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Abstract. Searching people on the Web is one of the most common ac-
tivities carried out by Internet users. However, search engine results are
usually generated without taking into account the inherent ambiguity
of people names. Homonymy is the state of one of a group of words of
sharing the same spelling and the same pronunciation but having differ-
ent meanings. In this paper we have focused our research on the task of
discriminating people that share the same name but have different oc-
cupation. We compare two different approaches for selecting features on
documents of homonyms from a supervised and unsupervised viewpoint.
We have used a high scalable clustering method based on fingerprinting
in order to discriminate a set of homonyms taken from a testbed corpus
used in one international competition. The proposed system performed
well in comparison with other results reported in literature.

1 Introduction

The homonym discrimination on the web is a task that requires a special atten-
tion by the natural language engineering community. Searching people in Inter-
net is one of the most common activities performed by the World Wide Web
users [1]. The main challenge consists on discriminating people with presence
in the Web that share the same name but have different occupation. In Figure
1 we can see a snapshot of Google! when searching people on the Web. The
results retrieved are neither considered in any way belonging to people nor to be
classified or clustered. This an undesirable behaviour of a wise search engine.

Spock.com? instead assumes by default that the user is searching people on
Internet and, therefore, it brings together all the results (people webpages) that
the system considers that share the same occupation (see Figure 2). In theory, an
information retrieval system which is able to recognize queries related to people
should have similar behaviour to the Spock system; otherwise, it should have a
google-like behaviour.

* This work has been partially supported by the CONACYT project #106625, as well
as by the PROMEP/103.5/09/4213 grant.

! http://www.google.com

2 http://www.spock.com
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Fig. 2. Spock results when searching people on the WWW.
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The aim of this paper is to automatically discover the most salient features
for the classification of homonyins. We present a semi-supervised classification
method which relies the training phase on the WePS-1 collection [1], which
contains 49 ambiguous people names. We evaluate the obtained features on a
test dataset in order to see the performance obtained on this task. Moreover,
we report the performance of the classifier when using the WePS-2 collection,
which is a standard corpus used at the Web People Search Task [2] made up
of 30 ambiguous names of people, each name with a number of HTML pages
with information related with that people name. The complete description of
the evaluated corpus is given into detail in [2].

The classifier used on the experiments was constructed on the basis of a sys-
tem which relies its text retrieval techniques on hash functions [3]. In particular,
we have constructed a new vectorial coordinate system for the representation
of the original data and, thereafter, we calculate the distance of the vectorial
representation of each input dataset by means of a hash function.

We must take into account that the fingerprinting technique may allow in-
dexing and clasifying of documents in a one single step. Therefore, given the
huge amount of information available in Internet, we consider that an impor-
tant contribution of this research work consists of providing a very fast way of
classifying people names on the World Wide Web.

The evaluation of the experiments carried out show that the implemented
technique could have a positive impact in the analysis/indexing of huge volumes
of information. However, the feature set for all the documents in the WePS
framework needs to be further investigated.

The remainder of this document is structured as follows. In Section 2 we
describe the components of the implemented system. Section 3 describes into
detail the two feature selection techniques used in the experiments. The docu-
ment fingerprint technique used in the document indexing and clustering process
in the Web People Search framework is explained in Section 4. The experimental
results are discussed in Section 5, whereas the conclusions are given in Section

6.

2 Description of the implemented system

The system architecture follows the classical approach of supervised classification
(see Figure 3) and it comprises the following components:

Pre-processing: We have programmed two implementations in order to per-
form the HTML to text conversion. The first HTML to text converter was
programmed with Java, whereas the second was implemented with AWK.
No HTML tags nor url’s were considered in the text extraction.

Feature selection: The process of document feature selection is performed in
two steps as presented in Figure 4, and it is described in Section 3. In a brief,
all the categories of different people names are clustered in order to conf?rm
a general set of features which hopefully will describe a certain occupation.
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Document representation: We see each document as a vector of features and,
therefore, we may formally express the representation of each webpage as
follows.

d = [w(fr),w(fa) -+ w(fa)), (1)

where w(f;) is the weigth of the i-th feature recognized in the document d.

