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Abstract

The self-organising map (SOM) is finding more and more applications in a wide range of fields, such as clustering, pattern recognition and

visualisation. It has also been employed in knowledge management and information retrieval. We propose an alternative to existing

2-dimensional SOM based methods for document analysis. The method, termed Adaptive Topological Tree Structure (ATTS), generates a

taxonomy of underlying topics from a set of unclassified, unstructured documents. The ATTS consists of a hierarchy of adaptive self-

organising chains, each of which is validated independently using a proposed entropy-based Bayesian information criterion. A node meeting

the expansion criterion spans a child chain, with reduced vocabulary and increased specialisation. The ATTS creates a topological tree of

topics, which can be browsed like a content hierarchy and reflects the connections between related topics at each level. A review is also given

on the existing neural network based methods for document clustering and organisation. Experimental results on real-world datasets using the

proposed ATTS method are presented and compared with other approaches. The results demonstrate the advantages of the proposed

validation criteria and the efficiency of the ATTS approach for document organisation, visualisation and search. It shows that the proposed

methods not only improve the clustering results but also boost the retrieval.

q 2004 Elsevier Ltd. All rights reserved.
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1. Introduction

Rapid increases in electronic documents and contents on

the Internet, corporate intranets and local servers are leading

to an information overload. The number of returned pages

from a search engine, given a general query, is getting larger

and their relevance is becoming lower. Automatic organis-

ation of documents into topic categories will assist in

alleviating this problem. It can be achieved using a

classification approach on a set of pre-labelled documents

for categorising any new documents (the so-called docu-

ment classification/categorisation) (Sebastiani, 2002). In

this case, the training set has to be very large or complete.

Any new, emerging topics would require time-consuming

human categorisation and retraining of the classifier.
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Document organisation can also be achieved by grouping

documents into topics solely based on discovering their

similarities (the so-called document clustering) (Willett,

1988), or detecting and tracking important topics over time

(Allan, Papka, & Lavrenko, 1998).

Typical document clustering algorithms include par-

tition-based methods such as buckshot or fractionation

algorithms (Cutting, Karger, Pederson, & Tukey, 1992).

The main advantage is the linear time computation. While

the limitations are that a fixed number of centroids has to be

used; it is sensitive to initial conditions and difficult in

visualising a large number of clusters. To overcome these

problems hierarchical agglomerative methods can be

employed (Willett, 1988). They are stable and produce

consistent results, but are computational intensive for large

document sets and generate a full scale dendrogram, for

which a user has to make decisions on appropriate levels of

detail. Divisive hierarchical methods are less computation-

ally costly and have been reported giving better results than
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the agglomerative methods (Steinbach, Karypis, & Kumar,

2000). However, they also result in a full dendrogram

representation (2-way division) that has to be manually

selected. There have been attempts in divisive document

clustering, to split n-way, but n is fixed at each level (Larsen

& Aone, 1999). Fixing the number of clusters at each level

imposes a subjective composition of clusters, rather than

discovers the natural structures of the dataset. An approach

to determine the number of clusters based on information

theoretic methods has been proposed in document clustering

and better results have been reported (Slonim, Friedman, &

Tishby, 2002). However, it often relies on an assumed word

distribution and needs several runs until a stable represen-

tation is found. Probabilistic methods such as the expec-

tation–maximization have also been used to cluster

documents (Liu, Gong, Xu, & Zhu, 2002). They can also

determine the number of clusters and provide improved

performances. The main drawback is that these methods

often assume a word distribution or a model for each cluster.

In general most of these methods generate a dendrogram

structure and are mainly used for search and retrieval, rather

than exploration or visualisation. A dendrogram can have an

enormous number of branches for large document sets,

making it impossible to structure and visualise the

documents effectively. Neural networks, biologically

inspired connectionism information processing models,

can be used efficiently for this task. Their abilities to use

unsupervised learning to extract complex relations from

data samples make them suited for document organisation.

Unsupervised learning discovers the interrelations among

the documents and forms groups of topics. The neural

networks that have been applied to document analysis and

clustering include the fuzzy adaptive resonance theory

(ART) (Tan, 2002) and the self-organising maps (SOM)

(Kohonen et al., 2000). The ART networks are suitable for

document clustering as they adapt to accommodate new

classes and can deal with non-stationary datasets. However

they are generally sensitive to noise, outliers, over-fitting

and the order of input presentation (He, Tan, & Tan, 2002).

Furthermore, they do not generally define a topology

between clusters, which is useful in visualising relationships

between topics and browsing document content.

The SOM-based methods have two distinct properties

over other document clustering methods, namely non-linear

dimensionality reduction and cluster topology preservation.

The non-linear projection property ensures that the input

space is mapped onto a lower dimensional space with

minimum information distortion. The topology preserving

clustering enables that similar documents or topics are

located closely on the map. The output is usually displayed

in a 2-dimensional map on which various clusters can be

distinguished so helping navigation, browsing and discov-

ery of similar documents. Some early work on the SOM for

document analysis, showed that few features are required to

create a map (Lin, Soergel, & Marchionini, 1991), but it

can also be scaled to organise millions of documents
(Kohonen et al., 2000). A weakness, however, is that a

complex interface is needed to provide different levels of

abstraction and a long training time is required. In order to

provide more efficient abstractions and different levels of

details, the hierarchical variant of the SOM was introduced

(Miikkulainen, 1990), which also benefits from a reduced

computation. However, the sizes of the maps at all levels

have to be fixed, so imposing predefined limit on the number

of clusters for potentially unknown datasets. This could lead

to either indiscriminate (small) maps or over representing

(large) maps with underused or overused resources. The

growing variants were introduced to address these issues,

e.g. the growing SOM (GSOM) (Alahakoon, Halgamuge, &

Srinivasan, 2000). However, if the maps grow too large then

they may be difficult to visualise and suffer from a long

training time as in the single level 2-dimensional SOMs.

Hence, the growing maps have been combined in the

hierarchical structures such as the growing hierarchical

SOM (GH-SOM) (Rauber, Merkl, & Dittenbach, 2002) to

provide good results by abstracting levels of details with

dynamic map sizes. However, the growing depends on a

sensitive parameter set a priori and only one map can be

viewed at a time.

