Naive clustering of a large XML document collection
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ABSTRACT

In this paper, we address the problem of cluster-
ing a homogenous collection of text-centric XML
documents. We present some experiments we have
led on clustering the INEX! structured document
collection. QOur claim is that element tags provide
additional information that must help improve the
quality of clustering. We have implemented and ex-
perimented various ways to account for document
structure, and used the well-known k-means algo-
rithm to validate these principles.
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1. INTRODUCTION

Document clustering has been applied to informa-
tion retrieval following the cluster hypothesis,
which states that relevant documents tend to be
highly similar to each other, and subsequently they
tend to belong to the same clusters[3]. The theory
behind this is that document clustering should per-
mit to improve the effectiveness of an IRS by per-
mitting to recall more of the relevant documents;
Notably, in a best-match approach, some very rel-
evant documents might receive a low rank simply
because they miss one of the keywords of the query.
Based on the cluster hypothesis however, these doc-
uments are to be clustered together with the best-
ranked documents and can be found this way [1].
Document clustering can be performed prior to the
query, in which case it is used to form a document
taxonomy similar to that of the well-known “Ya-
hoo” search engine. An alternative application of
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document clustering to IR is post-retrieval clus-
tering [11], which is not performed on the whole
document collection, but solely on the candidate
subcollection retrieved in answer to a query. In this
case, the clustering is used to ameliorate the quality
of the final answer.

Nowadays, Internet is a repository for huge amounts
of data. The quantity of XML data shared over the
World Wide Web is increasing drastically. A large
majority of this XML data is data-centric, but text-
centric XML document collections are now getting
more and more frequent. As a consequence, it be-
came necessary to provide means to manage these
collections. This can be done by automatically or-
ganizing very large collections into smaller subcol-
lections, using document clustering techniques. Un-
fortunately, most of the research on structured doc-
ument processing is still focused on data-centric XML
(see for example [2] and [13]).

In this paper, based on the conjecture that “As
structure is supplementary information to raw text,
there must exist a way to use it, that improves the
clustering quality”, we present various naive ap-
proaches to represent text-centric XML documents
(section 2) and experiment with them using a well-
known partitional clustering algorithm. The results
presented in section 3 are emphasizing the difficulty
of this task and calling for discussion of the results
and a description of the eventual directions of our
future work (section 4).

2. PROCEDURE OF THE EXPERIMENTS
2.1 Document representation

As a representation of the documents, we have used
the vector space model. In this representation, each
document is represented by an N-dimensional vec-
tor, with N being the number of document fea-
tures in the collection. In most approaches, the



features have been the most significant words of
the collection. All the words are not selected as
features, as the number of dimensions of the vector
would easily place the computational efficiency at
stake. For this reason, in the case of very large doc-
ument collections, feature selection techniques are
applied. We have used three different feature sets
along our experiments: text features (i.e., words),
tag features, and finally a combination of both.

o “Text features only”: For the text feature set,
as the size of the document collection is very
large, we have used a few feature selection
techniques. First, we have ignored words of
less than three characters, and used a sto-
plist to delete longer words with a weak dis-
criminative power (such as articles, pronouns,
conjunctions and auxiliary verbs). We also
pruned all words containing a numerical char-
acter. This simple heuristic diminished the
feature set of about 50,000 word terms! The
last step has been to stem the words, that
is, to reduce them to a canonical form (for ex-
ample, ‘brought’ ‘bring’ and ‘brings’ can be re-

duced to ‘bring’), using the Porter algorithm][8].

The resulting set contained 188,417 features.

o “Tag features only”: The clustering method
we are willing to develop for clustering struc-
tured documents aims to be general. There-
fore, we have made the choice to not manually
group any tag labels. In practice, this means
that all tag labels are distinct (e.g., 'ss1’ and
’ss2’ for sub-section of level 1 and 2 are dis-
tinct). The only preprocessing we made was
to prune the closing tags, as we decided to ac-
count as much for ’complete’ tags (with both
a starting and an ending tag) as for the non-
closed ones (e.g., ’art’, ’entity’, ’colspec’). Fi-
nally, we found 183 different tag features.

o “Text+tags”: This last method combines both
feature sets, by simply merging them. The
total number of features is then 188,600.

