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For HTML tag removal, we used a perl program based
on the module HTML::TreeBuilder. This program detected
the encoding of pages, converted text to ASCII format, and
returned all text that would be rendered by a web browser
while preserving paragraph boundaries for paragraph and
block level elements.

The cleaned web pages were then processed by a sentence
splitter using the module Lingua::EN::Sentence. The out-
put is one text file per webpage, with one sentence per line.1

For the clustering task a separate index was created for
each person name, using the Lemur toolkit.2 We removed
a standard list of stopwords, but did not apply stemming.
Note that the clustering run UvA 1 employed a different kind
of pre-processing. Details are discussed in Section 3.1.1.

For attribute extraction we used a named entity tagged
version of the documents. Named entity detection was per-
formed using the Stanford NER software [5].

3. CLUSTERING

3.1 Approach
We experimented with five different clustering methods

that correspond to our submitted runs UvA 1–UvA 5, that
we detail in Sections 3.1.1–3.1.4 below.

3.1.1 Hierarchical Agglomerative Clustering
We experimented with two hierarchical agglomerative clus-

tering implementations. The first implementation was en-
tirely implemented by us to give us more control about the
internal aspects, while the second implementation used the
Lemur toolkit. First we describe our own implementation
(run UvA 1) followed by the system using Lemur (run UvA 2).

Our clustering approach follows a general hierarchical clus-
tering approach [8] with a few specific additions for this task.
In general, hierarchical clustering uses a greedy clustering
procedure where clusters with the highest similarity score
are merged into the same cluster. The procedure continues
iteratively until no further clusters can be merged. There
are two stopping criteria: (a) fixed number of iterations or
(b) minimum similarity threshold. In our experiments we
only used stopping criterion (b). Following Balog et al. [4]
the threshold was set to 0.1.

At the heart of hierarchical clustering lies the definition
of similarity between clusters, which can be individual doc-
uments (singleton clusters) or sets of documents. Here, the
general similarity between two clusters c1 and c2 is defined
as the cosine similarity:
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and tf (t, i) is the frequency of term t in cluster c, N is the
number of documents in the collection and nt is the number
of documents in which t occurs. This is the standard TF.IDF
definition used in information retrieval.

1Sentence information is used by some of the attribute ex-
traction runs.
2http://www.lemurproject.org

In order to improve on the standard cosine similarity we
experimented with a number of variations, in particular, in-
stead of using the actual term frequency, we normalized it
with respect to the average frequency of a term in this doc-
ument:
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What constitutes the collection in clustering is somewhat
unclear. Is it the number of documents that were retrieved
for a particular name or is it the number of all documents in
the test? Here we experimented with both options, but the
latter led to slightly better performance. This is probably
due to the fact that a somewhat larger collection gives more
reliable counts.

We were also interested to find out to what extent pre-
processing the input has an impact on clustering quality.
For converting the input HTML files into text files we opted
for a simple but yet effective approach by using w3m, a UNIX
command line web browser and piped the output into a text
file. The text files were then tokenized by a simple tokenizer
just separating punctuation symbols.

Instead of indexing the actual words, they were stemmed
using Porter’s stemmer [9]. We found that stemming im-
proved our results considerably.

When clustering two smaller clusters together, there are
a number of strategies:

minimum: This strategy defines the similarity between two
clusters as the similarity between the two closest doc-
uments from each cluster.

maximum: This strategy defines the similarity between
two clusters as the similarity between the two farthest
documents from each cluster.

centroid: This strategy defines the similarity between two
clusters as the similarity between the two centroids
each cluster.

average: This strategy defines the similarity between two
clusters as the similarity between all documents in
both clusters.

We experimented with all strategies, and selected those for
submission that performed best with the given implementa-
tion.

The final run submitted for this clustering approach (UvA 1)
used stemming, simple w3m HTML clean-up, normalized doc-
ument frequency and the minimum strategy. Further than
that no task-specific preprocessing or feature extraction was
applied. While the approach is rather simple, it shows that
even simple and robust strategies can lead to very competi-
tive performance in this task.

The second system (run UvA 2) which uses Lemur, em-
ploys the centroid strategy, and there are a number of dif-
ferences with respect to preprocessing and morphological
normalization. Firstly, preprocessing is done as described in
Section 2. Secondly, no stemming is applied and the actual
surface forms of the words are used for indexing. Finally,
TF.IDF scores are computed in the standard way and are
based only on documents of the specific person.

Throughout the remainder of the section, we use the stan-
dard preprocessing as described in Section 2. The following
subsections correspond to runs UvA 3 to UvA 5.
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results
Metrics: B3-Precision, B3-Recall, B3-F-score [1]
Collections: WePS-1 (dev/test) [2], WePS-2 (test) [3]
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conclusions
Efficient clustering methods using frequency-based statistics lead to high performance.
Small variations in the definition of the similarity function have a substantial impact on performance.
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