Tree representation of content is a natural way of

rendering information, as complex data cannot be effec-

tively organised in a flat, single level of details on a

2-dimensional map. A survey on users browsing the

generated SOMs and Yahoo structure found that when

browsing on 2-dimensional maps, many subjects have

difficulties forming clear associations (Chen, Houston,

Sewell, & Schatz, 1998). Instead, Yahoo type directory’s

alphabetic and hierarchical structures are better for brows-

ing by untrained users. These limitations of 2-dimensional

maps are also found in the GH-SOM which are regarded as

not representing real-world document organisation and

subsequent procedures have to be considered to adapt the

2-dimensional maps for obtaining a library representation

(Rauber & Bina, 2000). In fact, books in a library are

generally organised using the Dewey decimal classification

system, where books are sorted into a 1-dimensional

hierarchy of predefined topics. In a hierarchy various levels

and degrees of details, as well as relationships of parents and

sub-topics, can be represented effectively.

In this paper, these issues are addressed through the use of

a tree representation and a clustering validation at each level.

It has been found that browsing maps takes practice (Chen,

Schuffels, & Orwig, 1996). Maps are not as natural as

1-dimensional hierarchical structures, e.g. tree structures. A

hierarchical growing cell structure (Hodge & Austin, 2001)

has been used to generate a dendrogram. It may be difficult to

browse dendrograms, especially for large datasets, because

the tree can be too deep and levels of abstractions are not

always clear. This is the same to the typical hierarchical

document clustering algorithms, which generate a 2-way

split at each level (Willett, 1988). Approaches to dealing with

these limitations have been to make larger splits like n-ways
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but n is fixed at each level, e.g. nZ9 (Larsen & Aone, 1999)

or to allow the selection of most interesting clusters to be

further clustered (Cutting et al., 1992). However, these

approaches do not address the issue of maintaining a

topology between clusters, a property that is particularly

useful in browsing and exploring large document sets.

It is advantageous to maintain the topology preserving

property inherited in the SOM while addressing the

requirement of viewing many levels simultaneously and

growing levels of detail dynamically. In addition, the issue

of the inefficiency of dendrograms for browsing large

datasets and dynamic n-way split are also addressed. This

paper presents an approach termed the Adaptive Topologi-

cal Tree Structure (ATTS) that generates a topic hierarchy

automatically and possesses topology and natural tree

structure. The tree representation is used to categorise and

organise web documents efficiently and intuitively. The

hierarchical tree structure is validated automatically at each

level and trained from a set of unstructured documents. The

topology allows similar themes to be located closely while

different themes apart at each level of the hierarchy. Each

node in the tree is automatically assigned meaningful labels,

and no further cluster identification or other post-processing

is required. The successful Dewey decimal classification

system, computer file explorers, web portals or web

directories are all in 1-dimensional, hierarchical tree

structures (sometimes with cross-referencing of topics).

These structures generally have a varying number of sub-

topics, where branches have different depths, making them

natural, asymmetric tree like.

The validation of the SOM is still an unexplored area and

even more so for document organisation. Davies–Bouldin

validation index has been used in the SOM for clustering a

non-document dataset and compared with other clustering

algorithms (Vesanto & Alhoniemi, 2000). A combination of

existing validation methods has been proposed to validate

graph clustering using the SOM (Gunter & Bunke, 2003).

But there is no topology defined in this SOM variant as it

deals with graphs and was not applied to a document set

(Gunter & Bunke, 2002). Little work has been done to

validate document maps themselves. If the SOM is used to

perform clustering then the existing validation methods

from cluster analysis can be used. However, these methods

do not take into account of the topology preservation. The

ART, agglomerative clustering, SOM and GH-SOM, were

used to organise documents and the results compared

empirically (Merkl, 1995; Rauber, Pampalk, & Paralic,

2000). Supervised measures of precision-recall have been

used but require known class memberships of the docu-

ments prior to clustering. The comparisons were based on

inverted index retrieval (Her, Jun, Choi, & Lee, 1999; Ye &

Lo, 2001) or used to evaluate the quality of different

document representations (Lagus, 2002). Various measures

such as map usage, average intra-node similarity, fragmen-

tation (number of isolated map regions) and purity (intra-

cluster distance) have been used. However, the validations
were made on the indexing terms but not the maps (Pullwitt,

2002). In this paper, an entropy-based validation scheme is

proposed for finding the underlying number of topics in the

document set.

An important part of visualisation and exploration of the

SOM-based methods is to automatically identify and label

regions of interest. Multilayered SOMs have been used to

organise documents relating to entertainment and brain-

storming (e.g. the ET-MAP (Chen et al., 1996)), where each

node is labelled using the best matching terms and nodes

with similar terms are merged together to form regions on

the maps. This is similar to the approach adopted in the

LABELSOM (Rauber et al., 2002), which uses

the quantisation error to determine the best terms to label

the nodes without merging nodes into regions. The

WEBSOM uses the term frequency-based measure to

determine the labels (Lagus & Kaski, 1999). The method

looks at the frequencies of the most discriminating terms

occurring in a cluster. The WEBSOM uses more nodes than

the other methods, so not every node is labelled, but rather

there is a fixed radius of minimum distance between labels.

On the map, the cluster densities are coloured and

smoothed, making them more visually appealing than the

ET-MAP and GH-SOM. The WEBSOM also reduces

the term space using the random projection to create the

document vectors. A recent approach using the WEBSOM

consist of finding significant words within the reduced term

space by random projection (Azcarraga & Yap, 2001).

Section 2 reviews the ART- and SOM-based methods for

document organisation. In Section 3, the proposed ATTS

method is presented, together with its validation criteria.

Section 4, discusses and compares the results of the ATTS

with the existing SOM-variants and a hierarchical divisive

method. A conclusion is drawn in Section 5.
2. Document organisation using neural networks

2.1. Adaptive resonance theory-based networks

The adaptive resonance theory (ART) (Carpenter &

Grossberg, 1988) can learn in either supervised or unsuper-

vised manner. The ART addresses the stability–plasticity

dilemma by maintaining stable network when presented with

noisy data while still adapting to dynamic changes of the

data. To do this, a vigilance parameter determines if the

network represents a chosen sample sufficiently well. If this

is the case then the weights resonate and are updated

(typically winner-takes-all). Otherwise, a new node is added,

until a threshold is reached. This plastic versus stable

learning scheme makes it suitable for organising dynamic

datasets. There are many ART-variants, which have been

used in unsupervised document organisation including the

basic ART1, ART2 and fuzzy-ART variant.

