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Introduction

LIVA (Library Information Analysis and Visualization) is a research and development project
of the Swedish School of Library and Information Science in Borås (SSLIS), Bibliotekscentrum
Sverige AB, and BTJ, in cooperation with a number of project libraries and with funding
for 2005-2007 from the Knowledge Foundation (KKS). Based on analysis of data from the
project libraries and content providers – prominently Lund Public Library, Nordiska museet,
SCB (Statistics Sweden), TPB (The Swedish Library of Talking Books and Braille), Southern Älvsborg Hospital Library and Dandelon, a German portal and search engine – the goal
of the project is to bring competitive functionality in terms of language technology, classification research, information retrieval (IR) and information visualization to special/public library
OPACs.
This interaction between the above components is one of the delicate areas of study where
active research is going on worldwide. As a point of departure we assume that the quality
of classification has an impact both on IR results and on information searching by browsing,
as enabled by information visualization. In an automated environment, classification quality,
on the other hand, heavily depends on linguistic pre-processing of the input material, this
being provided for example by language technology tools. One might say that the outcome of
knowledge organization depends on the abilities of the linguistic and statistical tools applied.

2

Traditional classification

Library classification can be described as a procedure involving the coding and organizing library materials (books, serials, audiovisual materials, computer files, maps, manuscripts etc.)
according to their conceived subject. A classification consists of tables of subject headings and
classification schedules used to assign a class number to each item being classified, based on that
item’s subject [6].
Whereas as late as until modern times, manual indexing and classification for cataloguing
were seen as inventories designed for controlling the collection and for information needed for
new acquisitions, during the 20th century they have become indispensable tools for subject
searches as well [15]. In this sense, we can say that classification is the organization of library
materials by a hierarchy of subject categories [7].
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Motivation

The motivation for research in LIVA was due to several developments in different fields during
the past four decades. Prominently we must name the following:
• The birth and evolution of the World Wide Web. With the exponential growth of the
number of web pages, and potential direct access to document databases, huge and everexpanding document collections came into existence. Text documents being the most
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important of them, manual classification in local or virtual collections cannot keep up
with the proliferation of digitized documents. Worldwide efforts at digitization add a new
dimension to this problem. Unless computerized solutions are worked out, users lose access
to the majority of these collections;
• Due to the enormously increased need to handle larger and larger quantities of documents,
there is a growing need emphasized by increased connectivity and availability of document
bases of all types at all levels in the information chain. But this interest is also due to
the fact that text categorization techniques have reached accuracy levels that rival the
performance of trained professionals, and these accuracy levels can be achieved with high
levels of efficiency on standard hardware/software resources. This means that more and
more organizations are automating all their activities that can be cast as text categorization
tasks [28];
• Interaction between natural language processing, information retrieval and machine learning results in an ongoing exchange of issues, solutions, data sets and evaluation methods;
and
• Findings from the above fields for commercial product development are increasingly available.
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Roadmap

Since the project paves the way for software product development, working out interaction
between the different research components is crucial to the success of LIVA. This means finding a conceptual and methodological common denominator enabling the automatic indexing,
automatic classification, information visualization and information retrieval modules working
together. To this end, we concentrate on the vector space model in information retrieval for
document content representation, and the energy metaphor for content grouping.
The implementation of this integration happens on three levels. The first research problem,
now solved, was to find ways and means for the automatic indexing and automatic classification
of bibliographic records, in the context of the SAB classification system. We will refer to
these two procedures as text categorization. The solution involves the use of natural language
processing (NLP) tools for Swedish and the concept of information gain in machine learning [8],
both handling textual elements of such records, and support vector machines (see below).
A next level of integration demanded interaction between the text categorization and the
information visualization components. This is now in the experimental phase. We are experimenting with three visualization metaphors: document galaxies [34], force-directed placement
[33] such as in ”cauliflower space” [14, 2], and contour maps or thematic landscapes [34]. Whereas
document galaxies and contour maps support navigation in a database, force-directed placement
methods give the user an overview of both the information searching process and single steps of
information retrieval.
Finally, information visualization and information retrieval need to be integrated as well.
Apart from trivial solutions such as the visualization of the vector space model or the latent
semantic indexing (LSI) IR model for navigation parallel to retrieval [3, 22], we are working
on the implementation of the force-directed placement methods and their matching with the
relevance feedback IR model [25]. To this end, we conjecture that a query retrieving documents
from a database manifests a classification suitable as a training sample for supervised learning,
and relevance feedback for query modification leads to a changing sequel of such classification
samples [23].
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5

