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Abstract 

 
In this project, I developed a system which is able to disambiguate names. Currently, 

name disambiguation is done by using internal data - data which is included in the 

citation - as the only source of information. My system is one of the first to use external 

data, specifically web page contents to disambiguate names. It is able to solve both types 

of name ambiguity, several names referring to the same object and several objects having 

the same name. In this project, I also address challenges when extracting information 

from web pages. Details of the design, implementation and evaluation are presented in 

this report. 
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Chapter 1 Introduction 

Bibliography collections have been proven to play an important role in the 

research community. They are resources for researchers to search for relevant works, and 

to measure the impacts of publications and authors in the research community. We 

attempt to build an online Bibliography Gatherer which crawls through web pages in a 

particular domain to gather all the cited publications. For instance, the system crawls 

through all web pages in www.nus.edu.sg domain and try to capture all the publications 

from academic staffs and students in this domain. The bibliographies collected from the 

web pages are then processed and put into a bibliography repository. The system consists 

of the following three parts: a citation spider, a citation extractor and a citation 

disambiguator. The former two parts have been built previously. In this project, I focus 

on the third part, citation disambiguator. Integration of all three parts to build up a 

complete bibliography gatherer is a possible extension of this project. 

Current bibliography digital libraries such as Citeseer[1], the ACM Portal[2], and 

Digital Bibliography & Library Project (DBLP) [3] have created a large number of 

citation records. However, there is a difference in their gathering techniques and ours. 

They extract bibliography information from the publications text itself, while our 

approach is by crawling through internet and capture the citations from web pages. Hence, 

we can associate a URL and an HTML page for each citation record obtained. 

There are a number of problems which make gathering and keeping the 

bibliography repository consistent a challenging task. To name a few, various formats of 

citations, misspelling of words, various representations of author names and conference 

names are problems. It is important for us to resolve the ambiguous identity of citations 

and authors since a bibliography repository would create misleading information if it 

contains incorrect citations information. 

For instance, author Tan Chew Lim has approximately 190 conference papers. 

However, in citations on his own webpage, his name appears as “C L Tan”, while on one 

of his co-authors’ web page, his name is written as “Chew-Lim Tan”. This may cause a 

problem when one wants to retrieves all the citations belonging to Tan Chew Lim. He/she 

may get all the citations listed as works of Chew-Lim Tan, but not those listed as C L 
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Tan’s work. It is also a problem when one wants to rank the contribution of Tan Chew 

Lim, since his works are now divided into two smaller sets, his contribution would be 

under-judged. 

This thesis proposes an approach on name disambiguation using content of web 

pages.  

There are two types of name ambiguities, multiple string representations refer to 

the same entity and same string representation refers to multiple entities. Illustration for 

the former type is the example of author Tan Chew Lim earlier. An example for the 

second type of name ambiguity is author “Sanjay Jain”. In NUS, there is Professor Sanjay 

Jain in Department of computer science
1
. There is another Associate professor Sanjay 

Jain in University of Virginia, Economics Department
2
. 

In this thesis, I propose a system which can disambiguate both types of name 

ambiguity. 

Currently, there are a number of approaches to the problem of name 

disambiguation. However, they use internal data as the only source to perform 

disambiguation. Internal data refers to the information which is contained in the citation 

itself, including author name and co-author list, title of publication, venue and year of 

publication. My main contribution in this thesis is to propose an approach to perform 

author disambiguation using external knowledge, specifically content of web pages 

where the authors’ citations are obtained.  

In addition to performing author disambiguation, the result of my work can be 

applied to citation matching. Citation matching is the task of deciding whether different 

citations refer to the same paper. As in Figure 1., despite major differences in author list, 

publication venue and journal reference, the two citations very likely represent the same 

paper. 

                                                 
1
 http://www.comp.nus.edu.sg/~sanjay/ 

2 http://www.people.virginia.edu/~sj8n/ 
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Figure 1. Two citations refer to the same publication. 