Some early work on document organisation using ART-

like network and binary document vectors, was undertaken
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(MacLeod & Robertson, 1991). Superior performance in

terms of recall compared to hierarchical agglomerative

methods has been reported. Recent work on evaluating the

baseline quality of binary ART1 in text clustering has found

that ART1 can recover about a half of the expected solutions

from a text classification dataset (Massey, 2003).

Often topics overlap or documents have a degree of

membership in many topics, some work has been done using

soft or fuzzy-ART variants. Hybrid fuzzy-ART super-

vised/unsupervised method called adaptive resonance

associative map has been used to cluster documents while

allowing the user to influence the process by weighting

important features or specifying the model hierarchy (Ong,

Tan, Ng, Pan, & Li, 2001; Tan, 2002). Work on topic

detection and tracking, and trend analysis was also carried

out using the fuzzy-ART network (Rajaraman & Tan,

2001). A soft-version of a modified fuzzy-ART called

Kondadadi–Kozma modified ART updates all the weights

that resonate rather than the most similar ones to the input

pattern (Kondadadi & Kozma, 2002). Better results have

been reported compared to the k-means and fuzzy-ART.

Some hierarchical type methods have also been proposed

such as the keyword generation using a set of fuzzy-ARTs

(Munoz, 1997). This approach uses a set of fuzzy-ART

networks to specialise in different asymmetric co-occurring

terms. Relations between the terms local to each ART are

then analysed to extract important associations. This method

allows the creation of a dynamic thesaurus based on the

document set, rather than using manually generated one that

is time consuming and may not include the specific

vocabulary. Another variant is the ART2 which uses the

competitive Hebbian learning and has been used to organise

a small set of web pages into a dendrogram (Vlajic & Card,

1999).

While the ART networks can be used for clustering non-

stationary data and adapting to accommodate new classes,

some disadvantages have been discussed such as being

sensitive to noise, outliers, over-fitting and input order

presentation (He et al., 2002; Vlajic & Card, 1998).

Generally, the ART is not used to provide spatial relations

amongst clusters even if some attempts have been made

(Vlajic & Card, 1999). The ART optimises the inter-cluster

separation while the SOM provides better intra-cluster

compactness, e.g. in the quantitative comparison (He et al.,

2002). The ART is dependent on many parameter settings

(Merkl, 1995, 1998).

2.2. 2-dimensional SOM

Some of the earlier work on the application of the SOM

in document organisation demonstrated the advantages of

using topological maps in discovering similarities between

documents and clusters. The WEBSOM was one of the

major projects, which aimed at showing the importance of

this type of representation and its scalability (Kohonen et al.,

2000). The representation allows visualisation of document
clusters and their relationships on 2-dimensional maps. In

addition, clusters are labelled in favouring important words

in a particular cluster while disfavouring the words if they

are common and appear in other clusters (Lagus & Kaski,

1999). Other labelling techniques are possible, for example

by extracting important terms in the reduced term space

created by random projection (Azcarraga & Yap, 2001). The

scalability requirements have prompted several additional

optimisations strategies such as efficient feature reduction,

distance calculations, winner selection and the batch

updating (Kohonen et al., 2000). Fast Euclidean distance

computation is performed by considering only non-zero

terms. Fast winner selection uses a pointer to previous

winner, and estimates a larger map using a smaller one

trained with a subset of documents. The batch training,

analogous to the k-means, has also been introduced to

reduce the computation. Random projection has been used

for feature reduction (Kaski, 1998; Kaski, Honkela, Lagus,

& Kohonen, 1998; Kohonen et al., 2000), instead of latent

semantic indexing (Deerwester, Dumais, Furnas, Landauer,

& Harshman, 1990), and produces similar results at a

significantly reduced computational cost. These optimis-

ations allow larger scale implementation. For example, the

WEBSOM has been trained to organise up to about 7

million patents into a map used for interactive exploration

and discovery.

The main disadvantage of using a single level

2-dimensional map is that the map size has to be defined

before training and remains constant during training. It

results in a single level of abstraction, thus navigation and

visualisation can become cumbersome for large maps; and

extra interface, e.g. panning, zoom-in and out options, has to

be complemented. Another drawback is that the compu-

tational complexity is almost quadratic in the number of

nodes. Whilst hierarchical structures can reduce the single

level map to smaller ones at each level, so reducing the

computation significantly. For example, for a 100!100

SOM, the computational complexity is roughly in order of

10,0002, while a two-level hierarchical SOM of an

equivalent resolution (both levels are of 10!10 size) will

require only 2!1002 computation. Hierarchical extensions

can efficiently deal with computational issues using small

numbers of nodes at each level and can also effectively

abstract at various degrees of details.

2.3. Hierarchical SOM variants

The general idea of using a hierarchy is to have the most

general map at the top and the specific and detailed ones at

the bottom. This helps navigation and visualisation, as each

map deals with organising a specialised topic. Some early

work on hierarchical SOMs, called hierarchical feature

maps, were used to organise script-based stories (Miikku-

lainen, 1990). Hierarchical SOMs have also been used

to organise a set of documents relating to CCC
manuals, which possesses a natural hierarchical organisation



R.T. Freeman, H. Yin / Neural Networks 17 (2004) 1255–1271 1259
(Merkl, 1997). The hierarchical SOM begins with a single

map. Once this root map reaches a stable state, documents

clustered to a particular node are subsequently used to train

a child map provided they meet the expansion criterion.

Each child map in the second level is independently trained

until they are stable and may also subsequently span another

level of child maps. The main advantage of this approach is

that the number of terms is reduced in child maps, which

become more specialised—a property that a single level

SOM does not have as the vocabulary is generally constant.

The Illinois Digital Library Initiative, or the ET-Map,

was proposed for organising documents on entertainment

using a multilayered SOM (Chen et al., 1996). Each node is

labelled with the best matching terms. Nodes labelled with

similar terms are also merged to form regions of similar

topics. The multilayered SOM can reveal different levels of

details and address scalability limitations of the single level

2-dimensional SOM. The Scalable SOM (SSOM) (Roussi-

nov & Chen, 1998) was later proposed to enhance the

winner search and weight updates by exploiting Boolean

and sparse document features. These enhanced maps are

able to scale better than the traditional SOMs. The SSOM

has also been used to organise the documents retrieved from

a search engine given a user query (Roussinov & Chen,

2001).

