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Abstract

Comparing and evaluating the performance of concept based retrieval schemes
is notoriously difficult and of increasing practical importance. To aid the evalua-
tion process we developed a visualization tool which puts particular emphasis on
the comparison of single queries. This tool directly visualizes a generic theoret-
ical model for concept based retrieval schemes which is presented in this paper.
We show how concept based retrieval schemes and even clustering algorithms
can be cast into it.
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Chapter 1

Introduction

A standard problem in computer science is the so called retrieval problem: How
to search for a set of relevant documents given a query (that is a set of terms).
Most of the time one is not actually interested in all relevant documents but
just the “most relevant” document(s). Therefore the result should also include
a number denoting its relevance. Which can then be used to sort the resulting
set. This resulting sequence is also known as a ranking.

The most obvious approach to generate such a ranking is just to search for
documents containing the terms mentioned in the query. The relevance of a
document is then directly proportional to the number of query terms which are
actually contained in the document.

This can be implemented very easily by an index, denoting which documents
a term is contained in. Unfortunately this approach cannot cope with two
phenomenons, which occur very often in natural language:

e Polysems, that is words which have more than one meaning. For instance
the word trunk has several meanings: a suitcase, the trunk of an elephant,
the torso as well as a bole.

e Synonyms, that is several words which have the same meaning. For ex-
ample the words: performer, entertainer, artist and player can all be used
to denote the concept of an actor.

These phenomenons can have a severe impact on the performance of a a retrieval
algorithm. The users of such an algorithm are normally not interested in specific
words but in their meaning. But as seen above a word might actually have
several meanings and their might also be several words for the same meaning.
Therefore we need a way to identify or at least guess / approximate the meaning
of both queries and documents.
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2 CHAPTER 1. INTRODUCTION

One popular class of algorithms used to solve this problem are the so called
concept based retrieval schemes. They introduce a new way to describe docu-
ments, in which documents are no longer described by the terms they contain,
but rather by the concepts they belong to.

In general these algorithms consist of two phases. In the first phase the concepts
contained in the corpus (the set of known documents) are identified. Intuitively
a concept can be understood as a topic common to several documents in the
corpus. The documents are then recast into a so called concept space repre-
sentation. In the common term space representation a document is equal to
its terms — each term weighted by its number of occurrences. In concept space
each document is equal to the concepts “contained” in it, each concept weighted
according to its relevance. Thereby we have now created a fuzzy clustering of
the documents into their concepts. Note that these algorithms perform unsu-
pervised clustering, in particular they do not need a labeled corpus.

In the second (query) phase the query is cast into concept space as well. The
ranking can then be created by a simple comparison in concept space of the
“query document” with all other documents.

Typically the performance of a retrieval scheme is measured by comparing the
results of several queries with predetermined optimal results. The resulting av-
erage performance gives a good hint on the overall performance of an algorithm.
But to understand why an algorithm performs well (or not) for certain queries
it is necessary to actually look at the result of the query itself and compare it
to the results of other algorithms on the same query. Ideally one would be able
to compare the query and its results in term as well as in concept space.

Structure of the paper

First we will give a short overview of the results of our work. After a short
overview of the purpose of clustering algorithms and retrieval schemes and the
introduction of the basic concepts we present our generic model. We then present
several existing retrieval schemes and show how they can be recast into the
generic model.
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Chapter 2

Results

Therefore we developed a visualization tool which allows us to compare differ-
ent concept based retrieval schemes. Unlike previous attempts we turned our
attention on comparing the results of a single, specific query on several different
clusterings of the same corpus directly.

The notion of a concept is made explicit in our visualization tool. Therefore
we can display an approximation of the concept space introduced by a concept
based retrieval scheme in our visualization tool.

In preparation of our visualization tool we introduced the following theoretical
foundations:

e We developed a generic model which unifies the different concept based
retrieval schemes. Furthermore we generalized queries. Thereby we allow
nine kinds of queries instead of only the classic one which retrieves the
most relevant documents for a set of terms.

e We showed how to map concept based retrieval schemes into our generic
model. We provide mappings for LSI, PLST and NMF. Similar algorithms
can easily be mapped in an analogous way.

e By the example of Spectral Clustering we showed that it is even possi-
ble to use plain clustering algorithms — which do not allow querying by
themselves — for information retrieval.