The first observation is that citations within one web page belong to the same 

author. In addition to that information, the relationship of two authors is helpful in 

clustering the citations. Imagine for any given two web pages, each of which contains a 

set of citations and belongs to an author.  The relationship of author identity and sets of 

citations is depicted as follow.  

If the two authors are the same, the two citation sets belong to the same person.  

If the two authors are related, there is a high possibility that the two citation sets 

overlap. Citations on these two sets then can be assigned a probability indicating that they 

can be identical. 

If the two authors are totally different and unrelated, the two citation sets are 

mutually exclusive. 

I structure the whole thesis as follow. In Chapter 2, I’ll describe related works in 

name disambiguation. Chapter 3 presents the main features and algorithm used in this 

whole project. I’ll discuss about the evaluation process and the result of evaluation in 

Chapter 4. Finally, I’ll sum up the whole thesis and discuss about potential extensions in 

Chapter 5. 

 

 

 

 

 

Citation 1: Cui Hang, Ji-Rong Wen, T S Chua. Hierarchical indexing and flexible element 

retrieval for structured document. 25th (ECIR’03). Apr 2003. Italy. 73-87. 

 

Citation 2 : Hierarchical Indexing and Flexible Element Retrieval for Structured Document, 

Hang Cui, Ji-Rong W. and Tat-Seng Chua. 25th European Conference on Information 

Retrieval Research , Pisa, Italy, April 14 - 16, 2003, pp. 73-87 
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Chapter 2 Related Works 

Author disambiguation is a specific problem of a larger domain called object 

identity. There have been many discussions on similar problems such as record linkage, 

identity uncertainty, merge-purge, object matching, duplicate detection, name matching 

and data cleansing. However, I will not go into details of these problems, instead, I will 

introduce some of the works which are most related to our name disambiguation. 

So far as I know, most of the works proposed to tackle name disambiguation use 

merely internal data which is contained within the citation/author name itself. The only 

one work which takes advantages of external data is discussed in a recent paper by Yee 

Fan Tan et. al.[4] . Given an author string name X (representing a known k unique 

individuals) and a list of citations C containing the name X, their system identifies which 

citations are attributed to which of the k authors. For each citation c ∈  C, they query a 

search engine using the title of c as a phrase search to obtain a set of relevant URLs. Each 

citation c ∈ C is then represented by a feature vector, whose features are the relevant 

URLs and weighted by their inverse host frequency (IHF). Next, they compute the pair 

wise similarity of every two citations in C using cosine similarity. Finally, they perform 

hierarchical agglomerative clustering (HAC) on C using the similarity values to derive k 

clusters. The final clusters represent the k individual authors. They define IHF from the 

idea of inverse document frequency as follow : 

If a hostname h has frequency f(h), then its IHF is computed as 

IHF(h) = log2 

1  f(h)

  1  f(h)max 

+

+
 + 1 

This approach is relatively fast, simple and efficient. Since this approach uses 

external knowledge to do classification, it can be combined with other approaches which 

use internal knowledge to yield better performance. 

The few fundamental methods for record disambiguation are discussed in [5]. The 

metrics are designed to identify approximate duplicate string representations that refer to 

the same object entity. In this paper, the following metrics are examined:  

� Levenstein distance : this is the basic edit distance measurement. I will use 

this edit distance measurement in my system. 
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Let the edit distance between the first i letters in string s and the first j letters in 

string t is D(s,t,i,j). 

D(s,t,i,j) = min (  D(s,t,i-1, j-1)  if s = t and you copy si to tj 

      D(s,t,i-1,j-1)+1  if you substitute tj for si 

      D(s,t,i,j-1)   if you insert the letter tj 

     D(s,t,i-1,j)   if you delete the letter si 

)  

� Needle – Wunsch distance : This is the extension to Levenstein distance. 

Instead of assigning cost 1 to all edit operations, this metric defines different costs for 

insertion, deletion and substitution. 

� Smith-Waterman distance: another variation of the basic edit distance 

where it costs less to performed operations on.mismatching text at the beginning and end 

of strings. 

� Affine gap cost extension: defines higher costs for insertion of the first 

character and lower cost for insertion of subsequent characters. 