A hierarchical variant termed nested software SOM

(NSSOM) has also been proposed based on the earlier

software SOM for organising and searching UNIX docu-

mentation (Ye & Lo, 2000, 2001). In this method, the most

important features are selected using the feature competitive

algorithm, where initially a SOM is trained until a feature

reduction ratio is reached. The Tanimoto similarity is

adopted to compare weights and documents more accu-

rately, taking into account of only common words. The final

representation is automatically labelled for browsing,

visualisation and optimising search results. An increased

recall-precision over other text-based search engine has

been reported (Ye & Lo, 2001). The main limitation is that

many parameters have to be specified prior to the training,

such as numbers of clusters at each level, minimum

distances and the depth of the hierarchy.

Generally, in the hierarchical approaches the size of the

maps and depth of the hierarchy are fixed. These limitations

can be overcome through the use of growing SOM-variants,

where the sizes of the maps are adjusted dynamically during

training.

2.4. Growing variants of the SOM

There are two distinct types of growing variants. The first

grows on a fixed grid, while the second expands its topology

freely without such a constraint. The methods that preserve

a fixed grid/topology on a lower dimensional space include

the growing grid (GG) (Fritzke, 1995a), incremental

growing grid (IGG) (Blackmore & Miikkulainen, 1993)

and growing SOM (GSOM) (Alahakoon et al., 2000).
The GG maintains a rectangular grid by inserting rows or

columns between the most active node and its neighbouring

node with the most different weights. The disadvantage is

that the map may become very large after a few insertions

(since no heuristic methods are used for node deletion) and

some resources may be underused. The IGG does not

maintain such a full rectangular grid but inserts nodes in

unoccupied slots next to existing boundary nodes, on a fixed

2-dimensional topology. The IGG also adds or removes

connections between nodes (Blackmore & Miikkulainen,

1993). It also allows insertion of nodes next to boundary

nodes and between existing nodes. The GSOM has been

applied to knowledge discovery and compared to IGG. It

reduces the possibility of twisted maps. Different topologies

or grid structures can also be used to visualise changes in a

document collection (Nurnberger & Detyniecki, 2002). This

method inserts new nodes in available slots next to

boundary nodes. The hyperbolic SOM has also been used

for text exploration and categorization (Ontrup & Ritter,

2001). Hyperbolic, instead of Euclidean, space is used to

represent a spherical output suitable for ‘fish-eye’ browsing.

The second type of growing SOMs adapts its structure to

the input space without using a grid and time decaying

function to converge (Fritzke, 1993, 1995b). Examples are

the growing cell structures (GCS) (Fritzke, 1991) and the

growing neural gas (GNG) of totally unconstrained

topology (Fritzke, 1995b). The GCS adds new cells between

the cells with the largest quantisation errors or the most

active cells, and their furthest neighbours. The newly

inserted cells are then connected to their surrounding cells.

Cells in low-density areas are removed. This can result in

disconnected structures or sub-structures. The GCS has

been applied to document clustering along with some

semantic information extracted from dictionaries and has

been reported to provide a good accuracy on synthetic data

(Deng & Wu, 2001). One of the main drawbacks of these

methods is that it is difficult to visualise high dimensional

data and levels of clustering. Although the intra-cluster

similarities can be represented it is difficult to measure inter-

cluster similarities and memberships of documents belong-

ing to different classes (Merkl, 1998). Generally, these

methods may continue growing, resulting in a very large

structure and long training times. It is difficult to navigate

the map. To solve these issues the hierarchical models have

been combined with the growing variants.

2.5. Growing hierarchical variants

There are two types of growing hierarchical variants,

those maintaining a rectangular grid and those derived from

GCS. In the former, the growing hierarchical SOM (GH-

SOM) (Merkl & Rauber, 2000; Rauber et al., 2002) uses the

hierarchical association of maps (Merkl, 1998; Miikkulai-

nen, 1990) with a growing algorithm similar to the GG for

map growth (Fritzke, 1995a). The GH-SOM has been

applied to several document sets such as the documents
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returned from a search engine (Rauber & Bina, 2000), the

CIA world fact book (Merkl & Rauber, 2000) or news

articles (Rauber et al., 2002). The LABELSOM (Rauber,

1999) is used to assign meaningful labels to each node.

Initialisations of sub-maps are done using parent maps

(Dittenbach, Rauber, & Merkl, 2001). This method is

autonomous and efficient in generating a hierarchy of maps,

but is sensitive to parameters such as maximum growth and

depth.

The second growing hierarchical type is called the

TreeGCS (Hodge & Austin, 2001, 2002), which uses the

GCS structure to add or remove cells. To improve stability,

cell deletions are only performed after 90% of the

maximum number of cells is reached. The deletion of

cells allows the formation of sub-structures, of which the

clustered patterns are placed in a dendrogram. To further

improve the stability of the growth and dendrogram, the

documents are presented in a cyclic order (rather than

random) and appropriate parameters have been suggested

(Hodge & Austin, 2001). These factors ensure that the cell

structures have reached a stable state before the splitting

process takes place. The TreeGCS has been used for the

organising the CIA world fact books and for automatic

thesaurus generation (Hodge & Austin, 2001, 2002). The

results are presented in the form of a dendrogram that can

be used to explore the hierarchical relationships of the

clusters. The method is generally computationally intensive

(in the order of O(n3)) (Hodge & Austin, 2001) and in a

dendrogram representation most of the topological

relations obtained by the GCS can be lost.
3. Adaptive topological tree structure (ATTS)

3.1. Overview

The ATTS uses a set of hierarchically organised and

independently spanned 1-dimensional growing SOMs, or

growing chains. Preliminary work on document analysis

using a tree type SOM has been first explored (Freeman,

Yin, & Allinson, 2002) and later enhanced with short textual

context (Freeman & Yin, 2002). The process of the tree type

SOM is to let each chain grow until some terminating

quantisation error is reached. Once a chain is trained each

node is tested to determine if documents clustered to it

should be further clustered into a child chain. This process is

similar to divisive clustering except where the number of

clusters is pre-defined. Generally, a stopping condition has

to be decided before the training. If the criterion is set too

high then map becomes too indiscriminative, if too low the

chain becomes a flat partition. Another point is that it uses

the Euclidean distance in sparse document space, where the

cosine correlation is more appropriate (Salton, 1989).

In the proposed ATTS, the size of each chain is

independently determined through a validation process

using an entropy-based Bayesian information criterion
(BIC). Once the size is determined, documents clustered

to a node are tested to determine if they should become a

leaf node or should be further expanded into a child chain.