Definitions

In order to give the reader a clear perception of the central concepts in this article a few
definitions follow.

5.1

Text categorization

Informally, text categorization can be defined as the process of assigning text documents to
categories or classes. Let D be a set of documents and C a set of categories. We can then
formalize the categorization of D by defining a target function Ψ : D × C → {0, 1}, where 1
indicates membership and 0 non-membership of a particular category.

5.2

Automated text categorization

By automated text categorization we refer to text categorization performed by an algorithm
contained in a computer program.

5.3

Classification

By classification we refer to categorization of documents into predefined and labeled categories.

5.4

Clustering

By clustering we refer to categorization of documents into a set of groups which arise from
inter-similarities between the documents in D. Formally, clustering is a partitioning of D. We
distinguish between partitional clustering, where no relations between the obtained clusters
are stored, and hierarchical clustering, where relations between the clusters are stored in a
hierarchical (tree) structure.

5.5

Feature space

A feature space is a vector space used to store and analyze objects (for instance documents) by
representing them with vectors containing measured feature values. In the case of documents,
term frequencies within documents as well as document collections are often used to calculate
suitable vector coordinates. This representation form easily allows measurement of document
similarities as well as detecting the cluster structure of a collection. Both ”ordinary” Euclidean
vector spaces as well as more abstract Hilbert spaces can be used for this purpose.

5.6

Cross-validation

A common evaluation method in supervised machine learning, cross-validation is a procedure
that involves partitioning the document set D into a collection of subsets D0 = {D1 , . . . , Dk }
followed by choosing one subset Di for training, i.e. for inducing a model for the classification
of D, while the remaining subsets Dj ∈ (D0 − Di ) are used for validation. This process can be
repeated over all k subsets in D0 – so called k-fold cross-validation – followed by the calculation
of the average over all k measurements.

5.7

Machine learning

The field of machine learning methods generally involves computerized learning of a task [24].
This task can consist of finding a syntactic model for a language, inducing a regressive model
for economical change, or categorizing information objects (for instance documents and terms).
The process of learning formally entails choosing a hypothesis h of a space of hypotheses H
about the phenomenon at hand.
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Machine learning methods are generally categorized as either supervised, where h is chosen
to fit a set of labeled input patterns, and unsupervised, for which no data labels are available
(or used). In many machine learning applications the system uses a subset Xt (called a training
set) of the entire data set X to induce a model for X.
5.7.1

Overfitting

A machine learning hypothesis is characterized by overfitting if it is too granular (has too many
parameters) in relation to the data set. This typically means that the model fits the training
set well, but is not capable of generalizing to the underlying data population.
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Automatic indexing