The document vectors were then filled in with nor-
malized tf-idf measures. Tf-idf combines term fre-
quency (tf) [6] and inverted document frequency
(idf) [4]. Term frequency is simply the number of
occurrences of the feature words in a document. Its
weakness is that it does not take the specificity of
the terms into account. A term which is common to
many documents is less useful than a term common
to only a few documents. This is the motive for
combining a term’s frequency with its inverse doc-
ument frequency, which is the division of the total
number of documents in the collection by the total
number of documents where this term occurs. In

short, term frequency is a measure of the impor-
tance of a term in a document and inverted docu-
ment frequency is a measure of its specificity within
the collection.

2.2 Similarity measure

Clustering techniques group items based on their
pairwise similarity. Thus, the first task is to find the
right similarity measure. Following the vector space
model, two measures are commonly used. The first
one is the Euclidean distance, which has the advan-
tage of being easily understandable. The other fre-
quent measure is the cosine similarity. Its strength
is very efficient computation for normalized vectors,

since in that case cosine(d, d2) simplifies to the dot
product (d; -d2). Because their results are very sim-
ilar in nature, cosine similarity can be prefered to
Euclidean distance (see for example [14]).

2.3 Clustering technique

There are two main families of clustering algorithms.
Given n documents, hierarchical clustering produces
a nested sequence of partitions, with a single cluster
containing all documents at the top, and n singleton
clusters at the bottom. This result can be displayed
as a dendrogram (a subclass of the tree family). In
partitional clustering, where k-means is the most
common technique, the number k of desired clus-
ters is either given as input, or determined as part
of the process. The collection is initially partitioned
into clusters whose quality is repeatedly optimized,
until a stable solution is found.

In general, hierarchical clustering has been consid-
ered as the best quality clustering approach, and
its quadratic complexity seen as its main weakness.
For large documents, the linear time complexity
(w.r.t. the number of documents) of partitional
techniques has made them more popular. This is
especially true for IR systems where the clustering
is often aimed to improve the system’s efficiency.
Furthermore, Steinbach et al. [10] have made large
scale experiments with numerous datasets and eval-
uation metrics which finally pointed out as a result
that the cluster-quality of the bisecting k-means
technique was at least as good as that of the hi-
erachical approaches they tested. In these exper-
iments, we have decided to use the k-means algo-
rithm, both for its linear time complexity and the
simplicity of its algorithm.

Given a number k of desired clusters, k-means tech-
niques provide a one-level partitioning of the dataset
in linear time (O(n) or O(n(log n)) where n stands
for the number of documents[12]). The base algo-
rithm presented in figure 1 assumes the number of
desired clusters be given and relies on the idea that
documents are seen as data points.



1. Initialisation:

e k points are chosen as initial centroids

o Assign each point to the closest centroid
2. Iterate:

e Compute the centroid of each cluster

o Assign each point to the closest centroid
3. Stop condition:

e As soon as the centroids are stable

Figure 1: Base k-means algorithm

2.4 Discussion on evaluation

2.4.1 Internal and External Quality.

There are two main families of quality measures.
The external quality measures use an (external)
manual classification of the document classification,
whereas the internal quality measures do not. The
principle of an external quality measure is to com-
pare the clustering to existing testified classes. The
better the clustering and the classification “match”,
the better the external quality measure evaluates
the clustering.

In this work, we have used entropy and purity, two
frequent external quality measures.

e The entropy is an information theoretic mea-
sure presented by Shannon [9]. It measures

how the classes (manually tagged) are distributed

within each cluster. This provides a quality
evaluation for un-nested clusters (for hierar-
chical clustering, this means an entropy value
can be computed only per level of the den-
drogram). Note from the nature of entropy
that its optimal score is obtained with single-
ton clusters and therefore entropy can hardly
be used to compare clustering solutions of dif-
ferent sizes.