The child chains have smaller vocabularies compared to

their parents—this allows more specialised topic clusters

while significantly reducing computing complexity. The

successive addition of child chains effectively forms a

taxonomy of topics possessing a topology at each level. In

addition, the ATTS incorporates the methods for dealing

with sparse vectors such as fast dot product, winner search

method, and weight update function. Furthermore, adaptive

node insertion for each chain is performed using both

interpolation and extrapolation. In the child chains weights

are initialised based on their parent nodes to improve

convergence. All the nodes in the tree are given representa-

tives labels taking into account of term frequencies and node

weights. Important relations between terms in the same

cluster are extracted using a fast association rule. These

detected association terms complement the labels to

enhance browsing and exploration of the dataset. A general

diagram of the overall system and its features is shown in

Fig. 1.
3.2. Indexing and feature selection

In the pre-processing stage, the document files (html or

other formats such as plain text, Word and PDF) in the

dataset are crawled, text enclosed in the title tags are

recorded and the html is parsed to turn into plain text. The

title and body text are then indexed using a sliding window

of sizes p (e.g. for pZ4, up to 4 successive words are used

for each term) over sentences, while ignoring common

words in a stop-list. Since the number of terms is significant,

the least discriminative terms can be discarded: those

occurring in less than a few documents and those that occur

in more than a percentage of the total documents. In the

vector space model (Salton, 1989) a document is stored as

[f1,.,fN], where fi is the frequency of term i and N is the

total number of unique terms.

Since a document vector x is sparse, each of its term

frequencies can be stored in a compressed representation as

a hash table for efficient individual retrieval

x Z ½fg1; r1g; fg2; r2g;.; fgr; rrg�;

gk 2fVjfgk
s0g; k Z 1; 2;.r

(1)

where document x is stored as pairs: gk and rk. gk refers to

the gkth term in the vocabulary V, rk is its weighting-defined

by Eq. (2). r is the total number of terms in this document.

The typical information retrieval weighting scheme for

terms (term frequency multiplied by the inverse document

frequency (Salton, 1989)) is used. This scheme is further

combined with a function, which weights more on the terms

containing multiple words, and a normalisation to take into



Fig. 1. The block diagram and features of the Adaptive Topological Tree Structure (ATTS).
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account of different document length:

rij Z
x$fij

s
log

m

Dj

� ��
x$fij

s
log

m

Dj

����
���� (2)

where rij denotes the final weighted frequency of term gjin

document i. x is the importance factor of a term, based on

how many words are in the term (Freeman & Yin, 2002).

sZx(single-word)C/Cx(p-word). fij is the frequency of

term j in document i, m is the total number of documents in

collection, and Dj is total number of document containing

term j.
3.3. Self-organising chains

The ATTS uses a set of chains adaptively developed by a

growing chain (GC) algorithm. Each chain begins with two

nodes and grows until a termination process stops it (see

Section 3.4). In the root chain, the weights of the nodes are

initialised to small random values, while child chains are

initialised using the parent nodes as described in Section

3.5. There are two major steps in the GC training: search for

the best matching unit and update of the winner and its

neighbourhood. At time t, an input document vector x is

mapped to a chain consisting of n nodes. The weight vector

of node j, wjZ[wj1,wj2,.wjN]T, is of N dimensions (where

N is the number of unique terms in the collection). In order

to compare the similarity between the node weights w and

document vector x, a modified dot product is used as
the input is expressed as a hash table:

SdotðxðtÞ;wjÞ Z
XrðtÞ
kZ1

rk$wjgk
; c fgk; rkg2xðtÞ (3)

The dot product between two vectors can be computed

efficiently as r(t)/N in almost all cases, The best matching

unit c(x) is the node with maximum Sdot amongst all the

nodes with respect to the document x(t)

cðxÞ Z arg max
j

fSdotðxðtÞ;wjÞg; j Z 1; 2;.; n (4)

where n is the current number of nodes in the chain. Once

the winner node c(x) is found its weight and the weights of

its neighbourhood are updated using,

wjðt C1Þ Z
wjðtÞCaðtÞhj;cðxÞðtÞxðtÞ

jjwjðtÞCaðtÞhj;cðxÞðtÞxðtÞjj
(5)

where a(t) is a monotonically decreasing learning rate and

hj,c(x)(t) the neighbourhood function, typically a Gaussian

kernel. In order to reduce the noise from the sparse vectors,

the weights smaller than a threshold (e.g. 0.00001) are set to

zero. Table 1 outlines the GC algorithm in pseudo-code.

3.4. Node insertion and validation

To monitor the activity of each node in a chain a counter

is used to record the node’s winning times. The counter is

set to zero at the creation of the chain and reinitialised after



Table 1

Pseudo-code for the growing chain

If root_chain

Initialise 2 nodes randomly

Else

Initialise 2 nodes using parent nodes

For nZ2:n_max

{

While (AvgSim not converged)

{

Select document x(t)

Find winning node via Eq. (4)

Update chains weights using Eq. (5)

Calculate AvgSim by Eq. (6) //can be calculated

less frequently

}

Calculate external validation measure Q(n) Eq. (10)

Record current validation Q(n) and weights

Insert new node as described in Section 3.4

}

Determine best number of nodes t via Eq. (11)

Restore chain with t nodes
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each node addition. A measure termed average similarity

(AvgSim) is recorded during the training

AvgSim Z
1

n

Xn

jZ1

1

mj

Xmj

iZ1

ðSdotðxi;wjÞÞ; mj s0 (6)

where n is the current number of nodes in the chain for

mjs0 where 2%n%nmax and nmax is the maximum number

of nodes used for the validation. mj is the number of

documents clustered in a particular node j and xi are the

documents i such that c(xi)Zj. Each cluster is normalised

irrespective of its size as given by mj, to give the documents

of different lengths equal importance.

Once a chain is judged to have sufficiently converged via

the stabilisation of AvgSim, a new node is inserted. The new

node is inserted in the proximity of the node with the largest

activity, to its left or right, depending on which leads to a

higher AvgSim. Its weights are initialised using interp-

olation or extrapolation, depending on which increases the

AvgSim more. If the nodes are inserted at boundaries, their

weights are initialised through (linear) extrapolation. Since,

no term frequencies in the document vectors are negative, if

this difference is negative the weights are set to zero.