Indexing/clustering: The indexing process was carried out by using the for-
mula expressed in Equation (5). We used a specific threshold (¢) in order to
determine a range of hash-based values (documents) that should belong to
the same cluster. The overlapping of clusters was not considered but it may
be easily implemented.
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Fig. 3. The classification approach.

3 Feature Selection Techniques

We have considered that each person webpage should be classified according
to the abilities of that person with respect to a specific occupation. Therefore,
we focus our investigation on discovering such features that identify the role
of a given person on his occupation. However, we do not expect that all the
occupations will be represented on the training corpus nor that each person will
completely describe the features of some occupation.
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Our approach extract the most salient features of each occupation. This pro-

cess is carried out within all the person webpages by means of the two following
feature selection techniques.

Entropy: We calculate the entropy (H) of each word (w;) within each clus-
ter/category for every person. Formally, given a cluster (occupation) of one
person Cj, which is made up of a document set ({dy,d2,--- ,dn}). The most
salient features of C; are those words w; that are obtained by Equation (2).

Features(Cj) = {wi|H(wi, C;) > B} (2)
with

H(wi, Cj) = p(wi, Cj) * log(p(w;, Cj)) (3)

where p(w;, C;) is the probability of word w; in cluster Cj, and B is a real
value which is used as a threshold, whose value range between cero and one.

Conditional probability: We selected those words that represent better each
category by using the conditional probability of word w; given the category
Cj, i.e., p(w;|C;). We sort these probabilities and, thereafter, we just selected
those that are above of a given threshold 7 (y € R and « € [0, 1]) as shown
in Equation (4).

Features(C;) = {wilp(wi|C;) > 7} (4)

Once the most salient features of each category are obtained, we cluster
these features in order to bring together all that features that belong to the
same occupation by using the K-Star clustering method [4]. In summary, given
the k categories we are using for extracting the most salient features, we firstly
extract k sets of features (one per category) and, thereafter, we consider merging
these feature sets by using a clustering method in order to get k' new feature
sets (k' < k). The complete process is presented in Figure 4.

4 Document Fingerprinting and classification

Document indexing based on fingerprinting is a powerful technology for simi-
larity search in huge volumes of documents. The goal is to provide a proper
hash function which quasi-uniquely identifies each document, so that the hash
collisions may be interpreted as similarity indication.

4.1 Document classification

Formally, given two documents d and dp, and the fingerprint of the tw? doF-
uments h(d;) and h(dz), respectively. We consider dy and dz to be e-similar iff
|h(dy) — h(d2)| < €.
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Fig. 4. The process of discovering general features for the homonymy descrimination
task.

4.2 Document fingerprinting

In the context of document indexing/clustering/retrieval a fingerprint h(d) of
a document d may be considered as a set of encoded substrings taken from d,
which serve to identify d uniquely. _

Defining the specific hash function to encode the substrings of the documents
is the main challenge of the fingerprinting technique. In particular, in the im-
plementation of the proposed Web People Search system we defined a small set
k of term-frequency vectors ({77,73,--- ,7¢}) (which are used as reference for a
new coordinate system) in order to be considered as the new reference for the
vectorial representation of each document of the WePS-2 collection. In Figure 5
we may see an overview of the proposed approach.

Formally, given a set of k reference vectors, {71, 73, , 74}, and the vectorial

representation of a document d (7). We defined the fingerprint of ? as shown
in equation (5).

k
nd)=S 7. (5)

i=]

The specific features used in the vectorial representation of the documents
are the ones explained in Section 3.
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Fig.5. The new vectorial coordinate system used on the implemented hash-based
function for fingerprinting.

5 Experimental results

Besides the evaluation of the WePS-2 collection, we performed a set of exper-
iments over the training and test dataset of the WePS-1 collection (see [1] for
a complete description of these datasets). The obtained results are presented in
Tables 1, 2 and 3, respectively.