We developed a suite of applications which is called ALwis. As mentioned before
concept based retrieval schemes are two phased algorithms. Our visualization
tool naturally only visualizes the query phase. Nevertheless we also provided
all necessary tools needed in the first phase. In particular we provide tools to
prepare a corpus. All in all it consists of the following components:
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4 CHAPTER 2. RESULTS

e We provide five tools for corpus processing. This includes e.g. document
filtering and stemming. Stream processing via Unix pipes is supported
where appropriate. Altogether these tools consist of roughly 1900 lines of
code.

e Three tools for calculating models on the basis of corpora are provided as
well — for LSI, PLST and Spectral Clustering. In total there are roughly
3100 lines of code for this tools.

e Query visualization is done in an intuitive graphical user interface which
allows mouse control as well as keyboard control. It took four prototypes
to reach this level of usability. The GUI consists of roughly 19300 lines of
code.

e The graphical user engine uses two supplementary tools: the query engine
and the precision recall measurement device. Both together consist of
roughly 1700 lines of code.

e The usage of the applications as well as technical details like file formats
and protocols are described in the reference manual. The manual is pro-
vided in HTML and PDF format and consists of roughly 55 pages.

One important issue in the development of the ALWIS suite was making the
applications cross-platform. Especially process creation and inter-process com-
munication with Unix pipes in the presence of a graphical user interface were
problematic in this context. So far the applications have been tested on Linux
and on Windows. Porting to other POSIX compliant platforms supported by
the wxWidgets GUI library should be very easy. For Windows we provide a
precompiled binary package coming with a full featured installer.

Due to the size of this project the work was split between my colleague Daniel
Fischer [4] and myself. In this paper I present the results of my part which
focuses on the theoretical generic model (GM).
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Chapter 3

The vector space model

Before we present our generic model let us first introduce the notion of a docu-
ment term matrix (DTM) and the underlying vector space model.

Each document is represented by a vector. The vector has the same number
of elements as there are distinct terms in the corpus. Therefore a term can be
represented by a number ¢ € T denoting the corresponding element in such a
vector. T is the set of all term ids ranging from 1 to the number of distinct
terms in the corpus.

In an analogous way the complete document collection (the corpus) can be
represented by a matrix. This matrix is known as the document term matrix
(DTM) and can be created by stacking the document vectors row by row. This
also defines a document id d € D as the number of the corresponding row in the
DTM. Whereby D is the set of all document ids ranging from 1 to the number
of documents in the corpus.

It is sometimes necessary to view the document term matrix as a probability

distribution over the terms. In that case we use the following notation P(d,t) =
dtmg
ZtGT di"mdt ’

Note that in this representation the positions of terms within a document is not
modeled. Actually the position of a term in a document is never needed in any
of the algorithms we studied so this is not a loss.

In analogous way we represent each concept by a number ¢ € C ranging from 1
to the number of concepts.
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Chapter 4

The Generic Model (GM)

4.1 Overview

Our approach to a generic model for comparing concept based retrieval schemes
can be summarized as follows:

e We operate on the vector space model as outlined above. The corpus itself
is represented by a document term matrix. The position of the terms in
the documents is not taken into account!

e Concept based retrieval schemes are two phased algorithms:

1. A clustering phase which introduces a new concept space. It com-
putes a matrix representing the transformation from document space
to concept space and vice versa. This matrix is known as the pzd
matrix. It also provides a transformation from term space to concept
space and vice versa in the pwz matrix.