Because of its seminal importance for decades of consecutive research, including the ideas we are
going to introduce and combine here as well, we must start our treatise with the brief description
of the vector space model (VSM).
In the field of information retrieval (IR), the vector space model is an important, wellunderstood and extensively researched classical model, which has been widely used to process
texts efficiently and retrieve information for some forty years [26]. The VSM is called so because
each document and query is mapped to a point in the feature space based on frequencies of keywords appearing in the text. The feature space is mathematically modelled by the orthonormal
Euclidean space, i.e., the space (or geometry) defined by a system of pairwise orthogonal coordinate axes corresponding to index terms. So far, the Euclidean geometry is the only type of space
used in the VSM in general, but non-Euclidean geometry is becoming increasingly important in
modern science and technology.
As Salton et al. suggest in a later article, we can consider a document space D consisting of
documents di , each identified by one or more index terms tj , which may be weighted according
to their importance. If they are not, their weights are restricted to 0 and 1. Whereas such a
document space can be easily visualized in three dimensions of Euclidean space if the document
has three index terms, the example can be extended to t dimensions when t different index
terms are present. In that case, each document di is represented by a t-dimensional vector
di = (w1 , . . . , wt ), where wi represents the weight of the ith term.
Given the index vectors for two documents, it is possible to compute a similarity coefficient
between them, σ : D × D → [0, 1], which reflects the similarity in the corresponding terms
and term weights. Such a similarity measure might be the inner product of the two vectors,
or alternatively an inverse function of the angle between the corresponding vector pairs; when
the term assignment for two vectors is identical, the angle will be zero, producing a maximum
similarity measure [27]. Documents are regarded relevant to a query vector, and ranked with
respect to their similarity values. The similarity measure σ can be expressed in the general form
σ(di , dj ) =

hdi , dj i
∆

(1)

where ∆ is a function that normalizes σ to the interval [0, 1].
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Support vector machines

Support vector machines (SVM) [18] is a set of supervised machine learning methods used for
both classification and regression tasks, based upon the ideas in the Vapnik-Chervonenkis theory
of structural risk minimization. Let h ∈ H be hypothesis on a given classification problem and
P (error(h)) the probability that h will incorrectly classify a previously unseen document. This
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error can be expressed using the following inequality [31]:
P (error(h)) ≤ train error(h) + ε(d, n)

(2)

where d denotes the Vapnik-Chervonenkis dimension (VC) of h, n the number of training examples and ε a function monotonically increasing with d. The task is to find an optimal h which
minimizes P (error(h)). If the VC dimension is low the training error (the first right-hand side
term in (1)) will be high and if the VC dimension is high the second right-hand term in (1) will
be high, indicating overfitting to the training examples.
Given a binary classification situation with +1 and −1 as class labels we let H consist of
hyperplane classifiers with the following general definition:
(

h(d) = sign(w · d + b) =

+1 if w · d + b > 0
−1 otherwise

(3)

Let R be the radius of a ball containing all training examples di If we require that |w · di + b| ≥ 1
for all examples and let Λ = ||w|| we can according to [32] delimit the values for d according to
d ≤ min([R2 Λ2 ], n) + 1

(4)

From (3) it follows that the VC dimension can be minimized by searching for the smallest
value for ||w||, which in turn implies a maximal hyperplane separating the two classes. This
hyperplane will be constructed as a linear combination of the training examples being closest to
the hyperplane, called the support vectors.
Combined with the idea of a maximum-margin hyperplane classifier SVMs normally apply
a (often non-linear) transformation Φ into a Hilbert space, associated with a kernel function K
in the following fashion (let xi and xj be vectors):
K(xi , xj ) = hΦ(xi ), Φ(xj )i

(5)

where h·, ·i denotes inner product. This procedure, termed the ”kernel trick” makes it possible
to use a linear classifier in a high-dimensional (possibly infinite-dimensional) feature space, since
it is defined by the inner product in the space at hand. The point of doing so is to find a feature
space that is optimized for separating the classes and provide maximum classification accuracy.
A popular choice for Φ, also applied in this article, is a radial basis function (RBF):
K(xi , xj ) = e−γ||xi −xj ||

2

(6)

To investigate the possibilities of automatizing the process of classification with SVM, based
on the knowledge contained in pre-classified documents, we have commenced processing MARC
bibliographic records from BURK-sök R , BTJ. The records are manually categorized according
to the SAB classification scheme and contain value-adding information like reviews, content
descriptions, and tables of contents. In the initial phase the sample records were processed using
various language technology tools (stopword elimination, stemming, latent semantic analysis)
to obtain an optimal representation of the information content in the records. The data was
subsequently mapped into a high-dimensional feature space by a kernel function optimized for
the task, and classified using a support vector machine. When performing cross-validation of
the classification results the accuracy, i.e. the proportion of correctly classified items, obtained
for the most frequent SAB classes in the material was found to be in the range of 93-96%.

