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Abstract

In Today’s World Policy networks are used by
economists and political scientists .They want to
explain various financial and social phenomena, such
as the development of partnerships between political
entities or institutions from different levels of
governance. The analysis of policy networks demands a
series of arduous and time-consuming manual steps
including interviews and questionnaires. We estimate
the strength of relations between actors in policy
networks using features extracted from data harvested
from the web. Features include webpage counts,
outlinks, and lexical information extracted from web
documents or web snippets. In this paper we approach
is automatic and does not require any external
knowledge source, other than the specification of the
word forms that correspond to the political actors. The
features are evaluated both in isolation and jointly for
both positive and negative actor relations. Correlation
of up to 0.74 is achieved for positive relations.

Keywords— Policy Network, web link, web Documents,
correlation, mean square error.

1. Introduction

Policy networks are one well defined domain for
research. Political scientists use policy networks to
investigate social and financial phenomena, especially,
the evolution of relations between actors and the
effectiveness of policies toward the formation of
partnerships among actors. This is achieved by

reference to the structure of networks in a given policy
field at different phases of policy development. A
policy network can be described by its actors, their
linkages, and its boundary [2]. Policy networks consist
of a set of public and private actors and a number of
linkages between them that serve as channels for
communication and the exchange of information,
expertise, trust, and other policy resources. The
network boundaries are not primarily determined by
formal institutions but rather by functional relevance
and structural embeddedness [2].

Policy networks are identified through a manual
procedure performed by experts. Identifying actor’s
links, and boundaries, i.e., analysing a policy network’s
structure requires refined techniques and extensive and
time-consuming manual collection of data through
interviews and questionnaires. During the manual
identification of networks, many subjective factors may
be present, because this procedure relies strongly on the
human subjects that participate in the interviews. Such
factors include personal opinions, the person’s
willingness to participate, and even cultural issues.

Overall, policy network identification currently
requires a “large scale investment” that does not always
“lead to breathe taking empirical and theoretical
results” [2]. When lacking the resources for data
collection and network analysis, political scientists
often revert to qualitative analysis or construct the
network topology using their intuition, significantly
limiting the evidence-based validation of their results.
We have presented different methods to overcome
issues related efficient automatic extraction of policy
networks. Recently we have studied the method
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presented in [1]. In this method author presented an
algorithm for the automatic extraction of policy
networks using information collected from the web.
Here we are discussing more about this method
presented in [1], because in this project we are later
going to improve this method. In [1], the degree of
relatedness (strength of link) between policy actors in a
network is computed using three types of features on
documents or snippets downloaded by web search
engines, namely: 1) the frequency of co-occurrence for
each pair of actors (in web documents), 2) the lexical
contextual similarity between snippets of web
documents in which the actors appear, and 3) the co-
occurrence of hyperlinks present in web documents that
contain the actors. For each type of feature and for their
combinations, a variety of similarity metrics are used to
estimate the link strength for each pair of actors. This
presented approach in [1] was not intended to substitute
expert knowledge, but rather it should be viewed as a
low-cost, semi-automated computational tool that can
significantly support and enhance policy network
analysis. The proposed method aims to be efficient and
reduce human biases.

2. Literature Survey

In the literature we have presented different methods
and approaches those are used for political -dataset
analysis. More specifically, political analysts have used
text mining to analyse electoral campaigns, identify
voters’ profiles, determine ideological positions, code
political interaction, and detect political conflict’s
content [3], [4]. Textual data mostly consist of political
manifestos, but transcribed speeches and political
statements are also used. In [5], [6], the
WORDSCORES system is proposed that extracts
economic and social policy dimensions based on word
frequencies from manifestos.

Similarly, the WORDFISH system [7] mines policy
dimensions of parties and estimates their uncertainty
over time using word frequencies from manifestos.
Opinion mining is an active research area that is also
relevant to political scientists. Opinions can be mined
from text, blogs or from transcribed speech, e.g., [8].
Important research questions include the selection of
lexical features (words and terms), the scores assigned
to each term, as well as, the computational model used
to combine the evidence, e.g., [9]. In [10], lexical
features are combined with social information extracted
from blog to classify political sentiments during the
2008 US Presidential election.
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In [11], opinion mining techniques (including lexical
feature selection) are applied to the analysis of political
conflicts.Regarding social network analysis, political
analysts have used network analysis to study formal
and informal interactions. Policy networks extraction
can be considered as a special type of social networks
extraction, an active research area. The major steps in
the extraction of social networks are relation
identification [12], i.e., to identify whether two actors
are related, relation labelling [16], [17], assign an
existing relation to a category and the estimation of
strength [18], i.e., identify whether an existing relation
is weak or strong.