During the chain growth and just before a node is

inserted, the values of all the weights in the chain are stored

along with the validation measure for the current number of

nodes n. The chain is allowed to grow to a specified

maximum number of nodes, e.g. nmax. The validation

procedure then chooses the optimum number of nodes to

represent the topics in the document set. Choosing the most

suitable size in this way is less costly than full growth

(possibly up to one cluster for each document) followed by

pruning process. Likewise other methods, which simul-

taneously add and remove of nodes until a threshold or

maximum number of iterations is reached (like in ART or
GCS), are also costly and provide little gain especially if

nodes get added and removed continuously at the same

location.

The purpose of using a validation is to independently

discover the number of underlying topic clusters. Typical

measures aim to maximise the intra-cluster (within the

cluster or compactness) and minimise the inter-cluster

(between clusters) similarities. In real-world applications, it

is usually impractical to optimise both values since many

outliers, noise or overlapping clusters are present in the data.

The validation is applied locally to each chain, taking into

account of its reduced and specialised vocabulary. The

Bayesian information criterion (BIC) (Schwarz, 1978) has

been proposed to validate clustering of a model based

approach and has found wide applications. The BIC infers

the correct number of clusters by maximising the likelihood

of term distributions under the model, with a penalty term to

discourage the tree to become a flat partition. A probability

distribution model, such as Gaussian, is needed for the BIC

and the results can be influenced by model parameters.

Instead of using (often continuous) models, the (discrete)

term distribution of a term in a cluster can be estimated by

the probability of that term in that cluster

pðtijCjÞ Z
cðtijCjÞP

t 0
i
2Cj

cðt 0ijCjÞ
(7)

where c(tijCj) is the frequency or occurrence of term ti in

cluster Cj.

The use of likelihood also implies equal prior probabili-

ties for all the terms, which is not often the case in practice.

As the term probabilities are available now, one can take the

expectation of the (log) likelihood, resulting in an entropy H

of cluster Cj as:

HðCjÞ ZK
X

i

pðtijCjÞlog pðtijCjÞ (8)

The total entropy is the normalised and weighted sum of

entropies for all clusters

HtðnÞ Z
1

m

Xn

jZ1

mj$HðCjÞ (9)

where m is the total number of documents, and mj is the size

of the cluster. Choosing n with the lowest Ht favours large

numbers of clusters as entropy decreases with an increase in

the number of clusters. Hence, the entropy-based BIC

validation measure can be defined as

QðnÞ Z HtðnÞC
1

2
n log m (10)

The most suitable number of clusters t, is found by:

t Z arg min
n

fQðnÞg; n Z 2; 3;.; nmax (11)

Then the chain with t nodes is restored and added to the

hierarchy, and its nodes can be used for further clustering



Fig. 2. (a) The proposed entropy-based BIC validation and (b) likelihood based BIC using a Gaussian model of the growing process.
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(of non-leaf nodes) or final presentation (leaf nodes).

An example on a known dataset of seven clusters using

the average of 10 runs of the proposed entropy-based BIC

validation curve and the standard BIC is given in Fig. 2. In

this case, both weight initialisation and document selection

were random, however, stable results were produced. It

clearly demonstrates that the proposed validation method

has chosen the correct number. The proposed entropy-based

criterion has shown consistent better performance over the

original BIC metric in various experiments.
3.5. Adaptive tree structure

After the root chain has been trained and its optimum

number of nodes identified, each node is tested to see

whether documents clustered to it need a further sub-level

division, i.e. to span a child chain. One heuristic approach is

to allow a minimum number of documents in each child

chain. Another test then checks the number of terms in the

chain vocabulary as explained in Section 3.2. If the chain
Fig. 3. Example of a generated topological tree
only contains few terms it indicates that the parent node is

sufficiently specialised, the documents may already be very

similar, and there are insufficient terms for further

classification. The final test is to use a cluster tendency

method called term density test, which relates number of

average frequency of terms to number of terms in

dictionary, to determine if it is worth further clustering the

set (El-Hamdouchi & Willett, 1987). It is to ensure that

there are a sufficient number of terms shared by the

documents, to allow discrimination between them. If any of

these tests fail then the parent node becomes a leaf node.

Fig. 3 shows an example of self-generating topological tree

tree structure.

If a node spans a child chain, then all documents mapped

to the node form a new subset of documents with a reduced

vocabulary. The term weightings are adjusted using Eq. (2)

based on the original term frequency. The feature selection

and weighting are important because the parent node has

already used specific terms to cluster the documents some of

which may no longer be discriminative (e.g. terms originally
, with chains spanned from parent nodes.



Fig. 4. The average number of terms or vocabularies at each level in the

topological tree on dataset B.
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occurring in 5% of the document in the parent set may now

occur in 95% of documents the child set). In this way, each

addition of a new chain to the tree contributes to the

specialisation of the topics and vocabulary in child levels.

An example of the average reduction in number of non-zero

terms between levels is shown in Fig. 4.

The two starting nodes in a child chain are linearly

initialised based on its parent node and its immediate

neighbours. If the parent node is on a boundary, then the two

child nodes are initialised based on the parent nodes and its

one-sided neighbour. This is to ensure that the child chain

has the same orientation as the parent chain, especially

around its parent node. The process of initialising weights is

analogous to linear initialisation using the largest eigen-

vectors (Kohonen, 1997) or an efficient computation using

smaller maps to estimate larger maps (Kohonen et al.,

2000). This allows the child chains to proceed more quickly

to convergence phase.
3.6. Visualisation and implementation

A tree structure is a natural and intuitive way to present

contents and their structures as described in Section 1, and it

is more helpful and advantageous for understanding and

navigating materials than other presentations such as

2-dimensional grids, flat partitions or dendrograms (typi-

cally generated from hierarchical clustering). The proposed

ATTS method uses the GCs as building blocks to represent

the contents in a topological tree structure. It does not

require any manual intervention. To obtain a meaningful

topic hierarchy and ontology, a number of most descriptive

key words have to be assigned to each cluster. All the terms

judged statistically irrelevant are first removed from the

possible terms used for labelling. The term score tsji is

calculated for the remaining terms i in node j for document k

tsji Z
Xmj

kZ1

rkðiÞwjgðiÞ; i Z 1; 2;.; rk (12)
where i corresponds to the sparse index of the document as

described in Eq. (1). Simultaneously, ranking the terms by

frequency of occurrence and tsi (as primary key) provides

understandable and quality and cluster labels. The first few

terms (e.g. 5) with the highest ranking values are selected to

label the cluster. The set of labels summarises the content of

the clusters and allows the user to quickly identify and grasp

the underlying topics at a particular level and their most

related areas though the topology of the chains. This

labelling scheme includes the same terms used for

clustering, which reflect the importance of key terms in

the nodes weights. Terms constructed with multiple words

are marked with single quotes to distinguish them from

single words. To avoid duplication of terms a bottom-up

heuristic method is used to allow more concise labelling, as

only limited text space is available for the labels.