The technique consists of first calculating the
class distribution of the document collection,
that is the number of documents in each class.
The entropy of each cluster C is based on the
probability that a document of C belongs to
each class. The overall entropy is the average
per cluster entropy weighted by the size of each
cluster.

e The purity of a cluster measures how much
that cluster is “specialised” in a class. It is
simply its largest class divided by its size. The
overall purity of a clustering solution is then
a weighted average of the purity of each of its
individual clusters.

o There exist many more measures. For exam-
ple, the well-known IR F-measure has been
adapted to clustering [5]. We did not use it,
however, as it is by definition adapted for the
case where the evaluation classes are query an-
swers (this evaluation method was used with
various TREC collections and their assessment
results).

Internal quality measures are used when no manual
classification is provided. They are computed by
calculating average inter- and intra-cluster similar-
ities. An example of an internal quality measure is
cohesiveness (a.k.a. “overall similarity”), which
is defined for each cluster as the average similarity
between each two documents of that cluster.

2.4.2 The INEX case

Our experiments compare the use of different fea-
ture sets. As such, they result in different pairwise
document similarity values. Thus, it is clear that es-
timating the feature sets based on inherent internal
quality measures would not make any sense. There-
fore, we must use external quality measures. Nev-
ertheless, any external quality measure relies on an
existing manual classification, and at the time of the
experiments, the only classification existing for the
INEX collection were the year and journal volume
in which an article was published. For more con-
sistency, we have used the journals as our classes.
We have also made another class of the 125 volume
descriptions, which contain a listing of the articles
published in the corresponding volume.

Unfortunately, this classification has a number of
problems. The main issue is that these classes form
a partition of the document collection, that is, the
classes are disjoint. This property is rather inap-
propriate for document collections, as there exist
no such strict border between two articles as there
may be with other data types. The fact that an ar-
ticle was published in a given journal rarely means
that it could not have been published in another
one. Hence, the journal title classification is proba-
bly too strict.

In fact, a good classification for evaluating docu-
ment clustering is typically a manual assessment
of the answers to a set of queries. By using the
topics of an IR evaluation initiative (e.g., TREC
or INEX) as classes, and the corresponding docu-
ments as the elements of the class, researchers have
often found a satisfying way to evaluate the quality
of clustering methods. These classes offer a more
trustable human-expert classification, that further-
more allows a document to belong to many classes
or none. Therefore, we plan in further work to use
the manual assessments of the INEX evaluation,



originally aimed at information retrieval systems,
so as to evaluate the relevance consistency of docu-
ments clusters.

Finally, the clusterings have been evaluated accord-
ing to the 18 journals where the documents were
published, plus the additional volume class. The
12,232 documents of the INEX collection have thus
been mapped to 19 classes.

Of course, in order to keep the experiments fair, we
pruned all document elements containing the name
of the journal where the document was published.
In practice, this means the elements <doi>, <fno>
and <hdr> and their content were ignored.

3. RESULTS

We have implemented and experimented the tech-
niques described above on the INEX collection, us-
ing the publicly available clustering tool implemented
by George Karypis, University of Minnesota?.

We have run k-means with k € {5, 10, 15, 20, 25,
35} for text-only, tags-only and tags&text. We have
then computed entropy and purity using the journal
titles as classes.

The results of our experiments for 5, 15, 20 and 35
clusters are shown respectively in tables 1,2,3, and
4. The runs were computed on a 1333 Mhz desktop
with 1 gigabyte of memory.

Table 1: Results of k-way clustering for k=5

| Features | Text | Tags | Text + Tags |
Entropy 0.711]0.836 |  0.812
Purity 0.301 | 0.211 0.216
Clustering Time | 150s. | 4s. 160s.

Table 2: Results of k-way clustering for k=15

| Features | Text | Tags | Text + Tags |
Entropy 0.633 | 0.798 0.678
Purity 0.379 | 0.228 0.372
Clustering Time | 754s. | 1ls. 837s.

Table 3: Results of k-way clustering for k=20

| Features | Text | Tags | Text + Tags |
Entropy 0.598 | 0.775 0.677
Purity 0.413 | 0.237 0.332
Clustering Time | 1101s. | 15s. 1191s.