7.1

Optimizing the input to improve SVM performance

One commonly encountered problem, called the ”curse of dimensionality” [29], in automatized
text categorization is that the number of features is much higher than the number of examples
5

available for training a classification model. Beside the immediate risk for overfitting this also
puts high demands on the computational resources. Within the LIVA project several approaches
to overcome this problem have been tested. One method is to use statistical dimension reduction
techniques such as singular value decomposition (SVD)[12]. This technique is also a powerful
tool to identify hidden (or latent) patterns in a set of data and has therefore been successfully
applied in document indexing (latent semantic indexing, [5]) with the aim to bring together
semantically related terms.
Another strategy is to use a feature selection technique to reduce the number of terms in
the vocabulary before the training commences. Contrary to how SVD works the reduced term
space will not be based on a statistical compression of all available data, but rather a filtering
of the index terms based on a measure of their class discrimination ability. One measure that
has been particularly useful to this end is information gain (IG) [8], which is an important
tool in the creation of decision trees. This measure is closely related to Shannon’s information
entropy which was designed to quantify the amount of information in a communication signal.
The rationale behind both measures is that the amount of information in a message about an
event X is positively related to the uncertainty about the outcome of X. Formally, let X be an
event and x1 , . . . , xn its possible outcomes. Then the entropy of X is defined
H(X) = −

n
X

p(xi ) log2 p(xi )

i=1

where p(xi ) denotes the probability of xi . If an event X is conditioned on an event Y = v, where
v is a specific state we write the conditional entropy H(X|Y = v) as follows:
H(X|Y = v) = −

n
X

p(xi |Y = v) log2 p(xi |Y = v)

i=1

The information gain of an event X conditioned on a state v is defined as difference in entropy
IG(X, v) = H(X) − H(X|v)
Our strategy has been to compute the IG for each term and rank the terms in descending order
according to their IG value, after which a cutoff value such as 1000 or 2000 terms has been
applied (i.e. we keep the 1000 highest-ranked terms). Initial tests with SVM in combination
with ”class targeted” term lists yield a cross-validation accuracy of above 99% after parameter
optimization of the SVM kernel.
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Quantum clustering

An example for integrated information visualization is how we utilize contour maps. In the
first step, we use dimension reduction techniques to limit the list of word forms extracted from
the records to only those which impact the index term distribution to the greatest extent.
Then we generate a contour map of the documents indexed by these terms. Put it simply, the
”longitude” and the ”latitude” of the map are computed by SVD, whereas its ”altitude” – based
on 2- or more-dimensional distances between document coordinates – is estimated by quantum
clustering (QC) [16, 17]. The result is a three-dimensional potential map. The task is to find the
optimal landscape in which terms and their documents inhabit their respective contour zones.
An example of a map amplified with QC is given below in Figure 1.
For the intellectual background of this method, physical energy ”driving” the arrangement
of document content in document space as a metaphor has been in practice for at least two
decades now, with good results. As a general framework for this way of thinking, we mention
the concept of data physics [21, 10]. One particular such method called force-directed placement
uses the force of a spring [33, 4] or the strong nuclear force between subatomic particles [19, 11]
6

