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Abstract
The person name information extraction system generally 
mines the person in query and their specific personal featured 
information(occupation, DOBetc). One issue anticipated in such 
system includes ambiguity of person names and feature extractions. 
To resolve this issue we employ agglomerative clustering that 
that will cluster features that share a similarity matrix and thus 
helps to find the target person and relevant personal details.This 
paper clearly portrays how this clustering technique is an effective 
measure amongst other.
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I. Introduction
Clustering is an unsupervised learning data mining technique that 
place data elements into related groups without advance knowledge 
of the group definitions. The principle of clustering depends on 
the concept of distance metric or similarity metric because of the 
ambiguity of personal names. In this paper, a fairly comprehensive 
comparison of various clustering techniques is presented that can 
be helpful in analysis for person name disambiguation systems.
In person name disambiguation system features being extracted 
are of two type’s document-level features and global level 
features. Bagga, Amit. & Baldwin, Breck in [6] clearly says, 
a user should examine information about a particular entity 
from multiple text sources at the same time using unsupervised 
approach [7]. This helps to extracts structured information such as 
entities, relationships between entities, and attributes describing 
entities and thereby determines their relevance. After features 
are examined, clustering is performed on web pages. With the 
immense amount of information available on the WorldWide 
Web, mining provides the results in order of highest relevance 
to the keywords in the query. Henceforth it is crucial to select 
interesting clustering techniques throughout huge volumes of data. 
This paper presents a survey of different clustering techniques for 
person name disambiguation system. We believe that the results 
of this evaluation will help decision maker for making important 
decisions for personal information extraction.

II. Analysis of Clustering Techniques

A. Clustering Using Web GUI Annotators [1]
Web GUI Annotators were requested to manually group the search 
results of clustering so that each group contained all and only 
those documents referring to one of the individuals sharing the 
ambiguous name. 
In an extensive study of the different families of clustering metrics 
[9] found that B-Cubed [6] metrics are the only ones that satisfy 
four intuitive formal constraints on evaluation metrics for the 
clustering problem. The original B-Cubed definition was extended 
to handle overlapping clustering.
B-Cubed metrics independently compute the precision and recall 
associated to each item. The precision of one page represents 

the total number of pages in the same cluster that belong to the 
category.Similarly, the recall of one page represents how many 
pages from its category appear in its cluster. First step was to 
extend it to represent the correctness of the relation between two 
pages in an overlapping clustering. This can be measured in terms 
of precision and recall between two pages as depicted in Eq (1) 
and (2).

  (1)

  (2)
The next step is integrating multiplicity precision and recall into 
the overall B-Cubed  metrics to finally get an extended B-Cubed 
precision and extended B-Cubed  recall.

1. Merit
The new dataset has a much lower ambiguity and there is higher 
number of discarded documents.

2. Demerit
The selection of an appropriate threshold is a challenging issue.

B. K-Means Clustering Using Web Snippets [2]
In this K-means clustering model clusters both bag of words 
as features and various augmented feature sets are chosen to 
reduce ambiguity for person name search. Pearson’s correlation 
coefficient is chosen for measuring distance.The weight is the 
frequency of their respective words in the document. 
Initially clustering was done based on the web snippets retrieved 
when target person name is queried. These web snippets 
performances were improved through lexical transitivity. K-means 
will cluster all the documents using this transitive bridge as shown 
in fig. 1.
Secondly clustering on trivial baselines namely singleton, one 
cluster and random. Later K-means is applied on bag of words 
model, part of speech tag features with an intuition that expressive 
words and content bearing words gets selected to reduce 
disambiguity of target person. Next clustering is performed on 
rich features using gazetteer and lastly by combining Snippets 
and rich features together.

 
Fig. 1: Clustering using Web Snippets
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1. Merit
Significant empirical gain on the training data

2. Demerit
The value of K actually performs worst on the test data.

C. Bottom-Up Centroid Agglomerative Clustering [3]
In this method, each document is assigned a vector of automatically 
extracted features. At each stage of the clustering, the two most 
similar vectors are merged, to produce a new cluster, with a vector 
equal to the centroid of the vectors in the cluster.
Variant methods were used to generate the vectors like baseline, 
most relevant words, basic biographical features, extended 
biographical features.
In this type of clustering the most analogous pages are clustered 
first and outliers are assigned at the top level of the cluster tree but 
are less discriminative than the roots. Therefore a tree refactoring 
is performed which pick out and utilize seed clusters from the 
entire clusters.
During refactoring, relatively large and high precision clusters are 
determined and they are used as seeds for the next stage.

1. Merits 
The categorical data support person name with higher • 
confidence and greater accuracy than via simple context 
vector-style features alone
Pattern generations are more flexible, portable and scalable, • 
and yield potentially higher precision and recall.

2. Demerit
When people with identical names indeed share the same field, 
greater effort has to be provided for disambiguating using 
contextual features.