In addition to cluster labels, a list of frequently co-

occurring terms is provided for each cluster. The search for

frequent associations originates from the association rule

mining of transaction databases (Hipp, Guntzer, &

Nakhaeizadeh, 2000). More recently, there has been a

focus on extracting frequent itemsets, which are the

associations between items that meet a threshold of

minimum support. Using these itemsets as termsets in

document clustering is an efficient method to perform

feature selection (Beil, Ester, & Xu, 2002). The Apriori

algorithm (Agrawal & Srikant, 1994) has been used to find

the termsets, which considers the association of multiple

terms. In the ATTS, the number of associations is limited to

two terms since multiple-word terms are already taken into

account at indexing. The objective is to extract the strong

associations within the same cluster as X0Y ; e.g. economy

0market (support, 6%; confidence, 85%). There are two

important measures in association detection, support and

confidence. Support (supp) is defined as the count of dual

term associations divided by the total count of term

associations. The confidence is the measure defined as: if

X occurs then Y will follow

confðX0YÞ Z suppðXgYÞ=suppðXÞ (13)

A hash table is used to record all associations and their

frequencies in one pass over the document vectors

belonging to a particular cluster. Associations not meeting

the minimum levels of support and confidence are

discarded. Finally, the associations are ranked by confi-

dence (as primary key) and support. This provides

complementary descriptions of the clusters in addition to

the cluster labels.

In order to search for related documents in a topological

tree, the leaf node that best matches the query needs to be

identified. The search through the tree begins at the root

chain, where the winning node is identified. The child chain

generated from that root node is then searched for the

winning node and this process continues for the descendent

chains until the winning leaf node is identified. This path



Fig. 5. Screen shot of the implemented application, with the left showing the topological tree organisation of the dataset, right the document/cluster details, and

lower pane the settings and the query, as well as its respective ranked retrieved documents.

Table 2

The datasets used in the experiments

Dataset Number of

documents

Number of

topics

Source

A 1097 n/a http://www.aw.com

B 2001 n/a http://news.bbc.co.uk

C 402 8 Reuters21578

D 899 14 Reuters21578
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through the tree can be referred to as the winning path. Rather

than searching all the nodes for the winner, the topology

property has been used in this search mechanism. The

topology ensures that similar documents are located close to

the winning leaf node. Hence, these nodes can also be used to

return relevant documents, as well as those on the winning

path. This is a key property of using the topological trees.

A full application package featured with a graphical user

interface has been constructed to allow efficient testing on

real-world document sets. This application is implemented in

Java for object-orientation and cross-platform support. It

includes a crawler, full-text parser and indexer, pre-

processor, various clustering and organisation methods,

search engine, and visualisation support. The program is

given a set of documents and user settings as input, and

outputs a topological tree view. A typical result of the

application package is shown in Fig. 5 with the left window

representing the (mouse sensitive) tree, the right displaying

the document or cluster viewer, and the lower pane providing

the general settings and search options. Selecting a tree node

will reveal information about the cluster (terms, weight,

AvgSim, validation measures, term associations, etc.). Other

output formats are also possible, such as a JavaScript tree or

XML representations. The SOM, GH-SOM and bisecting

k-means methods have also been implemented in the package
for comparison. The GH-SOM expresses its hierarchical

relations through the use of hyperlinks.
4. Results and discussions

In this section, results of the SOM, GH-SOM and

ATTS are compared. All three methods have been

applied to the same datasets with the same pre-

processing techniques described in Section 3.2. All

three methods used the same dot product and speedups

as described in Section 3.3. The datasets used, listed in

Table 2, are moderate to allow manual verification of

clusters. The hierarchical methods ATTS and GH-SOM

do not produce very deep or brief structures. While the

ATTS has the minimum computation time amongst these

three methods.

http://www.aw.com
http://news.bbc.co.uk


Fig. 6. A topological content tree generated using the ATTS method on dataset A.
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Fig. 6 displays the result of the ATTS method applied on

dataset A. The topological orders of the chains are logical

and meaningful. From top to bottom the following topics

can be observed: finance/stock market, software engineer-

ing, databases/programming languages, computer science,

medical sciences/genetics, chemistry/physics and math-

ematics. These topics are evident from the labels and

connections between topics are naturally understandable.

Generally, the labelling scheme produces meaningful

summaries for clusters. On occasions some labels may not

be as specific as handcrafted ones. Using human indexers

would rely on their knowledge and experience, sometimes is

also prone to errors and can become impractical for
categorising millions of unlabelled and unstructured

documents. The proposed method provides consistent and

systematic labels. An enhancement could be made by the

use of external knowledge to infer more general and

descriptive words not necessarily in the corpus.

The same dataset A, was organised by the 2-dimensional

SOM. The resulting map, shown in Fig. 7, was created by

further manually merging the nodes to form regions so that,

for display clarity, some of the subtopics were joined (e.g.

databases and software engineering into computer science

class). The regions have been labelled as computer science,

medical sciences, physics, finance, chemistry, and math-

ematics. Even with a manual segmentation of the map into



Fig. 7. 7!7 SOM on dataset A with manual segmentations.
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clusters it is still difficult to apprehend the sub-topics

especially when the numbers of documents in the clusters

are large. The SOM algorithm produced a similar clustering

result to the ATTS at the first level. Another observation is

that the largest group computer science in the map are also

given the largest numbers of nodes in the topological tree;

this is due to the fact that the chains and maps all

approximate the document probability density.
The GH-SOM was also used for generating a hierarchy in

the comparison. The results are shown in Fig. 8. The GH-

SOM grows maps up to a certain number of nodes at each

level. Additionally, it generates a hierarchy of maps that is

easier to browse (without recurring to zooming) compared

to the single level SOM. For example, Fig. 8 shows one

branch from the GH-SOM generated hierarchy. In the root

map, the top two rows deal with computer science, middle



Fig. 8. The top level and a branch in a hierarchy generated by the GH-SOM

for dataset A.
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right physics/mathematics, bottom left finance/chemistry

and bottom right mathematics. The branch expanding into a

child map level-1 deals with anatomy (upper section),

finance (the right column) and chemistry (lower section).