2. A query phase, which operates on the matrices generated above or
some matrix derived from them. Also depending on the retrieval
scheme being modeled performing a query might involve performing
more than one query in the generic model.

e Queries are generalized. We do not only allow queries from a set of terms
to a document ranking, but also the inverse query and any other query
from either documents, terms or concepts to one of the two remaining
entities.
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8 CHAPTER 4. THE GENERIC MODEL (GM)

4.2 The generated clustering

Multiplication of the matrices yields a new matrix pwd = pwz - pzd. This matrix
has the same dimensions as our document term matrix. In fact it should ap-
proximate the document term matrix. An intuitive way to think of this matrix
is as an idealized corpus where gaps are filled out and outliners are removed.
That is terms which are “missing” in certain documents are added and terms
which “should not be there” are removed.

In section 4.3.3 we will explain how queries can be performed by comparing each
row of one of the matrices pwd,pwz,pzd or their transposed with a query. This
only works if both the query (considered as a document — see section 4.3.2) and
the rows are normalized by the same norm. We normalize each vector to element
sum 1. This gives us a probability distribution over the elements. Of course
this only works if all elements are non-negative prior to the normalization.

Therefore we require that all elements of the matrices pzd € R*¥¢*#D

R*T*#C are non-negative.

and pwz €

Note that only the three matrices pzd, pwz and dtmhave to be stored on disk to
store a generic model. Thereby the computation of a model and its use can be
separated.

We also provide a generic way to compute a pwz matrix given the document
term matrix and the pzd matrix (see section 5.4.2).

4.3 Queries in the GM

4.3.1 Notation

To clarify the different kinds of queries we are talking about we introduce some
further notation and terminology:

o ¢ € Q(X) is a query over X. Q(X) C P(X x[0,1]) A query is a set of
tuples of an id and a associated weight.

e r € R(X) = Q(X) is the type of a query result. A query result obviously
has the same type as a query.

e f e F(X,Y) = Q(T) - R(C) is a query function. When a query is
executed to obtain a query result of appropriate type, a query function
has to be applied to the query. This query function determines the type
of the result.
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4.3. QUERIES IN THE GM 9

As an clarifying example note that in above notation if we ask for “the most
relevant documents r for a given set of terms ¢” then

e r € R(D) is the query result we are searching for.
e g € Q(T) is the query itself.

e to actually execute the query we need a query function of type F(T, D),
which we can apply to g to yield r.

In this document we will talk about the different query functions a lot more
than we will talk about queries. Therefore — if it can be done without arising
confusion — we abbreviate “query function” by “query”.

4.3.2 Queries as documents

Notice that both the queries and the query results can also be represented by a
vector of size #X. The vector v € [0,1]#% represents the query ¢ € Q(X) iff

Vie X :
{vi} = {{wl(i,w) €q}y ifie {j|(j,v) € ¢}
2 {0} otherwise

This implies that a term query of type Q(T") can also be interpreted as a doc-
ument; and a query function F(7T, D) can be realized by searching for similar
documents.

4.3.3 The queries

Besides the obvious query function F(T', D) several others are of interest, when
trying to gauge the performance of a given clustering:

e F(T,C): Obviously a very important query as it gives us a hint why a
given retrieval scheme ranked a document as important even if the search
term(s) are not contained in the document.

e F(C,T). The inverse query is the best tool in understanding what a
given concept is about. It intuitively answers the question “What does a
document representing this concept looks like?”. And therefore the best
way to visualize a concept is displaying the first k& terms returned when
such a query function is applied.

e F(C,D). This query complements the one above by answering the ques-
tion “What ezisting documents in our corpus represent the combination
of these concepts?”. Again its probably most useful when used with just
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10 CHAPTER 4. THE GENERIC MODEL (GM)

query function | matrix

F(T,D) pwd
F(T,C) pwz
F(D,C) pzd®
F(D,T) pwd”
F(C,D) pzd
F(C,T) pwz!

Table 4.1: Matrix-query relationship

a single concept: “What existing documents in our corpus represent this
concept?”.

o F(D,C) “What concepts are common to these documents?”

e [(D,T). When used with just a single document this query answers the
question “How does this document should look like?” Interestingly this
seems to be the least useful query. It would in theory be interesting to
compare this idealized document to its original form in the DTM but due
to the size of a document this is not really feasible in general.