In [12], a network of experts with respect to certain
topics is constructed by estimating similarity of users
according to the frequency of co-occurrence of their
names in web documents. Similarly, in [19] web co-
occurrence of entities is used for creating a network of
research communities. In [13] web co-occurrences are
used for the extraction of social network of conference
participants; a machine learning approach is used to
classify each relation from a predefined set of relation
types. In [16], automatically extracted key phrases are
used to describe the relations between entities. E-mail
contacts are used as features in [21] to create personal
and professional relationship networks. In [23], social
networks are extracted and updated over time using
monolingual or multilingual news from articles. In
[17], social networks of entities are extracted using
posts from the blogosphere and the lexical context of
entity pairs is used to automatically label the relations.
In quoted phrases from novels are used to extract the
social network of the novel’s characters.In [1], author
estimated the strength of relations between actors in
policy networks using features extracted from data
harvested from the web. Features include webpage
counts, outlinks, and lexical information extracted from
web documents or web snippets. The proposed method
presented in [1] was automatic and does not require any
external knowledge source, other than the specification
of the word forms that correspond to the political
actors. The features are evaluated both in isolation and
jointly for both positive and negative (antagonistic)
actor relations.

3. Existing System

The method which is presented recently for the
automatic extraction of policy networks using the web
links and documents is nothing but first step towards
creating algorithms and tools useful to policy network
analysts, therefore there few limitations associated with
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this method [1]. The existing method presented in [1]
was evaluated on two case studies with good results
achieving correlation .of up to 0.74 for positive
relations. But it was shown that it is much harder to
extract negative relations, and hence only moderate
success was achieved for this task. Another problem
associated with this method was among the metrics
there was not a clear winner. A variety of parameters
such as data sparseness, actor name ambiguity,
Language, and relation type affect the performance of
the relatedness metrics. In addition to this it is required
to work over automatically identifying actors
participating in  policy networks and  their
lexicalizations.

3.1. Limitations of Existing Methods

Present method delivers good results for positive
relations extraction whereas worst in case of negative
relations extraction. This method and its performance
metrics not properly evaluation in order to claim the
efficiency of proposed approach.Several ambiguities
were presented.Lack of automatic identification of
actors.

4. Proposed Solution

In this approach we presenting improve method for
automatic actor identification of actors those are
participating in  policy networks and their
lexicalizations as well as Extraction of Policy Networks
Using Web Links and Documents. The main focus of
this work is to improve the performance for correlation
in case both positive as well as negative relation
extractions. In this project we are presenting the
framework which will automatically compute the
strength of relations between actors to automatically
create policy networks. Different features extracted in
this work that used information automatically extracted
from the World Wide Web. Specifically, we
investigated the use of page counts, lexical context, and
outlinks, as well as, their fusion, as potential features
for estimating relatedness between actor pairs. In
addition to this efficient technique is presented for the
automatically identifying actors participating in policy
networks and their lexicalizations.
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5. System Requirement & Specification

5.1. Software Requirements

Front End: Java
Tools Used: Eclipse/Net beans
Operating System: Windows 7

5.2. Hardware Requirements

Processor: Pentium IV 2.6 GHz
Ram: 512 Mb

Monitor: 15 Colour

Hard Disk: 20 GB

Floppy Drive: 1.44 Mb
Keyboard: Standard 102 Keys
Mouse: 3 Button

6. Conclusions

In conclusion, it is possible to automatically
compute the strength of relations between actors to
automatically create policy networks. A variety of
features were proposed and evaluated that used
information automatically extracted from the World
Wide Web. Specifically, we investigated the use of
page counts, lexical context, and outlinks, as well as,
their fusion, as potential features for estimating
relatedness between actor pairs. The proposed method
was evaluated on two case studies with good results
achieving correlation of up to 0.74 for positive
relations. However, it was shown that it is much harder
to extract negative relations, only moderate success was
achieved for this task. Among the metrics there was not
a clear winner. A variety of parameters such as data
sparseness, actor name ambiguity, language, and
relation type affect the performance of the relatedness
metrics. The automatically extracted networks were
also validated by political scientists and useful
conclusions about the evolution of the networks over
time were drawn.
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