable property of a similarity
measure; Resnik advanced his opinion about this critefRes99, S. 30]: “From a cognitive
perspective, however, similarity comparisons involvirgf-similarity (Robins are similar to
robins), as well as subclass relationships (Robins ardasittu birds), have themselves been
criticized by psychologists as anomalous (Medin, Goldsta$a Gentner, 1993). Moreover,
experimental evidence with human judgments suggests thatlidentical objects are judged
equally similar, consistent with the information-contemtasure proposed here but contrary to
Lin's measure. For example, objects that are identical amptex, such as twins, can seem
more similar to each other than objects that are identicdlsample, such as two instances of
a simple geometric shape (Goldstone, 1999; Tversky, 19T %yould appear, therefore, that
insofar as delity to human judgments is relevant, furthgperimentation is needed to evaluate
the competing predictions of alternative similarity measu

Table 3.13 shows the correlation of the different approa¢bdruman judgement. These corre-
lation values are taken from [SVHO04]. It has to be noted, thatcorrelation between several
humans judging the same contents by far ishhdis said before, similarity is a very subjective
property. Resnik performed a study with human subjects padi ®d the correlation witt0:88
[Res99, S. 7]. So, this can be seen as an upper bound of whheaaached with a calculated
similarity measure.

There are a lot more approaches for measuring semanti@siyilA complete overview goes
beyond the scope of this work, but for for example there is asuee using neural networks,
proposed by Li, Bandar and Mclean [LBMO02]. An extension t® similarity of concept sets or
full texts can be found at [BKKBO05] and [CMO05]. Bernstein étsuggest, that the choice of a
similarity measure depends on the underlying thesaurusy ptopose a personalized measure
adapted to the thesaurus in [BKBKO5].
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3 Evaluation of the indexing process

\ Algorithm \ |
Leacock Chodorow 0:82
Wu and Palmer 0:74

Resnik 0:77
Lin 0:80
Jiang and Conrath| 0:81
Resnik® 0:77
Lin* 0:81

Jiang and Conratht 0:84

ddistance measure
bthe * denotes the use of the intrinsic information contemtct®n 3.2.3)

Table 3.13: Correlation between human and machine sittyiladgements (Source: [SVH04])

With the above criteria and our results in mind, we prefer lthe measure to calculate the

Generalized Precision and Recall in our context. On smalliod@nt sets, we tend to the variant
with intrinsic information content, but with large setsetbriginal measure with information

content should be used to reduce the dependency on theympfalite thesaurus structure.

The quality of STW. In our case, we did not judge the indexing process itself, thet
thesaurus. The MeSH thesaurus is used in real world applsatvith the Collexis Engine
and the Medline publications as document base. We weresitat, whether the Precision and
Recall of the indexed concepts with respect to manuallyctstiekeywords could indicate a
different thesaurus with different documents would perf@imilar.

With only these indexing results a conclusion about theityusthould be made very carefully.
In the end only the evaluation of search results by humanrexpan give an answer, whether
the application performs well, but that is not the scope @ thork. Such evaluations are
expensive and time consuming, which is why we try to nd tagumes to quickly judge a
thesaurus with respect to a document base.

Nevertheless, the indexing process performed more or hessame with both thesauri. The
signi cant worse results of the broken STW implementatitiows that the involved thesaurus
indeed makes a difference. Bearing in mind that we indexdg Bnglish abstracts and the
STW is primarily a German thesaurus, we are very optimistat the Collexis Engine will
perform very well with the STW thesaurus on German/Englstnemic literature.

Measuring improvements. Important for our work is the possibility to use the develdpe
performance measure to evaluate the impact of improvenmneatie due to our further analysis
approaches, which are introduced in the next chapter.
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4 Thesaurus Analysis

In this chapter, we present a new approach to a semi-authasaurus analysis and develop
an analysis and visualization tool to provide human expergsiick overview on a thesaurus
and a corresponding document base. We perform differetysis@s based on this approach
and evaluate the impact of our results on the indexing peowoéth the performance measure
developed in the last chapter.

4.1 Analysis Approach
Our analysis approach consists of two different steps:

1. the detection of parts of the thesaurus that show an untegbehavior and
2. adetailed inspection of such parts resulting in a detigibether this particular part has
to be revised to better support the indexing process.