3.1 Including all tags decreases quality!
A clear observation is that, for any desired number
of clusters k, the best quality is obtained with the

*CLUTO,
http://www-users.cs.umn.edu/~karypis/cluto/

Table 4: Results of k-way clustering for k=35

| Features | Text | Tags | Text + Tags |
Entropy 0.568 | 0.758 0.612
Purity 0.454 | 0.254 0.385
Clustering Time | 2016s. | 25s. 2215s.

text features. Tag features as a stand-alone perform
much worse, and when they are combined to the
text features, the worsening is just averaged.

However, one may expect that adding an extra piece
of information about documents would improve their
description, and subsequently their pairwise simi-
larity measures, and should finally result in a better
clustering quality.

There are various reasons for this quality worsen-
ing following the inclusion of tag features. First,
the quality evaluation issue must be recalled; For
example, using the tag features, a few clusters have
terms like ‘tmath’ or ‘math’ as their most descrip-
tive features. They mainly gather articles from the
journals “Transactions on Computers” and “Trans-
actions on Parallel & Distributed Systems”. This
predominance of two different classes implies low
external quality measures. It is however impossi-
ble to claim as a consequence that those clusters
are not valuable. On the other hand, some clusters
are doubtlessly negatively affected by the addition
of the tag features. Document clusters dominated
by style features (e.g., ‘b’ or ‘tt’) are rather group-
ing documents based on their authors’ writing style.
As an illustration, those clusters are almost equally
distributed amid the classes.

3.2 “Tags only” permits very fast cluster-
ing

The clustering based solely on tag features is com-
puted much faster. This is no surprise as the num-
ber of items is then 183, when it is 188,417 for text
only. What is surprising is how good the tags-only
results are, considering that the whole process runs
in seconds on a standard desktop.

In applications involving a huge number of docu-
ments, and requiring fast clustering (e.g., “prior to
query” document clustering for IR), the trade-off
between quality and efficiency may advantage the
tags-only option.

It is however difficult to tell, besides the raw qual-
ity scores, how well the tag features clustering are
matching the “text only” clustering. A good ques-
tion to ask is how close are these clustering solutions
? We know that the tags-only clustering performs
reasonably well wih respect to its computational ef-



Table 5: Results of k-way clustering for the
’volume’ cluster with k=15

| Features | Text | Tags | Text + Tags |
Precision 28% | 99% 100%
Recall 100% | 100% 100%
Entropy 0.722 | 0.016 0
Purity 0.295 | 0.992 1
Internal Similarity | 0.094 | 0.900 0.912
Clustering Time 754s. | 1ls. 837s.

ficiency, but how close is this good answer to the
better answer issued from the “text-only” cluster-
ing ? Unfortunately, this is still in the list of future
work!

3.3 Exception: the ‘volume’ class

For each clustering, most of the 125 volume.xml
files, compiling entity references to the articles of
a given volume of a journal, are found within the
same cluster. In contradiction with the general ob-
servation that text features give higher quality clus-
tering, we have found that for this specific cluster,
“text+tags” and “tags only” give the best perfor-
mance. In table 5, we have computed values for
recall and precision for this 'volume’ cluster. Preci-
sion is the number of 'volume’ documents found in
the volume cluster (true positives), divided by the
size of that cluster. Recall is the number of 'volume’
documents found in the volume cluster, divided by
the total number of volume documents (i.e., 125).

This result is due to the very specific structure of
the volume files. They contain the list of the titles
of all articles published in the corresponding journal
volume. This type of documents totally misleads
the text features approach, as in this case the most
specific features are not article titles, but various
publishing details (month of publication for exam-
ple). We have computed the most descriptive terms
for the volume cluster, for each of the three fea-
ture sets in table 6. The descriptivity measure for
a feature within a cluster is the percentage of inter-
nal similarity that is due to this particular feature.
When the feature set contains element labels (i.e.,
tags), they tend to dominate the text features, as a
consequence of a more discriminant distribution.

3.4 Best clustering method, with respect to

journal title classes

Following these results, we foresaw a better cluster-
ing method, based on the principle to use the tag
features clustering as a preprocessing. The idea is to
pre-detect those documents which are structurally
different. This is harmless from a computational
point of view, as the tag features are so few, and
since their extraction is done in linear time.