Each of these query functions can easily be done on our GM. Taking the result
of section 4.3.2 into account, we just need to compare the “query document”
with the rows of the corresponding matrix.

For example to find the most relevant documents for a set of terms (F'(T, D)) we
compare the query with each row of the matrix pwd. The inverse query function
F(D,T) can be implemented by comparison with each row of the transposed
matrix pwd?. In an analogous way to find the most relevant concepts for a set
of weighted terms (F(T,C), we need a matrix which expresses the relationship
between the documents and the terms, in a similar way the pwd does for terms
and documents. We already have such a matrix! It is the matrix pwz.

In general the algorithm to express a query in the GM is listed as algorithm 4.2.
Which matrix denotes which query function is listed in table 4.1.

M the matrix according to table 4.1
q € Q(X)(normalized) Ar € R(Y)
T <—
for z € X do
v« row z of M (normalized)
r — rU{(d, compare(q,v))}
end for
return r

Algorithm 4.2: Generic query F(X,Y) in the GM
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Chapter 5

Analysis of existing
retrieval schemes

In order to create unified model of concept based retrieval schemes we first
analyzed several, namely:

Latent Semantic Indexing (LST)

Probabilistic Latent Semantic Indexing (PLST)

Spectral Clustering

Non-Negative Matrix Factorization (NMF)

5.1 LSI

Latent Semantic Indexing as described in the paper [3] performs a singular
value decomposition (SVD) on the document term matrix. The SVD computes
a factorization dtm = U - ¥ - VT. ¥ is a diagonal matrix of singular values.
This matrix and the matrices U and V are now reduced in size by removing
all but the k largest singular values and the corresponding rows and columns
of U and V. The multiplication of the resulting matrices U’ and V' yields a
approximation of the original DTM.

An appropriate way to realize the query function F(T, D) is to map the query
into feature space using the matrix U and perform the comparison in concept
space, i.e. the documents have to be mapped as well. But as noted in [1]
it is also possible to do the cosine comparison of the query document on the
approximated DTM U -V, i.e in term space.
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12 CHAPTER 5. ANALYSIS OF EXISTING RETRIEVAL SCHEMES

5.1.1 LSI and the GM

The matrices U and V' resemble the matrices pwzand pzdwith the exception
that they might contain negative values. Therefore the matrices have to be
postprocessed. Several different postprocessing strategies are possible:

truncating Every negative element of the matrices is set to zero.

0 if mi; < 0
msj =
“ m;; otherwise

absolute value The absolute value of every element is used.

mij = [mg;|

shifting If there is at least one negative element the absolute value of the
smallest element is added to to each element of the matrix.

mij = |m1nmw| + mij

Following the line of reasoning in section 4.2, clamping seems to be the most
reasonable strategy to use. Shifting would change the meaning of zero elements,
which is in general not a desirable property. The absolute value strategy on the
other hand would make negative values important and hence seems not to be
the correct strategy.

5.2 PLSI

Probabilistic Semantic Indexing as described in the paper [6] is an iterative
algorithm and was designed as an improved successor of LSI. The values in the
model computed by PLSI can be interpreted as probability distributions. To
compute the clustering the two matrices pwz and pzd are randomly initialized.
The formulae (5.1), (5.2) and (5.3) are then repeatedly applied to the matrices.

d
P(c|d, t) = —2ZtePECed (5.1)
>_1—1 Pz, pzd,
dtmg: P(c|d, t
pzd,, = >_icr dtma P(cld, t) (5.2)
ZtET dtmdt

puz, — > dep dtmgs P(cld, t)
r ZtET ZdeD dtmg. P(cld, t)
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5.2. PLSI 13

The resulting matrices do represent the transformations as required by the
generic model.

In the search phase the query is mapped into concept space using a variation of
the iterative algorithm seen above and the query is compared to the documents
in concept space.

5.2.1 PLSI and the GM

It is immediately obvious that the result of the clustering part of PLSI has a
direct representation in our generic model.

The two steps implicitly done by the query F(T, D) in PLSI are actually made
explicit in our generic model.