Literature on thesaurus creation and maintenance mergionmber of revisions that might be
necessary including the following [Bur04]:

adaptation of the thesaurus to changes in the vocabularjeofiomain of interest by
means of adding of new terms

deletion and/or merging of rarely used terms

splitting, extension or restriction of extensively usedhte

review of the thesaurus structure to avoid extensive sabicig
We add a new aspect to these traditional ones that ariseautitmatically indexing:

identi cation of problematic concepts for the automaticiéxer, i.e. concepts that are
erroneous assigned due to misleading occurrences in thergods with improper sense

Whereas the rst aspect cannot be achieved by our analysigspports all other revisions. The
principle idea of our approach is to use statistical meastgedentify suspicious concepts in
the thesaurus. Suspicious concepts are concepts that potgdtially be used as origin for a
thesaurus improvement.
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4 Thesaurus Analysis

First of all, we can search for concepts which appear vesnafir very rarely in the document
base. A very frequent concept could be split into more sfizedconcepts, if it is too common.

Or there are too many synonyms describing the concept. Is@s@ossible that the concepts
should be removed completely from the thesaurus, becaggehttve no signi cance in the

concrete use case.

On the other hand, a rare concept could be joined with othecequis to a more common
concept. Or it lacks synonyms which are used in the documasg.bAnd again, it could be
advisable to remove a concept completely, if it is not sigant.

Limits of the analysis. Every such analysis is always an analysis of a thesaurusjono
tion with a document base and perhaps a special use case. Gowee expect a result stating
that a thesaurus is good or bad, but a result assessing thbiktyi of a thesaurus for a given
document base. However, if the thesaurus is used as anigistabstandard, the same analysis
can give an overview on the (unknown) document-base andirtsauses and spreading of the
contents.

To decide on the concrete improvement that should be pegdyralmost always a domain

expert is needed. In most cases the thesaurus, the domaidptiument base and strategic
considerations are involved and need to be respected. dsiereto nd the cause and reason-
able solutions without in-depth domain knowledge in theeaaisconcepts that are especially
problematic for the automatic indexing.

4.1.1 Thesaurus Suitability

In this section, we introduce our measure to evaluate thalsliiy of a thesaurus for a given
document base. We already discussed the frequency of apiomee said that extraordinary
frequent or rare concepts could indicate a problem withhlesdurus.

The decision whether a concept is used more often for indeasrexpected depends on our ex-
pectation about the frequency it should occur. This in tepehds on the level in the thesaurus
hierarchy it is situated. Generally, more common concdmtsilsl have a higher frequency than

special concepts. To take this into account, we do not operathe frequency directly, instead

we propose the difference of Information Contents as amtista

Dic(c)=1C(c) 1IC (¢) 4.1)
wherelC (¢) = logP(c¢) is the information content of a concept ¢ with respect to &giv
document set, as introduced in Section 3.2.2.

The IIC of a concept ¢ denoted HE (c) is de ned as

hypo(c) +1

IIC (c)=1 log ax

with hypo(c) as the number of hyponyms (i.e. child nodes) of a given cancepdmax as
the number of concepts in the whole thesaurus (see Secfid).3.
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4.1 Analysis Approach

We use the Intrinsic Information Content as reference antpeoe it to the Information Content
based on the concept frequency in the document base. Weodfies measure d€ Difference
Analysis.

Equation 4.1 is related to the Kullback-Leibler Divergenged in information theory as a
measure of the differences between two probability digtidimsp andq. It is de ned as

X .
Diw (i) = p(i)log % @.2)

P
and can be seen as the expected valu@ef: Dk, (pjjg) = ; p(i)Dic (i). The Kullback-
Leibler Divergence is used to get an overall measure of theatlrus suitability, instead of
evaluating a single concept [CD04b, CD04a].