Figure 1: BURK-sök R sample, class Oh [Sociala frågor och socialpolitik], 544 documents x 8928
terms, potential computation based on factors 1 and 2, terrain by minimum curvature

as a metaphor for computing the location of document representations. A next example is the
computation of eigenvalues in latent semantic indexing methods, underlying the calculation of
document and term coordinates – namely eigenvalues in real physical systems, for example in
quantum physics, represent the energy content of the system. Finally, there are researchers who,
for different reasons, consider quantum mechanics as the model proper for information retrieval
[9, 30], and move over to non-Euclidean geometries such as Hilbert space for understanding
relevance [30], or to hyperbolic geometry for improved information retrieval [13]. In short, the
future will be partly non-linear, non-Euclidean and non-Newtonian.
QC represents documents and terms by Gaussian wave functions whose sum is ψ(x). This
means that ψ is modelled as a Parzen window estimator of the form
ψ(x) =

X

e−||x−rj ||

2 /2σ 2

j

By using the Schrödinger equation from quantum mechanics, i.e.
!

Hψ ≡

σ2
− ∇2 + V (x) ψ = Eψ
2

(7)

where V (x) is the potential and E is the eigenvalue of ψ, we search for the Schrödinger potential
for which ψ(x) is the ground state. The minima of the potential function define our cluster
centers. In a supervised learning situation, if the number of classes is known beforehand, QC
can be fine-tuned for this number and reproduce the original classification by automatic means.
The potential V (x) can be derived from equation (7) to the following expression:
V (x) = E −

d
1 X
2
2
+ 2
||x − rj ||2 e−||x−rj || /2σ
2 2σ ψ j

(8)

For a proof of this, please consult the Appendix of this article.
In our reciprocal implementation of the QC algorithm, for the sake of visual convenience,
document cluster centroids, i.e. the most frequent and typical documents are peaks in the
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content landscape; whereas outliers, i.e. rare, atypical documents are placed at the deepest
points of the catchment basin (Figures 2-3).

Figure 2: Contour landscape, BURK-sök R sample, class Qb [Företagsekonomi] 594 documents
x 12407 terms, potential computation based on factors 1 and 2, colour relief map by minimum
curvature

Figure 3: Three-dimensional view, BURK-sök R sample, class Qb [Företagsekonomi] 594 documents x 12407 terms, potential computation based on factors 1 and 2, colour relief map by
minimum curvature
We also mention in passing that one can generate joint contour maps of documents and their
index terms by QC, using e.g. SVD for computing the document and index term coordinates.
The reason for this is that in SVD and related methods, term and document spaces share a joint
basis, i.e. they correspond to different linear combinations of the same unit vectors.
8
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Self-organizing maps

In the early 80’s Teuvo Kohonen at the Helsinki University of Technology published a new
method, the self-organizing map (SOM), for visualizing a multi-dimensional data set in 2 dimensions, suitable for a computer screen or printed material. It is an example of unsupervised
learning and is designed with the human brain as a template, in that sense that different input
patterns are mapped to different regions of the map. This is analogous to how different sensory
inputs are handled by different parts of the brain. The map is arranged as a 2-dimensional
grid and implemented as a neural network with connections between all adjacent nodes. One
particularly attractive feature of the SOM algorithm is its capacity to preserve the topological
features of the original data.
In order to be fit to categorize a certain data set the map is first trained with a sample of
data to create a structure of nodes ”attracting” certain data patterns. This process can briefly
be describe as follows:
1. Initialize the map by associating weight vectors with each of its nodes. These vectors can
be randomized or based on the input.
2. Select a vector x from the set of input data. Calculate ||x − wj || for every node vector
wj . The node having the most similar vector to the input is called the best matching unit
(BMU).
3. Update the vectors of the BMU and its neighboring nodes according to
wjt+1 = wjt + θ(j, t)α(t)[x − wjt ]
where θ(j, t) is a function decreasing with distance between the node j and the BMU and
α(t) is a function monotonically decreasing with each time step t.
For a more detailed treatment of this procedure, please see [20]. The actual distribution of data
on the map is simply performed by for each data point x identifying the node in the map having
the smallest distance to x. In the originally proposed algorithm the number of nodes are fixed
and the map consists of only one layer. There also exist extensions to the algorithm involving
growing and even hierarchical layers of maps.
In the LIVA project the self-organizing map has been studied as one of several approaches to
arranging a set of documents to prepare them for visualization, optionally with a third dimension
added indicating data density. The density can be measured by for instance a Parzen window
estimator [1] or the QC algorithm.
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Conclusions