1. The term vector has to be transformed into concept space. This process
is also known as folding in. The actual algorithm to do so in listed in
algorithm 5.1.

2. The resulting vector has to be compared to each row of the matrix pzd
using the standard cosine comparison method as listed in algorithm 4.2.

pzq € [0,1]¢
pzqu € [0,1]¢*T
for n — 1...N do
for ce C do
for t € T do
(pvz, .pzq.)"

P2V = 5= (ovz, pzq,)”
end for
end for
for c € C do
pzqc — ZtET qtpzqwc,t
end for
end for
return pzq

Algorithm 5.1: Folding a term query Q(T') into concept space in PLSI

As step two is already provided by the GM, all we need is a way to incorporate
algorithm 5.1 in the GM. The key observation to do so is the fact that this
folding-in operation has the same type as a query F(T,C). By extending the
set of supported query functions, we can actually provide the query function
F(T, D) as required by PLSI.
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14 CHAPTER 5. ANALYSIS OF EXISTING RETRIEVAL SCHEMES

5.2.2 Generalization of folding in

Now that we model folding in as a query of its own kind why should we not
generalize it, in the same way we generalized the cosine based query functions
in section 4.3.37 In studying algorithm 5.1 we realized that its functionality
depends on a single matrix pwz. And coincidentally we can replace this ma-
trix by any of the other matrices with the expected semantics. That is if we
replace the matrix pwz by the matrix pwd we get a mapping from term space
into document space. Besides the matrix replacement we have to adapt the
dimensions of the temporary matrices and a few running counters — for details
refer to algorithm 5.2.

pyq € [0,1]"
pyax € [0, 1Y %X
for n — 1...N do
for y €Y do
for z € X do
(Maypyq,)”

PYIXy o T 55 o (Maipya))?
end for
end for
for y € Y do
PYdy, < Xgex GePYAXy,
end for
end for
return pyq

Algorithm 5.2: Folding a query Q(X) into another space Y in PLSI

As shown in [2] it can be advantageous to combine advanced folding in mech-
anism with simple clustering methods. Our GM might be helpful for future
research in that area. One can easily use PLSI style query functions on matri-
ces generated by a another clustering algorithm such as LSI. This might give
an further insights whether this method or the clustering itself or both are the
strength of PLSI. With the same intent one can use only the cosine query func-
tions on the matrices created by the PLSI clustering algorithm. And whenever
a new algorithm is introduced to our GM the same reasoning can be applied.
We believe that this might turn out to be a very helpful contributions of the
GM in understanding and evaluating the performance of concept based retrieval
schemes.

5.2.3 Combined Queries

PLSI allows one additional query function. Given a term id ¢ and a document id
d it computes a concept ranking. Unlike the usual queries F/(T,C) and F(T, D)
this query computes a combined ranking, where each concept is weighted by
P(c|d,w).
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5.3. NMF 15

This query can be used to differentiate between the meanings of polysems. In-
tuitively it answers the question: “Which concepts represent the meaning of the
term ¢ in document d?”.

Unfortunately many algorithms do not provide a specific way to do this query.
Therefore we do not support this specific algorithm in the GM. Nevertheless we
believe that the algorithm 5.3 can be used to express those kinds of queries in
a general way.

fa € F(D, C)
fre F(T,C)
ra — fa({(d,1)})
re — f({(t, 1)})

r «— merge(rq, r¢)

Algorithm 5.3: Query for concepts given document and term

The basic idea behind this algorithm is very simple. We first obtain the most
relevant concepts for the given term(s) and than we also obtain the most relevant
concepts for the document. Both rankings are normalized to sum 1 and can as
such be interpreted as probability distributions. Therefore multiplying both
weights of a concept id essentially states that we require the corresponding
concept to be relevant for term and document simultaneously.

argument (rl,7r2) € R(X) x R(X)

vy < r1 as a vector (normalized to sum 1)
vg < Ty as a vector (normalized to sum 1)
return v; element-wise multiplied with v

Algorithm 5.4: Merging the results of two queries

5.3 NMF

Non-negative Matrix Factorization is another approach to cope with the prob-
lems of LSI. As described in the paper [7] it is also an iterative algorithm cal-
culating an approximated decomposition dtm” ~ W - H of the document term
matrix. A key feature of this decomposition is that all elements of the matrices
W and H are non-negative.