� Jaro metric : based on the number and order of common characters 

between two strings. Given two strings s and t, define c to be common in s,t if si=c, tj=c, 

and |i-j|< 
2

|)t||,smin(|
. Let t’ be the characters in t that are in common with s, and s’ be 

analogous. Ts’,t’ measures the number of transpositions of characters in s' relative to t'. 

Jaro metric is defined as : 

Jaro(s,t) = 






 −
++

|'|*2

','|'|

||

|'|

||

|'|

3

1

s

tTss

t

t

s

s
 

� Jaro-Winklers metric. This extension of Jaro metric modifies the weights 

of poorly matching pairs s, t that share a common prefix 

Some of the token-based and hybrid metrics are discussed as well. I will not 

present their details here. Detailed explanation and equations can be referred in [5]. 

� Jaccard similarity: Jaccard(S,T) = 
||

||

TS

TS

U

I
  where S, T are set of tokens 

� Term frequency – inverse document frequency ( TF-IDF ) 

� Cosine similarity 
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Although these computation metrics are useful in the sense that they are the 

fundamental blocks for better disambiguation systems to build on, they have a set-back. 

These metrics use merely the name string itself. They do not make use of the context 

around the name string such as other citation fields, including co-author list, publication 

title, publication venue and year. 

Another work which tries to disambiguate a pair of records referring to the same 

entity is discussed in [6]. This work did not really propose any new method to solve the 

problem, it instead discussed about a system, ALIAS, to help human reduces the manual 

effort to decide good similarity functions. A similarity function computes the similarity 

match between any two records and is a critical factor in any learning-based name 

disambiguation system. ALIAS accepts training data and a set of pre-defined similarity 

functions as input. After a few iterations of interactively training the classifier, with the 

aid of user to check whether labels are corrects, a disambiguation function is output. This 

disambiguation functions provides the best way of combining and thresholding the 

attribute similarity scores. Although this system is able to automatically select good 

similarity functions, it still needs human interaction.  

One of the early works which take advantages of the context of author name, such 

as citation fields, is done by Han et.al [7]. In this work, Han et.al. investigated two 

different supervised learning methods, Naïve Bayes model and Support Vector machine, 

to identify different documents authored by the same name entity. In other words, this 

work is one of the few which are able to resolve the second type of name ambiguity. 

Naïve Bayes model can predict unseen features and capture the coauthoring pattern of an 

author. To classify a new citation, the citation is input with omission of the author, the 

Naïve Bayes model then tries to find a name entry in its citation database with the 

maximum probability of producing the citation. Support Vector machine considers each 

author as a class and trains the classifier for each author class. A weakness is that this 

approach needs to do unnecessary classifications. For example, we know that Dr. Kan 

Min Yen most probably does not author a graphics paper. However, for any new input, 

even a graphics paper, all the classifiers, including Dr. Kan’s, will do classification on it. 

[8] is one of the very few works which address both types of name ambiguities, 

same label refers to different authors and different labels refer to the same author. This 
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work proposed an unsupervised learning method called K-way spectral clustering. Name 

disambiguation is hence formulated as partitioning collections of citations into clusters.  

Each cluster contains only citations authored by the same author. The whole idea is to 

represent the set of citations by a large matrix and perform clustering by apply 

computation on this matrix. The interesting feature of this approach is that it does not 

need to do pair wise comparison. 

[9] proposed an interesting method to resolve the problem of same author being 

referred to by multiple name variants. Lee et. al. reasoned that doing pair-wise 

comparison between names takes very long time and is not scalable, since the 

computation cost would increase tremendously whenever the set of names grows. They 

therefore proposed a scalable clustering scheme for author disambiguation. Clustering 

means partitioning the author names into disjoint blocks where each block contains only 

similar items. Disambiguation involves two steps.  

The first step is to reduce the number of candidates via clustering, using some 

cheap computation metrics. The second step is to compare names pair-wise within each 

block. 

