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ABSTRACT

The need to monitor a person’s web presence has risen in
recent years due to identity theft and lateral surveillance
becoming prevalent web actions. In this paper we present a
machine learning-inspired bootstrapping approach to mon-
itor identity web references that only requires as input an
initial small seed set of data modelled as an RDF graph.
We vary the combination of different RDF graph matching
paradigms with different machine learning classifiers and ob-
serve the effects on the classification of identity web refer-
ences. We present preliminary results of an evaluation in
order to show the variation in accuracy of these different
permutations.
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1. INTRODUCTION

The modern web user has a presence on the web which is
accessible through search engines and web gateways. This
increased presence has lead to unwanted by-products such
as disseminating personal information without a person’s
knowledge. As a result the online privacy of a person is
reduced and has lead to a rise in activities such as lateral
surveillance [1] and identity theft. In order to address these
issues personal information describing a given person must
be found so that the correct actions can be taken (i.e. Re-
moving the information). Such is the scale of the web, au-
tomatic methods are required to monitoring identity web
references (web pages which contain a reference to a given
person).

In this paper we present an application of self-training in
order to learn to classify identity web references of a given
person. Self-training is a type of semi-supervised learning
which iteratively learns, and improves, a classifier from la-
beled training data. We address one of the hard problems
in machine learning, the lack of training data, by adopt-
ing a bootstrapping technique to build a classifier from very
little seed data. We model web resources (ontologies, web
pages, XML feeds) as RDF graphs describing the underly-
ing knowledge in the resource. This enables features of the
learning instances to be modeled as RDF instances from the
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Figure 1: An approach of learning to classify identity
web references

RDF graph and permit the variation of the feature similarity
measure used. Figure 1 presents an overview of the approach
which is divided into two areas: Seed data generation and
learning to classify.

2. GENERATING SEED DATA

Our approach uses three sets of data; the positive set, the
negative set and the universal set which we refer to as P,
N and U respectively. The positive set contains correct
identity web references, the negative set contains web pages
which do not contain an identity reference and the universal
set contains web pages which are unlabeled and yet to the
classified.

It is now common for the majority of web users to have
more than one account or profile on the social web, such pro-
files contain useful information describing a person’s identity
which can then be utilised as seed data for our approach.
Therefore, we compile seed data by extracting information
from platforms on the social web, returning XML, and lifting
this to RDF thereby producing a social graph. The social
graph contains social network and biographical information
modeled using the FOAF ! and GeoNames? ontologies. We
link together several social graphs from different social web
platforms thereby forming a complete identity representa-
tion of a given person [4], which is added to P. We then gen-
erate RDF models for resources linked to the person within
the social graph (i.e. Homepage, blog, work page) and add
them to P.

"http:/ /xmlns.com/foaf/spec/
Zhttp://www.geonames.org/ontology/



Using the person’s name as the query, we populate U by
searching the web through Google and Yahoo and the se-
mantic web through Watson® and Sindice7?. RDF mod-
els are generated for each web resource in the results using
GRDDL [3] should the resource contain lowercase semantics
such as RDFa or Microformats. If the resource contains no
such semantics, a person name gazetteer is employed to find
the occurrence of a name within the page and use a window
function of 50 tokens either side of the name to find contex-
tually relevant information; email, webpage, location, etc.
At this stage in the approach P is relatively small wheras U
is large (as it contains many web pages to be classified).

Negative examples are selected from the universal set using
a similar strategy to the one described by Yu et al in [5]:
A list of positive features is compiled from instances in the
positive set. All instances from the universal set are then
filtered out that contain any strong positive features from
the list, leaving instances that contain no positive features
and are therefore more likely to be strong negatives. We
constrain the size of the negative set forcing it to be roughly
the same size as the positive set, both in the number of
instances and the number of features within those instances.

3. LEARNING TO CLASSIFY

Knowledge within each instance in P, N and U is repre-
sented semantically as an RDF model. As we follow the intu-
ition that a given person will co-occur on the web with mem-
bers of his/her social network, we use instances of foaf:Person
found within the model as features. We are able to vary the
similarity measured when the foaf: Person instances between
three methods: Jaccard Similarity (graph edit distance) [2],
Inverse Functional Property matching (detecting equivalent
unique resources in either graph) and RDF Entailment® (de-
tecting triplesets from one graph subsuming the tripleset of
another graph). We map the instances in P, N and U into
a dataset that is compatible with the input of any of the
learning algorithms (Naive Bayes, Support Vector Machines
and Perceptron). Naive Bayes extracts the conditional prob-
abilities from the information in the dataset, and SVM and
Perceptron build their separating hyperplanes by optimiza-
tion also based on the information in the dataset.

Our self-training strategy begins by first using the seed data
to train a classifier, at this stage the size of the sets are rela-
tively small. We classify instances from U using the trained
classifier and rank the instances based on their classification
confidence. We then choose the strongest positive instances
and the strongest negative instances from U according to
rankings, and enlarge P and N respectively whilst removing
those instances from U (as shown in figure 2). The process
is repeated by retraining the classifier and reapplying it to
U until U is empty.

4. PRELIMINARY RESULTS

Evaluation of the approach has been completed for 20 mem-
bers of the semantic web and web 2.0 communities. For
each participant 9 different permutations of classifier (Naive

3http://watson.kmi.open.ac.uk/WatsonWUT/
“http://www.sindice.com
http://www.w3.org/TR/2004/REC-rdf-mt-
20040210/#-entail
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Figure 2: Initial training sets iteratively enlarged
using resources with the strongest confidence scores

Bayes, Perceptron and SVM) and RDF graph similarity
measure were tested and the derived classifications were
compared with a manually created gold standard for each
test participant using the information retrieval measures;
precision, recall and f-measure.

Table 1: Classification results of a combination of
machine learning classifier and RDF graph similarity

measure
Classifier

Perceptron

Sim’ Measure | Prec’ | Reca’ | F-Meas’
Jaccard 0.943 | 0.319 0.427
IFP 0.817 | 0..386 0.453
Entailment 0.516 | 0.652 0.459
Jaccard 0.887 | 0.433 0.521

Naive Bayes

IFP 0.743 | 0.433 0.477

Entailment 0.621 | 0.669 0.577

SVM Jaccard 0.891 | 0.429 0.517
IFP 0.795 | 0.435 0.477

Entailment 0.680 | 0.704 0.634

The preliminary results (shown in table 1) indicate that
Perceptron and Jaccard similarity produce the most per-
mutation results whereas SVM combined with Entailment
yields the highest recall and f-measure score. In terms of
the intentions of our work we wish achieve accurate classi-
fications whilst maximizing data coverage, therefore based
on the preliminary results our chosen permutation of clas-
sifier and similarity measure would be SVM combined with
Entailment.
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