In these tables we may see the following set of metrlts used to evaluate the
performance of the implemented system:

BEP: BCubed Precision

BER: BCubed Recall

FMeasure 0.5.BEP-BER: F-measure of B-Cubed P/R with alpha set to 0.5

FMeasure 0.2 BEP-BER: F-measure of B-Cubed P/R with alpha set to 0.2

P: Purity

IP: Inverse Purity

FMesure_0.5_P-IP: F-measure of Purity and Inverse Purity with alpha set to
0.5

FMeasure_0.2_P-IP: F-measure of Purity and Inverse Purity with alpha set to
0.2

For more details about the evaluation metrics please refer to [5]. The baselines
and the rationale for F-measures with alpha 0.2 are explained in the WePS-1
task description paper [1].

We have tested the two approaches that result from selecting features by using
entropy and conditional probability on each category. We may see (Tables 1, 2
and 3) that the implemented approaches obtained a performance comparable
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with two of the proposed baselines, ALLIN_ONE and ONE_IN_ONE, with a
document similarity threshold (¢) equal to 0.4.

Although, some of the implemented approaches obtained acceptable results in
comparison with the baselines, in the case of the WePS-1 test collection, we could
not outperform one of the proposed baselines. We consider that the expected
document distribution over the final clusters has played an important role on the
obtained results, since the presented algorithm of fingerprinting usually assumes
a uniform distribution of documents over the discovered clusters.

The evaluation of the experiments carried out shows that the implemented
technique could have a positive impact in the analysis/indexing of huge volumes
of information. However, the feature set for all the documents in the WePS
framework needs to be further investigated.

As future work, we would like to experiment on feature selection in order to
clearly benefit the construction of the reference vector set. We are considering
the use of other supervised classifiers in order to extract the most important
features of the WePS collection.

Finally, we would like to analyse the use of new hash-based functions and
new document representations which consider characteristics other than those
based on term frequencies.

Table 1. Evaluation of the WePS-2 test dataset.

FMeasure_0.5|FMeasure 0.5
run L BEP|BER| BEP-BER P-IP IP| P
ALL_IN_ONE_BASELINE |0.43| 1.0 0.53 0.67 1.0 [0.56
COMBINED.BASELINE (0.43| 1.0 0.52 0.87 1.0 [0.78
ONEIN.ONE_BASELINE| 1.0 (0.24 0.34 0.34 0.24| 1.0
Entropy 0,46] 0,9 0,54 0,65 0,94(0,57
Conditional probability 0.44]1.00 0.53 0.67 1.00{0.56

Table 2. Experimental results with the training dataset of the WePS-1 collection.

FMeasure_0.5|FMeasure 0.5
run BEP(BER| BEP-BER P-IP IP| P
ALLIN_ONE_BASELINE |0.54| 1.0 0.64 0.75 1.0 |0.65
ONE_IN_ONE_BASELINE| 1.0 |0.34 0.45 0.46 0.35( 1.0
COMBINED_BASELINE |0.48] 1.0 0.60 0.9 1.0 |0.82
Entropy 0.570.93 0.65 0.61 0.96/0.50
Conditional probability 0.54(0.99 0.65 0.61 1.00|0.48
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Table 3. Experimental results with the test dataset of the WePS-1 collection.

FMeasure_0.5|FMeasure_0.5
run BEP|BER| BEP-BER P-IP IP| P
ALLIN_.ONE_BASELINE |0.180.98 0.25 0.4 1.0 |0.29
COMBINED_BASELINE |0.17|0.99 0.24 0.78 1.0 |0.64
ONEIN_ONE_BASELINE| 1.0 {0.43 0.57 0.61 0.47| 1.0
Entropy 0.21]0.92 0.30 0.36 0.9610.25
Conditional probability 0.18]0.98 0.25 0.36 1.00]0.25

6 Conclusions

We implemented a hash-based function in order to uniquely identify each doc-
ument from a text collection in the framework of the Web People Search task.
The hash collisions were interpreted as similarity degree among the target doc-
uments. In this way, we constructed an algorithm which only takes into account
the local features of each document in order to index/cluster them. The experi-
mental results over the WePS-1 test and training datasets showed an acceptable
performance of the proposed algorithm. However, the proposed reference vector
for the fingerprinting-based model did not help too much when evaluating with
the WePS datasets. The proper construction of reference vectors for the auto-
matic and unsupervised classification of people names in the Web needs to be
further investigated.
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