 

 

 

 

 

 

For two long lists of names, X and Y, doing pair wise comparison would cost 

time complexity of O(|X| * |Y|), while doing two-step comparison would take 

O(|X|+|Y|+|X|*|Bx|). Usually, |Bx| is much smaller than |Y|, so timing for two-step 

comparison is improved largely compared to pair wise comparison. 

Some of the cheap computation metrics they employed for clustering are 

discussed below. 

� Token-based: author names sharing at least one common token are 

grouped into the same cluster 

/* let Ca be coauthor information of author a; */ 

for each name x (∈ X), create a block Bx ( ∈ B);   

for each name y (∈ Y ) /* Step 1 */ 

assign y to all relevant blocks Bi(∈ B); 

for each block Bx (∈ B) /* Step 2 */ 

for each name z (∈ Bx) 

if dist(Cx,Cz) > φ , x and z are name variants; 
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� Spelling-based heuristic: iFfL : authors with same initial of first name and 

same last name are grouped together. 

� N-gram: author names with any N continuous common characters are 

grouped together. For instance, for the case of 5-gram, John Donald and 

Lee Ronald are grouped together since they share the common “onald” 

The second step is performed within each block. They measured the distance of 

two names via co-author information using some expensive but more accurate metrics, 

such as cosine similarity, Naïve Bayes mode and Support Vector Machine. 

� Naïve Bayes model : to calculate similarity between author x and y, they 

estimate the probability of each coauthor of x in terms of the Bayes rule. 

Then, they calculate the posterior probability of y by the probability values 

of the coauthors of x. Within each block B, for each author x, calculate the 

similarity between x and yi, where yi is an author in B. The author yj 

producing maximum posterior probability is considered to be duplicates of 

x.  

� Support Vector Machine : they represent co-author information of an 

author by a features vector. Their training and testing instances are pairs of 

authors. Possible labels are YES or NO, indicating whether the two 

authors are identical. They use SVM to classify the author-pair instances 

and conclude about author ambiguity based on the classification. 

� String-based distance : distance between author names are distance 

between their coauthor list. This paper used Jaccard, TFIDF, Jaro and 

Jaro-Winkler as the metrics to measure distance. I am not going into 

details of each metric, detailed equations are described in [9] 

In this work, the clustering and disambiguation steps make use of information 

associated with author name such as citation fields. The main features of this work are its 

scalability, its fast algorithm, since the system does not have to do redundant 

classifications, and its high accuracy. However, the approach uses only internal data and 

deals with only one type of name disambiguation (multiple labels refer to one name). 

In most of the above works, citations need to be segmented into fields and 

disambiguation is performed on fields. I propose an approach which makes use of web 
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page contents to disambiguate author names and my approach does not need field 

segmenting. Also my work solves both types of name ambiguity, different persons 

sharing the same name and multiple name variants of the same person. 
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Chapter 3 System Description 

3.1 Observations 

To disambiguate authors or find out the relationship among them, we can consider 

the following: 

• Compare the names. If the names are different, they are not likely the 

same person. 

• Compare their research interests. Identity of an author or relationship 

between authors can be inferred from their research interest. For instance, take the 

example of author Sanjay Jain mentioned in Related Work chapter. They both have 

the same name and similar titles (A/Prof.), yet we can tell them apart from their 

research. Author Sanjay Jain in NUS researches computer science whereas Sanjay 

Jain in University of Virginia researches economics.  

• Examine the connectivity of their web pages. In reality, co-authors of 

same papers tend to link to each other. Also, the same author may change his/her 

webpage and links from the new page to the old page or vice versa. Taking this fact 

into consideration, I propose a heuristic that if web pages of authors are connected to 

each other, there is some relationship between them. 

Base on the previous three observations, in my project, name disambiguation is 

computed using a heuristic combining these three scores. 

3.2 Methodology 

I analyze web page contents to compute the three scores that approximate the 

features mentioned previously: 

1. Name of author of the web page is captured by a name 

entity (NE) extractor; 

2. Similarity of research interests of authors are captured by 

measuring the string similarity of text on each author’s web page; 

3. Web page connectivity is measured by matching the URLs 

of each page with all outgoing URLs of the other page. 
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Detailed descriptions of the method and the system are discussed in the next part 

of the thesis. 