In general Non-negative Matrix Factorization repeatedly applies an update func-
tion to the matrices W and H to minimize some cost function. Therefore an
particular variant of NMF can be described by two update rules uy and u,, and
an cost function c.

In the paper cited above two variants are described. The first one is based on
the euclidean distance between the approximated and the original document
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16 CHAPTER 5. ANALYSIS OF EXISTING RETRIEVAL SCHEMES

term matrix:

(WTdtmT)Cd
= H, H,
Up, d < d (WTWH)CC[
(dtmTHT)tC
w = Wi Wie
“ te T M (WHHT )¢
2
c = > > (atml — (WH)a)
deDteT

The other on the relative entropy between the approximated and the original
document term matrix:

Et Wtcdtmtd/(WH>tc
= H H
Uh, ed < Iled Zt W,.
T
wh, — Wtc - Wtc Zd HCddtmfd/(WH)td

>aHea
R )

deD teT

5.3.1 NMF and the GM

Similar to PLSI the matrices W and H already fulfill all our requirements on
the result of the clustering phase. Therefore we can use W as the pwz and H as
the pzd matrix.

Likewise the paper [7] does not explain how to perform queries. A suitable way
seems to be cosine comparison of the query with the documents, concepts or
terms as appropriate (already described in section 4.3.3).

5.4 Spectral Clustering

Spectral Clustering as described in the paper [8] is just a clustering method.
Unlike LSI, NMF, and PLSI it is not an retrieval scheme. Nevertheless we will
show how Spectral Clustering can be used to do retrieval.

Standard Spectral Clustering performs a strict clustering of documents. The
algorithm itself is listed in algorithm 5.5. In principle it is based upon it affinity
matrix which denotes the distance between pairs of documents. The important
step of Spectral Clustering is the calculation of the k largest eigenvectors of
a matrix L which is derived from the affinity matrix. After stacking these
eigenvectors in columns one can treat each row in this matrix as a point in R¥.
These points are clustered into k clusters using K-means or any other standard
clustering algorithm.
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5.4. SPECTRAL CLUSTERING 17

affinity matrix: A € R¥P*#D

Aij — {exp( H%U;JH ) i F]
0 1=
D « diagonal matrix with Dy = >, Aig
L— D Y2.4.D"1/2
r1,Ts,..., T < k largest eigenvectors of L
X  [2129. .. 13] € R¥PXF
normalize: Y € R¥PXk Y, Xii /(325 X2)12
Cluster the rows of Y by K-means

Algorithm 5.5: Spectral Clustering

5.4.1 Spectral clustering and the GM

As mentioned above we will use this section to show how a clustering algorithm
can be used to do retrieval. To do so we define a mapping from the result of a
clustering algorithm to the matrices needed by the generic model.

One can treat the calculated k clusters as the set of k new features. In that
case the pzd matrix is a boolean matrix. For each document cluster pair the
corresponding element in the matrix is 1 if and only if the document is contained
in the cluster and 0 otherwise.

In general, terms are not needed to do spectral clustering and therefore spectral
clustering makes no statement on the cluster and term relationship. However
we realized that there is a simple and meaningful way to create a pwz matrix
given a pzd matrix and the original DTM.

5.4.2 Deriving pwz from pzd

An entry in the pwz can be calculated by the following formula:

dtmg,
pvz, pzd = —
¢ dEZD ¢ ZtET dtIIldt

Above formula expresses that a term which occurs very often in documents of
high importance to a given concept should be marked as important with respect
to this concept.