Even though the “text+tags” performs slightly bet-
ter, the efficiency/quality trade-off obviously plaids
for prefering the tag-feature clustering as the pre-
processing for the simple clustering method we present
right below.

e Step 1: k-means clustering of the full docu-
ment collection based on the “tags-only” rep-
resentation. The n clusters with an average
internal similarity above a threshold (say 0.9)
are kept.

e Step 2: A (k—mn)-means clustering is then led,
based on the remaining documents (those that
do not belong to preselected clusters).

With the INEX collection and k=15, only the vol-
ume cluster is preselected. The results are shown in
table 7 and confirm the clustering quality improve-
ment. However, we are aware that such a method
can not be claimed to be superior, before further
experiments are made (particularly using different
collections).

Table 7: Text features based clustering with
and without tag features pre-clustering, for
k=15

| | Text features | Same, but with pre-clustering |

Entropy 0.633 0.630
Purity 0.379 0.394
Time 754s. 114-742s.

Anyhow, we believe that the general idea to use
structure-based clustering as a preprocessing of stan-
dard clustering must permit to improve the cluster-
ing quality. But to extend the application of this
principle to the general case, we are willing to con-
sider more general and sophisticated structural sim-
ilarity measures. A recent work has notably pro-
vided an edit tree distance between the structure
trees of XML documents [7].

4. DISCUSSION AND CONCLUSION

We adressed the problem of clustering homogenous
structured document collections. We experimented
a common partitional clustering algorithm with var-
ious sets of features. As the current evaluation sys-
tem is not yet reliable, the results we found can
not be considered as definitive, but should rather
be seen as hints.

Our results have then hinted that simply adding
tag labels to the feature set does not improve the
clustering quality. However, our conjecture that a
way to exploit the structure exists is still stand-
ing. What the first results emphasize is that the
solution is not straightforward, and that combining



Table 6: 3 most descriptive features within the ’volume’ cluster for k=15

Text only | january (19%) | society (13%) | publish (6%)
Tags only | <entity>(63%) | <title>(20%) | <secl1>(14%)
Text+tags | <entity>(63%) | <title>(20%) | <sec1>(15%)

structural similarities to content similarity indeed
permits to improve the clustering quality.

It seems like computing tf-idf measures of tag la-
bels is insufficient, and we are now considering more
sophisticated measures for structural similarity be-
tween documents. Instead of using the frequency of
the elements, options are to weight the documents
with the total size of the elements (or with their
average size). It would still remain to be decided
whether the size of an element should be defined
locally or as the total size of its sub-elements, in
which case normalization issues would emerge.

So far, this work has been difficult due to the lack of
a very large text-centric structured document col-
lection. The INEX initiative has already provided
such a collection, but meaningful classes were not
yet available at the time of our experiments. The
manual assessments of the INEX topics will permit
us to further evaluate the various structured docu-
ment clustering approaches. In this regard, we will
also need more document collections, so as to make
sure that the results we get are not “statistical ac-
cidents”, due to specificities of the INEX collection.

There are various possible research directions. One
is to develop feature selection methods for tag la-
bels. Some simple ways might be to replace words
by their full path expressions, or by their local path
expressions. It would also make sense to develop
ways to detect different classes of tag labels. The
distinct nature of some of these classes would then
call for different processing techniques. It is clear,
for example, that the tags 'tfmath’, ’sgmlmath’, and
'math’ have much in common and that they may
probably be merged to a single 'meta-math’ class.
For the least, we must try to account for the fact
that 'tfmath’ and ’sgmlmath’ are more similar than
’sgmlmath’ and ’ss1’ (subsection of level 1).

Another interesting problem emerges, following the
work in the INEX initiative: multi-level clustering.
The idea is to compute representations of docu-
ment sub-elements together with the documents,
and give as a result clusters containing items of
different granularities. This idea is clearly derived
from the IR problem posed by INEX, of retrieving
the best matching elements, rather than full docu-
ments exclusively.
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