3.3  Problem Specification  

 

 
 

Figure 2. Over view of the whole system 
 

The system as a whole accepts URLs as input and output a classification of the 

relationship between authors of the web pages. I define three types of relationships: 

unrelated, related, and identical.   

1. Unrelated authors are authors who are unlikely to be in the same 

research area or co-author any publication.  

2. Related authors have the same research interests and likely to co-

author some publications.  

URL2 URL1 

Author1 Author2 

Page similarity 

measure 

Author names 

comparison URL connectivity 
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Set of outgoing 

URLs 

Set of outgoing 

URLs 
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author1 and 

author2 
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3. Identical authors refer to the same person.  

For example, with inputs http://www.comp.nus.edu.sg/~ooiwt/ and 

http://www.comp.nus.edu.sg/~kanmy/, my system is able to infer that these two authors 

are totally unrelated to each other. In reality, the two pages belong to two unrelated 

authors, Ooi Wei Tsang and Kan Min Yen respectively.  

In another case, feeding the system the following two URLs: 

http://www.comp.nus.edu.sg/~kanmy/pubs.html , which belongs to author Kan Min Yen, and 

http://www.comp.nus.edu.sg/~tanyeefa/research.html , which belongs to author Tan Yee Fan . 

From these two URLs, the system is able to infer that the two persons are related to each other. In 

fact, Yee Fan is Kan Min Yen’s student. 

Last but not least, inputs are http://www.comp.nus.edu.sg/~kanmy/pubs.html , and 

http://www1.cs.columbia.edu/~min/. My system is able to infer that the two authors of 

these pages are the same person. Both two pages indeed belong to author Kan Min Yen. 

3.4 Algorithm Walkthrough 

Inputs to the system are URLs. The system then uses an HTML retrieval software 

to retrieve HTML pages of those URLs. In this project, I use wget [10] as the HTML 

retrieval software. 

After I obtained the HTML pages, I perform a cleaning step which removes all 

HTML tags in the HTML files, leaving as clean contents as possible. HTML tag remover 

not only removes all HTML tags but also tries to keep the layout and content of the page 

as original as possible. Hence, whenever I encounter one of the follow tags, I put a return 

carriage: <br>, <p>, </p>, </title>, </head>, </li>, </td>, </tr>.  In addition, I decode all 

special characters, such as &nbsp;, &gt, into normal text. 

In order for the name entity extractor to work, input text must be in form of 

complete sentences. Therefore, the clean HTML pages are fed to a sentence splitter[11] 

to be analyzed and split into sentences, one per line.  

In actual text, punctuation may be written right next to the word and the POS 

tagger mistakenly identifies it as part of the word. I therefore separate the punctuations 

from the words, so that the POS tagger can tag more accurately. I employ mxTagger[12] 

to POS tag the text. 
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The result of all the above preprocessing procedures is fed into my NE extractor 

to be analyzed. Author name of the web page is to be captured from there. 

I used text based browser lynx with –dump option to list all the outgoing HTTP 

links from a web page. I then capture all outgoing links from this URL from standard 

output. 

Figure 3. depicts the steps involved in order to obtain author name, outgoing 

URLs as well as web page contents from the initial URL. 

       

 

Figure 3. Framework for NE extraction and URLs extraction 

 

 

3.5 Modules of the system 

As depicted in Figure 2., the whole system consists of three modules, namely 

author names comparator, page similarity measurer and page connectivity detector. 

3.5.1 Author names comparator 

This module does two sub-tasks, author name detection and author names 

comparison. 

Grab HTML 

HTML  
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For author name detection, the task is to capture name of the person which this 

web page is written about or belongs to. In a nutshell, this problem is a name entity (NE) 

detection problem. I follow descriptions in paper [13] with some modifications. The 

paper discussed a maximum entropy method to do NE detection. I used the features 

proposed in this paper and add some of my own. 

The features used are: 

1. POS tags of the previous and the following two tokens. A person’s name 

usually appears in certain context, for instance, after an adjective or before a verb. These 

features are meant to make use of this observation. 