The steady increase in the amount of digital information and the demands for cataloging and
access tools to manage the information overload have led to an interest in automatic text categorization with the overall expectation of reducing the human labor involved in traditional
classification or even replacing it to a limited extent. There have been a few research projects
and some related studies on the feasibility of the Library of Congress Classification (LCC) and
the Dewey Decimal Classification (DDC) schemes as a framework for the automatic classification
of digital information. Their latest overview can be found in a recent paper by Yi [35].
With its aim to upgrade existing library software by the integration of automatic indexing
and classification amounting to automatic text categorization, information visualization and
information retrieval, the LIVA project is looking for alternative solutions to the same problem
on a smaller scale. The combination of the methods we have selected by the half lifetime of the
project holds the promise that a reasonable working solution will emerge next year.
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Appendix: The derivation of quantum clustering
The time-independent Schrödinger equation can be expressed
!

σ2
− ∇2 + V (x) ψ = Eψ
2

(1)

By rearranging the terms in (1) we get
V (x) = E +

σ2 2
2 ∇ ψ

ψ

(2)

The ∇2 operator is called the Laplacian operator and is defined as the sum of all second-order
partial derivatives. Our task is therefore to find these derivatives for ψ. We begin with the
following definitions:
ψ(x) =

X

e−||x−rj ||

2 /2σ 2

j
−||x−rj ||2 /2σ 2

f (x) = e

h(x) = −||x − a||2 /2σ 2
= −

X

= −

X

(xi − ai )2 /2σ 2

i

(x2i − 2xi ai + a2i )/2σ 2

i

We now search for the second-order partial derivatives of h
∂
h = −(2xi − 2ai )/2σ 2
∂xi
= −(xi − ai )/σ 2
∂2
1
h = − 2
2
σ
∂xi
and continue with the second-order partial derivatives of f
∂
f
∂xi
∂2
f
∂x2i

xi − ai −||x−rj ||2 /2σ2
e
σ2
1
(xi − ai )2 −||x−rj ||2 /2σ2
2
2
e
= − 2 e−||x−rj || /2σ +
σ
σ4
= −

2

We go on to derive an expression for σ2 ∇2 f . In correspondence with [19] we let d denote the
number of dimensions in our feature space.
σ2 ∂ 2
f
2 ∂x2i
σ2 2
∇ f
2

1
1
2
2
2
2
= − e−||x−rj || /2σ + 2 (xi − ai )2 e−||x−rj || /2σ
2
2σ
X 1
d
2
2
2
2
= − e−||x−rj || /2σ +
(xi − ai )2 e−||x−rj || /2σ
2
2
2σ
i
d
1
2
2
2
2
= − e−||x−rj || /2σ + 2 ||x − rj ||2 e−||x−rj || /2σ
2
2σ
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We continue with the corresponding expression for

σ2 2
2 ∇ ψ

d X −||x−rj ||2 /2σ2
1 X
σ2 2
2
2
||x − rj ||2 e−||x−rj || /2σ
∇ ψ = −
e
+ 2
2
2 j
2σ j
d
1 X
2
2
= − ψ+ 2
||x − rj ||2 e−||x−rj || /2σ
2
2σ j
and finally insert the missing components of equation (2)
σ2 2
2 ∇ ψ

ψ

d
1 X
2
2
= − + 2
||x − rj ||2 e−||x−rj || /2σ
2 2σ ψ j

V (x) = E −

1 X
d
2
2
+ 2
||x − rj ||2 e−||x−rj || /2σ
2 2σ ψ j

which is the expression for V given in [16].
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