The child map in level-2 is expanding on the topic of

organic chemistry to the left and bio/molecular-chemistry to

the right.

Although the GH-SOM generates a set of maps showing

the similar nodes/clusters close to one another, in some

cases the results are not directly useful to a user and are

difficult to navigate. For example, when there are many

empty nodes, or topics spanning two or more nodes are

represented in two or more child maps. A better represen-

tation can be created by merging similar clusters to form

coloured regions and only use documents of each region in

child maps as in the multilayer SOM in the ET-MAP (the

limitation being the fixed map sizes). This extra processing

step depends on threshold settings or manual segmentation.

The ATTS, however, does not require such a step as each

node is considered as a cluster and for which internal

validation has already been applied. If a large topic happens

to be split into two or more nodes, expanding into a child

chain, then one can still view all chains through the tree. The

topological tree represents the most important and strongest

relations amongst topics and these connections are easier to

justify and understand, since each node has at most two

connections/links, much simpler than the rectangular grid of

the GH-SOM. Another drawback of the GH-SOM is its

dependence on quantisation error for growth. The wrong

choice of its value may result in a flat or deep hierarchy. In

the ATTS a validation is used to determine the optimum

number of nodes in each chain. This process adds little

overhead, since the validation measure is only calculated

after each node insertion, rather than at frequent fixed

intervals as for the calculation of the quantisation error in

the GH-SOM. The topological tree is easy to navigate at

various levels simultaneously, not possible with 2-dimen-

sional representations such as the 2-dimensional SOM, GCS

or GH-SOM.

The topological tree can be advantageous in retrieving

documents given a query in terms of recall and F-measure

compared to the bisecting k-means and the 2-dimensional

SOMs. The bisecting k-means was chosen since it was

shown to provide better results than typical hierarchical

agglomerative methods (Steinbach et al., 2000). The SOM

was compared with the ATTS as it also has a topology and

has previously been used for document organisation. Both

resulting structures have also been used for retrieval

purposes (Georgakis, Kotropoulos, Xafopoulos, & Pitas,

2004; Lagus, 2002; Willett, 1988).

The datasets C and D are subsets of the Reuters-215781

newswire articles, typically used in text classification.

Documents without labels were removed and documents
1 http://www.daviddlewis.com/resources/testcollections/reuters21578/.

http://www.daviddlewis.com/resources/testcollections/reuters21578/
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with more than one topic were assigned to the first topic.

The training datasets were then used to train the SOM,

ATTS and bisecting k-means methods. Then each document

in the test datasets were used as a query to search for related

documents of the same topic. The F-measure, typically used

in information retrieval (Baeza-Yates & Ribeiro-Neto,

1999), was adopted to evaluate different methods,

Fm Z
1 Cb2

b2 1
R

C 1
P

(14)

where PZRa/B is the precision and RZRa/A is the recall.

Ra is the number of relevant retrieved documents, A is the

total number of documents relevant documents in the set

and B the total number of documents retrieved from the

search. b marks the importance of P and R. Higher

importance is generally given to R than P as it is sometimes

desirable to traverse a larger relevant document set. Setting

b to 1 gives equal importance to both P and R.

A top-down search (Willett, 1988) was used to seek for

the related documents. Other strategies are also possible

such as bottom-up which begins with examining the leaf

nodes (Willett, 1988). For the SOM each document in the

test dataset is matched with the most similar nodes. For the

ATTS and bisecting k-means the search begins with

the winning node in the root chain and then proceeds

down the hierarchy. The topology of the ATTS helps

improve the search, as the selection of relevant clusters will

be topologically close to the path from the winning root

node to the winning leaf node.

The search results are based on selecting the best

matching leaf clusters in each structure. For the SOM and

ATTS the best number of leaf clusters is tested from 1 node

to 8 nodes. The most similar clusters to query documents are

found and all the documents in these cluster are ranked by

their relevance. Those falling below a cut-off similarity to

query threshold were ignored (e.g. 0.025), as it has been

shown to be more efficient than retrieving all the documents

from a cluster (Voorhees 85).

For all the experiments the average F-measure over all

queries is calculated using Eq. (14) with bZ1. The

F-measure was chosen as a comparative benchmark as it
Fig. 9. The average F-measure for retrieving most relevant documents from

clusters for the ATTS, bisecting k-means and SOM.
does not require a strict ranking of the documents. The SOM

map size was varied from 2!2 to 5!5 and the maximum

average F-measure was recorded. For the bisecting k-means

different dendrogram depths were chosen (5–35) and

the maximum average F-measure was used. For the ATTS

the maximum average F-measure was picked.

The evaluation of the search is shown in Fig. 9. For both

datasets the ATTS outperforms the bisecting k-means and

the SOM. For dataset C about half of all the relevant

documents are found within 1 or 2 leaf nodes. It has also

been observed that, in most cases, documents in

the neighbouring nodes in the SOM and ATTS are the

most relevant. Further work needs to be done to investigate

the relation between topology and relevance. The ATTS

estimates the numbers of nodes/clusters using the entropy-

BIC, which does not require a probability model and

improves the clustering recall thus the F-measure.

Although there are still arguments on whether to use 1- or

2-dimensional, single level or hierarchical structure, of the

SOM, it shows that the hierarchical topological tree

structure performs better and is consistent with many

existing computer file systems. More research or user

feedbacks will be required to make a fuller justification.
5. Conclusions

A topological tree structure has been used to self-

organise and present documents and information con-

tents. The results and comparisons show the benefits of

the proposed ATTS method over the SOM, GH-SOM

and bisecting k-means methods for document analysis,

organisation and search. The topological tree is advan-

tageous for categorising, summarising, navigating and

exploring unstructured documents textual content. It

provides abstractions and continuity of the content at

various levels and better scalability than the grid based

methods. Other benefits are that the multiple levels/-

branches can be viewed simultaneously, and topic

relations can be easily visualised in a way similar to

most file manager systems. The underlying number of

topics at each level is automatically chosen and verified

by an entropy-based BIC validation procedure. The

topological tree structure also improves document

browsing and retrieval.
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