2. Ten characters prefix and suffix of the current token. 

3. Whether the current token is inside <title> / <h1> / <h2> / <head> . 

In web home pages, author’s name usually appears in title or header of the page 

and preceded or followed by certain keywords such as homepage, Dr., or Prof. The prefix, 

suffix and isInTitle features capture this information into the model. 

4. POS tag of the current token. For instance, a verb or an adjective should 

not be a name. The POS tag of the current token indeed provides helpful information in 

deciding if the current token is a NE. 

5. Whether the current token is capitalized or fully uppercase. The intuition 

is that a person’s name starts with a capital letter.  

6. Whether the current token is in WordNet[14] lexicon. If this word is in the 

dictionary, it has lower probability to be a person’s name. 

7. Whether the current token is in a name database. If this word appeared as 

a name before, it is likely to be a name. The name database is compiled using all the 

names obtained from US Census Bureau
3
.  

As described in [13], maximum entropy is used to train the model. I train the 

model using my own annotated data, which consists of 411 home pages gathered from 

the DBLP[3] metadata. Detail of this dataset is discussed in Chapter 4. Because the 

number of non-NEs is so huge that it affects the learning model, I only pick certain non-

NE words as negative training instances. For every k non-NE words, I pick one as a 

                                                 
3
 http://www.census.gov/genealogy/names/ 
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negative training instance. I experimented and evaluated with k = 5, 7, 10. k=7 provided 

the best model.  

I use the maximum entropy implementation provided by Opennlp.Maxent [15] 

package to train the model. 

Once I have extracted all NEs in the webpage, I take the one that appears earliest 

on the page as the author. The reason is that an author of a homepage is usually 

mentioned at top of the page, either in the title or the header of the webpage. [ I 

experimented and take the NE that appears the most as the author name. However, it is 

not as accurate as picking the first NE as author. The reason is because performance of 

NE extraction is not high and there are cases where author’s name is mentioned only 

once at the top of the page and co-authors’ names are mentioned several times in the 

body text]  

Finally, I compare the names extracted from two web pages to see if the names 

are similar. Levenstein edit distance is suitable for short strings such as names so I use 

Levenstein edit distance to measure the distance between author names. Because length 

of names varies, it is difficult to judge whether two names are similar by examining the 

absolute edit distance. Hence, I use a normalized version, defined as 

Distance = 
namelonger   theoflength 

distanceedit  string
 

 

 

3.5.2 Pages similarity measurer  

Because co-authors usually have the same research interest and they often express 

their research interests on their own homepage. If we are able to capture their research 

interest information, we can infer the relationship between them. I measure string 

similarity between the texts and from that I infer the similarity between content of the 

pages. 

Figure 4. Illustration for computing normalized name edit distance. 

Name 1: Min Yen 

Name2 : M. Yen 

Distance = 0.2857142857142857 
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I use Jaccard similarity metric. Jaccard similarity metric is simple, computation 

effective for long text and does not impose penalty on the order of tokens. 

I want to capture the similarity in research interest of web pages, or in a more 

relaxed sense, the content of web pages. I thus want to filter out the decorations of web 

pages, and short phrases or clauses. The decorations of web pages are the texts which 

come as peripherals of web pages, including header, footnote, copyrighted note and 

navigation links. Short phrases or clauses include particulars of the author, such as 

telephone number, email address or office/home addresses. I prune out these content by 

removing lines with less than seven words. By observation, seven is usually the amount 

of words to form a proper sentence. Those lines with less than seven words are regarded 

as do not contain useful information. By doing this, I can also get rid of the problem 

caused by web page templates. People in the same organization may like to use the same 

template provided by the organization to build their web pages. If I do not remove the 

template of the web pages, all pages using the same template may get a high page 

similarity score. 