4.1.2 Thesaurus Structure

Additionally, we experimented with analysis techniques\aluate the thesaurus structure. We
assume that a well-engineered thesaurus has a more or lassdsastructure. The depth of a
concept should indicate how abstract it is and the concepteesame depth level should have
a similar number of child nodes. We introduce several messtr get information about the
balance of a thesaurus:

Variance of Intrinsic Information Content. The Intrinsic Information Content intro-
duced in Section 3.2.3 should be uniformly distributed iradabced thesaurus. For a concept
c; we can calculate the variance of the Intrinsic Informatiantént of its children:

P )
i2 chigren(_nic_(€) 11C (i))? N> 0

2 - jchildren |
C) = Ic J 4.3
11C ( ) 0 N =0 ( )
with
X 1C (i)
C)= IR 4.4
" ( ) i2 children jChI|dl’enj ( )

andchildren representing all direct child nodes of a given conaept

Deviation of Intrinsic Information Content. To evaluate a certain concept, we can use
its deviation of the Intrinsic Information Content:

IC (c arents arents 6 ;
e (0) = © nc(p ) P i (4.5)
0 parents = ;

with parents representing the parents of the given concept. Note thed tten be more than
one parent in a polyhierarchic thesaurus (see Section)2.5@the set of children consists of
the union of all children of all parents.
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4 Thesaurus Analysis

Variance and Deviation of Height. Beside the Information Content, the heigh{c) of

a subtree in the thesaurus hierarchy with coneeps root should correspond to its degree
of abstraction. In a balanced thesaurus, we would expetiathaubtrees represented by the
children of a concept have more or less the same height. 8g #te lines of Equation 4.3 and
Equation 4.5 we de ne 2 (c) and 4 (c).

4.1.3 Analysis on concept level

As far as we presented our analysis approach, we introdueagumes to get some information
about the quality of a given thesaurus in conjunction witleLsinent base. Our approach is not
the rst one that points in this direction. Usually, theseasegres are used to quantify a special
quality aspect for the whole thesaurus. Such an aggregatiorformation is useful to get a
rst idea about the suitability of the thesaurus.

But in an environment of a semi-automatic thesaurus impnaré, we not only need an evalu-
ation of the thesaurus as a whole, we need an analysis thespa to potential problems and
weaknesses even more.

With this in mind, we transferred all of the above measurabiéoconcept level. For example,
the balance measure of the root concept evaluates the wiedaurus and if we calculate the
balance of all concepts in the thesaurus, we can nd the musalanced concepts. This leads
to the next problem: How to visualize such results in a ugendly way.

4.2 Thesaurus Visualization

A major challenge in supporting thesaurus maintenancepsdade adequate tools that guides
the user to potential problems in a thesaurus based on theunesadescribed above. In par-
ticular we have to nd a way to provide the user with a view oe thesaurus that encodes
the overall structure as well as parts of the thesaurus anduitability values for the different
concepts in the thesaurus.

So we had to nd a sophisticated method to visualize and beoavthesaurus. To be precise,
our requirements are:

1. Visualization of the whole thesaurus to get an overview.
2. Ability to zoom into parts of the thesaurus to see the tetai

3. Presentation of all relevant information to a selectattept. This information can be for
example the preferred term, all terms, the depth of the qurarevarious analysis results.

4. Ability to nd remarkable results by an intuitive presation.
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(a) Tree view component (b) Additional information via a tooltip

Figure 4.1: Tree View of the STW Thesaurus

4.2.1 Tree View and Lists

The obvious approach is a tree browsing component like inr€ig.1 (a). In this case of a
polyhierarchic thesaurus, the tree structure can be rdaghen arti cial root node with all of
the multiple thesaurus roots as child nodes.

Such tree view components are very convenient and famdrahg user. Like in a le browser,

one can expand and collapse the nodes and is able to get aayeickew over the thesaurus.
Additional information can be given via tool-tips like indtire 4.1 (b) or in an extra text eld

or table view. The drawback of this approach is that it is rasyeto get an overview of this
additional information. It is possible to put the infornmatiin the tree view (like the id in front

of the preferred term in the example), but that is not verisgang and a complete overview
involves a lot of scrolling and expanding/collapsing of asd

To guide the user to the tree, some lists could be provided thg results of the thesaurus
analysis like the most unbalanced or most frequent conceyis experimented with these
techniques, but we found them not really satisfying. Evehefresults are quanti ed, it is hard
to get a feeling of how serious the result of the analysis ige €@an provide lots of information

and the user still does not get the full understanding of thelevthesaurus.
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Figure 4.2: Visualization Techniques 1

4.2.2 Graphical Visualization

These problems are addressed by many visualization agmeachey try to show local infor-

mation in detail and at the same time the global context ottheently focused aspect. Figure
4.2(a) shows such a visualization, called Perspective.Wab not suitable for tree visualiza-

tion, but illustrates the principle that the user gets thaitewhile the global context is shown
in a compressed and aggregated way.