D. Agglomeratively Resolve Mentions Using Language 
Independent Entity Context [4]
In unstructured text, each document provides a context. Once 
clearingof extraneous markup is done within-document co-
reference resolution is carried, which aggregates information about 
each entity mentioned in each document. These entity attributes 
are used as features to find which documents deal with the same 
entity.
Cross-document entity disambiguation relies on one perception: 
an entity can be distinguished by the company it keeps. 
Co-occurrence with a common name provides less indication that 
two mentions correspond to the same entity than co-occurrence 
with an uncommon name. In this context it can be said that query 
names other than in a text corpus have higher frequencies. This 
would causeINF weight to incorrectly estimate the importance of 
any token; to balance this additional documents are added to the 
disambiguation run which reduces this effect and brings frequency 
counts to more realistic levels. 
This process of cross-document entity disambiguation is 
performed repeatedly to find a pair of entities, comparing them, 
and merging them if the score exceeds some threshold. A set of 
keys are calculated based on lexical similarity and compare only 
entities that are matches.

1. Merits
Does not require any filter on mentions• 
Used for large collection of documents• 
Deals with mentions that is a reference to an entity such as a • 

word or phrase in a document rather than documents.

2. Demerit
Performance degrades because of extraneous text, long lists of 
entities, and the issue of finding the correct document to parse.

E. Hybrid Clustering [5]
A hybrid approach as stated in [8]is a combination of both 
hierarchical divisive approach and partitioning. It overcomes the 
weakness of partitional clustering that is instability in clustering 
due to initial random centroid selection. It begins with a single 
cluster and at each iteration it selects single cluster whose bisection 
optimizes the given function. The resultant cluster is then bisected 
using K-means with K=2, as criteria function maximizes the 
similarity between instance and centroid of the cluster.
Significant bigrams are clustered. It is judged by measuring 
the log-likelihood ratio between the two words. Bigrams are 
represented in a matrix form. Row represents the first word in 
the bigram and column the second word. Each cell denotes the 
log-likelihood ration of the bigram. The matrix so formed is sparse. 
It’s then reduced by employing Singular Value Decomposition. 
This reduced matrix is used to create second order context vectors 
that represent instances to be clustered.

1. Merits
The resultant matrix will have very few zero values. • 
It reduces thewords that make up the columns from a word • 
level feature  space into a conceptlevel semantic space.

III. Efficient Clustering With Single Linkage
The clustering task, which is also called personal name 
disambiguation, groups the web pages according to whether the 
given personal name occurring in that web page refers to the same 
person in reality.
Agglomerative clustering with single linkage is employed on the 
combination of similarity matrices derived for each of the features 
extracted. Evaluation is done based on two scoring algorithms 
namely B-cubed [2] and purity-based scoring [1]. Generally 
parameter of clustering has a great impact on the final performance. 
To avoid this best F score is selected for each personal name, 
feature model and scoring. Thus clustering runs with all possible 
stop-thresholds and the one with the best F score is selected. F 
score is calculated by the combination of precision/recall with 
0.5 weights.
An overall optimal fixed stop-threshold for clustering is acquired 
from the training data and it shows better performances by 
incorporating more features. 
The disambiguation system performs best in the clustering 
evaluation with both scoring algorithms.

1. Demerit
Sensitivity to parameter settings of clustering results in a 
performance with inconsistent changes for some feature models 
only.

IV. Comparative Study of Varing Clustering Techniques
A comparison is made as shown in Table 1 for different clustering 
approaches with their performance level, merits and demerits.
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Table1:Comparison Table 
Technique Performance Merits Demerits

Overlapping 
Clustering 
With Web GUI 
Annotators [1]

High
Lower 
ambiguity

Selection of  
appropriate 
threshold is 
challenging

Bottom-Up 
Centroid 
Agglomerative 
Clustering [3]

Medium

Pattern 
generations 
flexible, 
portable, 
scaleable,higher 
precision and 
recall

Needs greater 
effort for 
disambiguating 
using contextual 
features

Clustering 
Agglomeratively 
similar names to 
entities [4]

Medium Does not require 
any filter

Performance 
degrade because of 
extraneous text,

Hybrid Clustering 
[5] Medium

It reduces words 
from word level 
feature space to 
concept level 
semantic space

-

Agglomerative 
Clustering With 
Single Linkage High

Works best 
with B-cubed 
and purity 
based scoring 
algorithms

Sensitivity to 
parameter settings 
results in an 
inconsistent change 
for some feature 
models.

V. Conclusion
This paper discusses various clustering methods to solve ambiguous 
name in personal name information extraction. It highlights each 
approach, its strength or weaknesses. Thus it ends up with an 
assurance thatclustering with single linkage is a useful source 
for the evaluation and analysis of personal name disambiguation 
system more accurately.
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