Some other pre-processing:  

• Convert every words into lower-case 

• Remove stop-words: a, an, the, this, that, these, those, on, in, at, and, or, 

but, of, for, about 

• Remove common words: I, my, mine, you, your, yours, he, she, his, her, 

him, it, its, they, them, their, is, are, was, were, have, been 

• Remove punctuations and single character words 

 

 

 

 

 

 

 

 

 

Figure 5. An illustrated computation of Jaccard similarity metric 

S =  My general research interests are in digital libraries and information retrievals. 

T = My research interests fall under the areas of digital libraries, natural language processing, 

information retrieval, human-computer interaction.  

S ∩ T = research-interests-digital-libraries-information-retrieval 

S ∪ T = general-research-interests-digital-libraries-information-retrieval-fall-under-areas-

natural-language-processing-human-computer-interaction 

Jaccard(S,T) = 
||

||

TS

TS

U

I
 = 

16

6
 = 0.375 
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3.5.3 Page links connectivity detector  

This module determines whether two pages are actually connected to each other.  

URLs are preprocessed by decoding special characters and removing ports. 

Let the set of outgoing URLs from URL1 be O1, the set of outgoing URLs from 

URL2 be O2. Two web pages are considered to be connected to each other if URL1 is in 

the same domain with any of the URL in set O2, or URL2 is in the same domain with any 

of the URL in set O2.  

Figure 6. illustrate my rules to detect whether any two URLs are in the same 

domain. In details, the steps are: 

1. Check hostname of the URLs, if the hosts are different, the URLs 

do not belong to the same domain. 

2. Check for ‘~’ sign in the URLs. In a URL, following this sign is 

usually a username. Compare the two user names from the two URLs, if 

usernames are different, or either one of the URLs does not have a ‘~’ sign, 

URLs do not belong to the same domain. 

3. If both URLs do not have ‘~’ sign, remove file names from the 

URLs and compare the paths left. Examples of file name include pubs.html, 

index.asp or index.html. If the paths are the same, the URLs are in the same 

domain. If the paths are not the same, the URLs are not in the same domain. 

Example. On Yee Fan’s webpage at 

http://www.comp.nus.edu.sg/~tanyeefa/research.html , there is a URL to Dr.Kan-Min 

Yen’s webpage http://www.comp.nus.edu.sg/~kanmy/ . Dr.Min’s publication page at 

http://www.comp.nus.edu.sg/~kanmy/pubs.html is considered to be connected to Yee 

Fan’s page because its base URL (http://www.comp.nus.edu.sg/~kanmy/) appears as one 

of the outgoing links from Yee Fan’s webpage.  
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Figure 6. Decision tree to detect connectivity between two URLs 

 

3.6 Combination of the modules 

The three modules are finally combined to disambiguate authors. Figure 7. is the 

decision tree to decide how two authors are related to each other. The decision tree is 

built up manually. 

The actual values of authVal, pageSimLow and pageSimHigh are discussed in the 

next chapter 
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Figure 7.  Decision tree to decide the relationship of two authors 
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Chapter 4 Result and Discussion 

4.1 Dataset 

To train for the name entity extractor module, I use the set of home pages 

extracted from DBLP metadata. Format of DBLP metadata file can be referred to in 

Appendix A. 

I ran through the whole DBLP metadata file and grab all URLs of home pages 

indicated in it. URLs of homepages are indicated in entries which contain the string 

key="homepages, I therefore search for these entries and collect the URLs between tag 

<url></url> . In total, I collected 411 homepage URLs. 

After obtaining the URLs and using wget [10] to gather all the home pages, I 

manually tagged them with markups for author and person names. Author of the web 

page is tagged between <AUTHOR> and </AUTHOR> while other names are tagged 

between <PERSON> and </PERSON>. Appendix B is a sample tagged home page. 

This dataset is good enough for me to perform training and testing on the author 

extraction module. However, to test for the whole system performance, I need more test 

data for different types of name ambiguity. More specifically, I need web pages which 

belong to different authors having the same name, web pages which belong to related 

authors, several web pages which belong to an identical author and web pages which 

belong to totally unrelated authors. When searching for web pages, I search for either 

home pages or publication pages in the same domain. For instance, 

www.comp.nus.edu.sg/~kanmy and www.comp.nus.edu.sg/~kanmy/pubs.html are both 

eligible. I therefore use page to denote both home page and publication page. 