A true tree visualization is shown by Figure 4.2(b). The wsar navigate through the tree and
the node of interest is always centered in the circle. Th@é@mment is arranged on concentric
circles around the centered node.

Figure 4.3(a) uses the same principle and extends the iatiah to the third dimension. The
sphere can be rotated by the user.

A more intuitive visualization of trees are the so called €drees (Figure 4.3(b)). They use the
traditional visualization of a tree and just add the thimhelnsion to get more space. The child
nodes are arranged on a circle and the whole tree has to eddbeget the whole overview.

These visualizations are very good to get an overview ofrée structure of a thesaurus. But
they still do not provide additional information in an irtiue way. Their strong point is the
visualization of the environment of a single node. Therenistiaer way of visualization often
mentioned along with the above visualization: the Treemap.

4.2.3 The Treemap

To get an overview of disc usage of a particular hard drive idirectory structure, Ben
Shneiderman invented the Treemap algorithm in the earlp4,98ublished in [Shn92]:
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4.2 Thesaurus Visualization

(a) Hyperbolic Tree (Source: [MB95]) (b) Cone Tree (Source: [MB95])

Figure 4.3: Visualization Techniques 2

According to Shneiderman, Tree-maps are a representatigigreed for human visualization of
complex traditional tree structures: arbitrary trees s with a 2-d space- lling represen-
tation.

Consider a tree with weight or size information attachedaohenode and a 2-d space with
corners(xs;y1) and(x2;y»). Figure 4.4 illustrates the 2-d space. For each child of doe r
node, a partition of the space along the x-axis is calculdtedthe rst partition, this reads as

X3 = X1+ Jc—lj (X2 X1) (4.6)
Jra
with jc;j as the size of child node 1 afid,j as the size of the root node. For the next level, the
corresponding partition is partitioned again along theig,e&hen again on the x-axis and so on.
Shneiderman called this approach the “slice-and-dicedritym.

Since then, a lot of different implementations and optiriiaes were made by several people.
One such optimization are the squari ed treemaps, whichamvoid the long and thin rectan-
gles resulting from small nodes. More sophisticated appres are presented in [SWO01] and
[BSWO02].

Marc Smith and Andrew Fiore used the treemap algorithm toalige the Usenet hewsgroups
[SFO1]. Their treemap component is used in our evaluatiohftw thesaurus visualization.

With treemaps, information about two additional aspectslmdisplayed beside the tree struc-
ture. One is used to calculate the size of the partitionsother is used to determine its color.

Figure 4.5 shows the treemap of the MeSH thesaurus, wheleagaa represents a concept
in the thesaurus. The hierarchy is visualized through ttetimg of areas. The color of the
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X2,y2

x1,yl X3 x4

Figure 4.4: Treemap Algorithm

different areas is used to represent the result of the diffemeasures introduced above. In
Figure 4.5 the color corresponds to the intrinsic inform@attontents of a concept. While the
color of concepts that are low in the hierarchy and thereffi@aee a intrinsic high information
content lean towards a red color whereas concepts with enlmimsgic information content lean
towards blue. The use of this representation and in paatichke color coding for representing
different measures is discussed in the following section.

Treemaps have proven their applicability in real life. Iinf®6a], Shneiderman demonstrates
some usage examples of treemaps for business intelligggpeations. He points out, that
some training and experience is necessary to derive itstmamibene t. A complete history
of treemaps and further readings can be found at [Shn06b].

With respect to our requirements, the treemaps perform wetly The only drawback is that
you lose the concept's context, if you zoom into the thessauBut that is only a minor drawback
and could be circumvented by providing an additional vigadilon, if this context is needed. In
our implementation, we used a split view with the treemapédsult visualization and a simple
tree view for the context. Additionally, a text eld was ustelprovide some information to a
selected concept.

Use in an interactive tool. The tool (Figure 4.6) that we developed for our experiments
combines a hierarchical common treeview with the treemapalization. This allows inter-
active navigation through the thesaurus hierarchy withagihg the orientation. With the but-
tons in the upper right corner, all the different analyshtéques can be used to colorize the
treemap.
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4.3 Results

Using our tool, we analyzed the suitability of the MeSH and 8TW thesaurus providing a
basis for automatically indexing the document sets desdribb Section 3.1.1. In the following,
we present the results of this analysis.

