














turing the several semantic facets of a dataset.

A final noteworthy observation is about dealing
with outliers in XTrK-means. Trash clusters were
generated at each test, and we found out an increase of
the size (number of clusters) of the resulting partition
from 10% (in PubMed and Reuters RSS) to 25% (in
DBLP and Hybrid-Data). Trash clustering always
improved the overall partition quality, although the
gained benefits may be small (2% in DBLP, 1% in
Hybrid-Data) or quite irrelevant (below 1% in PubMed
and Reuters RSS).

6 Conclusion and Future Work

We have presented a novel clustering framework for the
semantic organization of XML data. We have inves-
tigated features for suitably representing both struc-
tural and content information from XML documents.
Such features are enriched with the support of a lexi-
cal knowledge base, which plays a fundamental role in
inferring XML semantics. We have exploited the no-
tion of tree tuple to extract semantically cohesive struc-
tures from XML documents, and have shown that XML
tree tuples can be easily modeled as transactions. A
partitional clustering approach has been developed and
applied to the XML transactional domain. Clustering
evaluation has revealed very high effectiveness on large
real datasets, arguing that XML tree tuple items are
powerful features for effective semantic XML clustering.
There are some evident directions for future re-
search. Some of these regard the consolidation of cer-
tain aspects of the framework, such as the development
of a possibly novel clustering algorithm which is able to
best fit the XML transactional model while satisfying at
least the requirements of scalability, cluster discovery in
subspaces, and browsing-aware cluster labeling. More-
over, the role of ontological knowledge in supporting
the detection of semantic relatedness among XML data
needs better investigation. Therefore, we shall look at
incorporating application ontologies into our clustering
framework to benefit from extended conceptual models
describing not only objects represented in XML, and
their relationships and constraints, but also “rules” re-
garding how objects may appear in an XML source.
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