Notice that this derivation depends in no way on the nature of spectral cluster-
ing! In particular one could use it with any non strict clustering algorithm as
well.
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18 CHAPTER 5. ANALYSIS OF EXISTING RETRIEVAL SCHEMES

5.4.3 Executing queries

As noted before there are no query functions defined in the spectral clustering
paper [8]. Nevertheless we use the approach outlined in section 4.3.3. Prelim-
inary tests seem to provide good results but a detailed study is the subject of
future work.
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Chapter 6

Measurement in the GM

To aid humans in the evaluation of the performance of clustering algorithms
several different algorithms have been developed. These algorithms have in
common that they create either some graph or a special number which is sup-
posed to express the performance of a clustering. Let us have a closer look at
two different techniques.

precision recall In this method the results of several F(T, D) queries on a fixed
collection are compared to predetermined optimal result. The results of
this comparison are then summed up in two values precision and recall. It
requires extensive preparation to determine this optimal result, which so
far can only be done manually.

relative entropy This technique calculates the similarity between the DTM
and the approximated DTM by the formula

dtm, (d, t)

Pded,t

Z dtm,(d,t) - log

deD,teT

where dtm,, and pwd,, are normalized variants of the matrices dtm and pwd,
that is normalized to element sum 1.

The key observation here is that there are measurement techniques like precision
recall which need to perform queries and on the other hand there are techniques
like relative entropy which only need access to the matrices of the GM.

In the implementation of ALwis we distinguish between both kinds of measure-
ment techniques. To allow the user to add more measurement techniques of the
same kinds we modeled both of them as external programs, please refer to [4]
for details.
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Chapter 7

On the creation of the DTM

Creation of the document term matrix from a given collection of texts involves
several steps and is in general independent from the clustering algorithm used.
Nevertheless as part of our work we developed a very flexible way to create
a document term matrix based on the UNIX stream concept. An overview is
displayed in figure 7.1.

The starting point of every clustering algorithm is the DTM. Before the actual
creation of this matrix the documents themselves have to be preprocessed to
remove unwanted terms, characters and reduce the terms to their stems. For a
more detailed explanation of these operations see [9]. This operations have all
to be done in the same way for each document of a given corpus. Otherwise one
might introduce unwanted (dis-)similarities between the documents. Therefore
we bundle all documents of a given corpus into a single stream before applying
these operations to it. Each operation can now easily be implemented as a
stream transformer. Again refer to [4] for details.

The importance of careful creation of the DTM can not be stressed enough. In
particular stemming and stop word elimination are very important.

7.1 Stemming

A stemmer is an algorithm which determines a stem form of a given inflected
or derived word form. This stem is not guaranteed to be identical to the mor-
phological root of the word, but related word forms are supposed to be mapped
to the same stem. The process of applying a stemmer to a given text is known
as stemming.
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Figure 7.1: Creation of a DTM

In general the semantic value of a word does not change when it is inflected.
As we are interested in the semantic value of a document when determining
the concepts of a corpus stemming obviously improves the performance of a
clustering.

Note however that stemming is highly language dependent. For an overview
over existing stemming algorithms see [5].

7.2 Stop word elimination

A stop word is a term that appears frequently within a text, but has very little
informational content. Therefore stop words only increase the size of the DTM
and add noise to the model e.g. by introducing artificial concepts. Luckily its
quite easy to create a list of stop words. For most languages there are already
standard stop word lists. Also it is quite easy to create a corpus specific stop
word list by just adding all terms to the list which occur with a certain minimum
frequency.
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Chapter 8

Conclusion and future work

Together with my colleague Daniel Fischer I implemented a visualization tool
which puts emphasis on the comparison of single specific queries across several
concept based retrieval schemes.

To facilitate that we have shown how to map different concept based retrieval
schemes into the generic model. This model introduces the notion of a gener-
alized query. The generalized query has proven itself to be helpful in under-
standing the performance of a concept based retrieval scheme on a single query.
For certain applications it might be advantageous to provide the power of the
generic model to the end user. For example a movie database might want to
provide means to list related movies.

We are convinced of the usefulness of our tool, nevertheless we are interested in
reports of using ALwWIS. In particular we would to like to hear about additional
mappings of other concept based retrieval schemes into the generic model.

We hope that our tool will help in understanding the performance of concept
based retrieval schemes. It might be interesting to compare the performance of
the same clustering using different kinds of query functions.
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