We show that the visualization of the IC Difference Analys&turally leads us to parts of a
thesaurus that cause trouble in the indexing process. kicpar, we discuss a number of
severe indexing errors that we detected using our tool. dte stlow that we can improve the
indexing result by xing the detected problems. The evabrats by no means exhaustive. Our
goal is to show that the methods proposed in this thesis wopkinciple.

4.3.1 Thesaurus Structure and Balance

First of all, we examine the thesaurus structure and balahige treemap visualization is able
to show the whole thesaurus at once. Some experience issaegés interpret the results.

MeSH. Figure 4.5 shows the structure of the MeSH thesaurus. Thiasi information
content is used to colorize the concepts. As we generallyhgssum of children for the size of
the concepts, the colors correspond directly to the sizeging from blue (most children, root
node) over white to red (no children, leafs).

The 16 top concepts (MeSH Categories) are highlighted.niteaseen that they have different
sizes, so the thesaurus is not equally balanced. The twestacgtegories are “Chemicals and
Drugs” and “Diseases”. This is obvious as there has to be ayramed distinction between all
the available substances and their impact on the variousikdiseases.

STW. As described in Section 2.5.2, we at rst used a broken impletation that lacks the
top hierarchy above the vast number of subthesauri. Compar€igure 4.5, the IIC visualiza-
tion for the broken STW thesaurus (Figure 4.7) reveals a tetely different image. A huge
number of top concepts can be seen, some of them with a tredobdscepts, as expected, but
lots of them only with a small number of child nodes or even hildonodes at all.

Figure 4.8 is colorized by the height deviation, (¢) (Equation 4.5) of every concept. This
highlights the leaf nodes directly under the top node andtatds the problem of unbalance of
the many isolated concepts.

We developed the structure measures (Section 4.1.2) ttfideach weaknesses of a thesaurus
and our experiments show that these measures work. For éxaggu could use them to
calculate a list of the most unbalanced parts of the thesa&ut with the treemap visualization,
the defective structure is already visible without any daktion.

Next, we repeat the above experiment with the xed impleratah of the STW thesaurus.
Figure 4.9 shows a by far more balanced view with the top quisceepresenting the rst
level of the subthesaurPolitical EconomicgVolkswirtschaft),Related DisciplinegNachbar-
wissenschaften)ndustries(Wirtschaftszweiglehre)Business Economig8etriebswirtschatft),
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Figure 4.8: Broken STW: Height Deviation
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Figure 4.9: STW: Intrinsic Information Content

Products(Produktteil),Geographic§Geographische Begriffe) alf@bmmon Term@llgemein-
worter). Note that the Common Terms only consists of 29 gotscand thus are hardly visible
in the bottom right corner.

Figure 4.10 augments this visual impression with the siegisheight deviation. The thesaurus
is now better balanced, especially the top concepts shovidiy white color only minimal
deviations in the height of the subtrees represented by.them

4.3.2 STW Analysis

We continue with an analysis of both the STW and the MeSH tlresa(in the next section).
These sections should convey an idea of the possibilitiesupfvarious analysis techniques,
especially of the IC Difference Analysis.

Frequency Analysis.  With a frequency analysis, we use the absolute frequencyaii-d
ments containing the concept as color metric. For this aisglyhe values should be logarith-
mized to get the most illustrative picture. Our tool proddbe possibility to logarithmize all
analysis results.

58



4.3 Results

Figure 4.10: STW: Height Deviation
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Figure 4.11: STW Frequency Analysis

The visualization of the frequency analysis of the STW thassican be seen in Figure 4.11.
We have highlighted several remarkable concepts to ilitstsome of the aspects that can be
addressed with such an analysis.

The color represents the frequency of documents contaihingpeci ed concepts ranging from
0to 151 The majority of concepts is never or very rarely used in tbeuthents. The more
often used concepts are common conceptsig@nomicsMarketing Market CostsandPrice.

We can see that the hypernyms are generally used more fithgdlean the contained hy-
ponyms. With the most used concepts, we have a rstidea aheumain focus of the document
base.

Concepts likePrice are contained multiple times in the thesaurus. As the comtethe con-
cept is not disambiguated®rice (especially as a common term) has a high frequency. As an
improvement, the used engine could try to disambiguatedh&egt, which a concept is used in
and provide information about the corresponding hypernythé given context.

IC Diff Analysis.  Compared to the frequency analysis, the IC difference aimsaprovides a
more diversi ed picture of the thesaurus (Figure 4.12).
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Figure 4.12: STW IC Difference Analysis
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The colors represent the difference of the Information €ontC (Equation 3.12) and the In-
trinsic Information Content IIC (Equation 3.24). The IICgsen as the expected information
content, the IC is the actual Information Content. Red deshobncepts with a higher IC than
expected, blue vice versa. Remember, that a high IC is a @fsulow frequency of the concept
in the document base.

The IC Diff Analysis provides us with the information whiclans of the thesaurus are more
often used to annotate documents than one would expect.reFgl2 shows that this is the
case for the subpart of the thesaurus rooted at the colregpness Economicsvhich is not
very surprising. In this part of the thesaurus, there are al$ot of common concepts, like
Ratio, Capital, Price, MarketOther areas that are well represented in the document base a
health care as well as nance and banking. This focus can plaieed easily by looking at the
journals the articles were taken from (Journal of Healthrieeoics, Journal of Accounting and
Economics and Journal of Financial Economics).

In the case oBusiness Economidke high difference between expected and real information
contents is not an indicator for a problem in the thesaurdsnierely a result of the topics
covered in the document base.

There are also cases where the difference analysis idsrtreblems. A good example is the
conceptproducts of papeshown in gure Figure 4.13. This concept originally refecsthe
branch of economics concerned with the production of papmiyzts. In the indexing process,
the concept paper was often assigned to documents that tacemserned with this intended
meaning because of phrases that contain references tdi sgelications ("in a recent paper
... suggest").

The solution is to use a disambiguation step during indekirmyder to disambiguate between
the two meanings gbaper.

On the other hand, IC Diff analysis also shows parts of thedbhrus that are less often used to
annotate documents than one would expect. An example wettliconcept alaw materials

A closer look with the interactive tool reveals that the coomiy used synonyneommodityis
missing in the thesaurus node. In our document base, thectarrmodityis used twice as often
asraw materialsand the terms never co-occur.

4.3.3 MeSH Analysis

Finally, we want to point out some interesting results frowa éanalysis of the MeSH Thesaurus.
Figure 4.14 shows the Difference of Information contenttf@ whole thesaurus. The MeSH
Category “Organisms” is highlighted.
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Figure 4.13: STW IC Diff Analysis: Zoom on Paper
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Figure 4.14: MeSH IC Difference Analysis

First of all, you see the “Angiosperms” concept with lots absoncepts. The structure is
visibly different to the other concepts. Whereas such asira could indicate a problem with
the thesaurus, in this case, it just re ects the fact that ‘dhgiosperms, or owering plants, are
one of the major groups of extant seed plants and arguabimdst diverse major extant plant
group on the planet, with at least 260,000 living speciesstlad in 453 families” [SSEO5].
This clearly shows that the structural irregularity in thegaurus is not a design mistake but
correctly re ects the nature of the domain.

When looking further at the differences in the informati@mtent another interesting concept
sticks out: The Chordata (a group of animals including tiveeleates and some closely related
invertebrates). It shows a signi cant lower Informationr@ent as a result of some concepts
with a unexpected high frequency compared to the other @s@e this group.

Figure 4.15 zooms into th&nimalsconcept for further analysis. Now, the upper right concept
is the “Chordata” concept.

We see several blue areas and two dark blue concepts. Onerofdfre the “Equidae”, also
known as horse-like animals. The result shows a by far tooitdarmation content for this
concept, thus it has a very high frequency in the documerg.bds the document base is
not dedicated to horse diseases, this indicates a problethelMeSH Thesaurus, we nd the
following terms for the conceEquidae Asses, Donkeys, Mules, Zebras, Ass, Equus asinus
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4.3 Results

Figure 4.15: MeSH IC Difference Analysis Animals
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4 Thesaurus Analysis

Figure 4.16: MeSH IC Difference Analysis Animals withoutlkdpe

(the horses itself are contained in a subconce@miidag. Analysis shows that the problem
lies in the term “Ass”. The language normalizer interpretgdry occurrence of the word “as”
as the singular form of “Ass”.

This example nicely illustrates the problems that can anishe course of automatic indexing
and it also shows that our method is an adequate means tdfydarth potential problems.

We xed this issue and rerun our analysis, the result is showrrigure 4.16. Thdequidae

are now as rare as they should be. But there are still sevieialcbncepts. The most frequent
concept now is the concepiumans which is not very surprising as most articles are concerned
with the treatment of human patients. Other high frequentepts aréMice and Rats which
gives us an direct insight on the favorite subjects of anisting for drug discovery.

We conclude that these derivations of the information adnde not point to a problem in the
thesaurus or the indexing process as they are a result ofatlieenof the domain of interest.
This shows that the nal interpretation is up to a human ugdm alone can decide if such
remarkable results are due to a problem or just an embodiofethie underlying document
base.
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4.3 Results

4.3.4 Improvements

As stated before, the goal of the thesaurus analysis is arouement of the indexing results
in terms of increased precision and recall. In this theses,omy performed some initial ex-
periments in improving the indexing results based on theltesf the thesaurus analysis. In
particular, we improved concepts that have been identi sgomblematic on the basis of a
high difference between expected and real informationardnrom the index terms and re-
calculated precision and recall. In the case of the STW tlrasawe removed the ambiguous
synonympaperfrom the concept. This led to an increase of the precision.8%64

In the case of the MeSH example, improving the normalizetdeah increase of the precision
by 1.2% while the recall remained unchanged. These imprewésrare not very impressive at
rst sight, but we have to keep in mind that the increase isrtwilt of just xing a problem
with a single concept of one out of about 32000 concepts.
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4 Thesaurus Analysis
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5 Conclusion

5.1 Summary

In this thesis we presented a method for analyzing the sliijabf a thesaurus with respect to
providing the basis for automatically indexing a given doeut set.

With Chapter 2, we introduced some basic concepts of theséaased search, the Collexis
Engine used for automatic indexing in our experiments asagahe involved thesauri.

Then, we developed a well-de ned performance measure fo&esthe results of the automatic
indexing in Chapter 3. As this measure is based and dependesgmantic similarity, we in-
troduced several approaches for semantic similarity aatliated their impact our performance
measure. We concluded with a rst optimistic prediction abthe quality of usability of the
STW thesaurus for automatic indexing and decided for theskamlarity measure as basis for
our further performance evaluations.

The main part of this thesis is the proposition of our gendrakaurus analysis approach in
Chapter 4. We found the treemap visualization the best ntatolr approach of analyzing on
concept level, instead of analyzing the thesaurus as a witale experiments with different

techniques led to the development of the promising IC Deffiee Analysis.

We showed that it is easy to identify potentially problemgtarts of a thesaurus with our analy-
sis approach for the suitability of a thesaurus and that auaddnspection of these problematic
parts often reveals problems that were induced by the adtwmedexing process. We also pre-
sented results of initial experiments in improving the msxcbased on the result of the analysis
in which xing a single problem leads to a signi cantly in@sed precision of the annotation.

We conclude that interactive thesaurus assessment isablsuiheans to improve the results
of automatic document annotation. Especially for reldyivemall document sets, identifying
indexing errors can have a signi cant impact on the qualitthe annotation.

5.2 Outlook

There are a number of issues that require further invegiigatOne open question is the im-
pact of the choice of a particular distance measure as thie fuaiggeneralized precision and
recall has on the results of our analysis. We believe thatgcehensive theory of generalized
precision and recall is needed to answer that question.

Another important observation was that many of the problémasd by our method can ac-
tually be seen as problems of the indexing algorithm rathan tproblems of the thesaurus.
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5 Conclusion

These problems have to be faced, as automatic indexing ahakerts becomes more and more
important.

There are several directions for future work that are intplig this thesis. The major direction
of research are methods for improving annotation resuisdban the results of the analysis. So
far, we have only considered the improvement of over-rereesl concepts in order to improve
the precision of annotations. In order to improve recall, veed to identify terms that are
under-represented in the annotations and nd out why ththéscase. A possible problem is
the lack of proper synonyms. Finding such missing synonysre possible way to improve
recall that should be investigated in the future.

Another challenging direction is the development of furtamalysis techniques like the IC Diff
Analysis. So far, we used only the smallest subset of adailaformation. We see our general
approach with the treemap visualization as a framework ity be used to perform more
sophisticated analysises.
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