In addition to the set of pages collected from DBLP metadata, I used Google[16] 

to search for pages of different authors having the same name. In total, I have 20 pages 

which belong to the following ten names : Hui Han (2), Dongwon Lee(2), Wei Cai (2), 

Stefan Naher and Stefan, N., Jian Li(2), Prasenjit Mitra(2), Murali Mani(2), Yu Chen (4), 

Zhenyu Liu and Zhen Liu. The number in parentheses indicates the number of pages 

obtained for that name. It is also the number of different authors having that same name. 

I used Google to search for different home pages of same author. Since it is 

difficult to find researchers having multiple home pages, my testing set for this type is 
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comparably small. The set consists of 18 home pages belonging to the following eight 

authors: Dongwon Lee(2), Dave Andersen(3), Kan Min Yen(2), John M. Carroll(2), 

Murali Mani(2), Dina Q Goldin(2), Robert K. Brayton(2), Nick Bassiliades(3). The 

number in parentheses is the number of pages obtained for that name 

I also used Google to collect web pages of related authors. From the author names 

obtained from DBLP metadata, I used Google to search for their co-researchers and their 

web pages. For this set, I collected 51 pairs of related web pages, which belong to 

approximately 100 authors. 

It is simple to create testing set for unrelated authors. Since the web pages 

obtained from DBLP metadata are not related to each other, I simply pair them up. 

However, since this set by far outweighs the previous three and it may impact largely on 

the accuracy measurement, I decided to take only a part of it. The final set consists of 

7271 pairs of web pages, which belong to approximately 120 authors. 

  

 

Identical 

authors with 

different 

names 

Related 

authors 

Unrelated 

authors 

Unrelated authors 

with identical 

name 

Total 

Number of Pairs 

of web pages 
12 51 7208 14 7284 

Number of 

authors 
8 100 120 20 130 

Source 
Google from 

Internet 

Google from 

Internet 

wget from 

DBLP 

metadata 

Google from 

Internet 
--- 

Table 1. Summary of data set 

 

4.2 Evaluation 

4.2.1 Author extraction 

The performance of my system depends partly on the performance of author 

extraction module. It is therefore important to understand how well the author extraction 

module works.  
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I used the 411-page DBLP set as training and testing dataset for my author 

extraction module. I do k-fold cross validation, with k = 10, to evaluate the performance. 

In k-fold cross-validation, you divide the data into k subsets of approximately equal size. 

You train the net k times, each time leaving out one of the subsets from training. You use 

the k-1 subsets to train the model and perform author detection on the remaining subset. 

As discussed in previous chapter. I implement name entity (NE) extraction 

following description in [13] . My implemented module is able to achieve recall 65.13% 

and precision 63.15%, compare to recall 67.17% and precision 72.83% of the original 

version in [13]. Since my data are web pages, which contain a large number of short 

clauses, phrases, and incomplete sentences, some of the features deemed helpful in [13] 

do not help much. That can explain the slight decrease in performance of my 

implemented NE extractor. 

 

 Recall Precision 

Dekai et al. NE extraction 

(Dutch test) 
67.17% 72.83% 

My NE extraction 65.13% 63.15% 

Author is most NE 49.2% 50.16% 

Author is first NE 62.24% 63.12% 

Table 2. Performance of author extraction module. 

 

I experimented with two heuristics of extracting web page author. The first 

heuristic is to pick the NE which appears the most on the page to be author. When there 

is a tie, the NE which appears earliest is chosen. The second heuristic is to pick the NE 

which appears earliest on the page to be author. 

Since the module almost always returns an author for every page, except cases 

where the NE extractor cannot detect any NE, recall and precision values are 

approximately the same. The second heuristic appears to perform better than the first one. 

The poor performance of the first heuristic can be explained by its dependence on the 

consistence of NE extractor. In order for this heuristic to work well, NE extractor needs 

to correctly detect all NEs on a webpage. As for the second heuristic, NE extractor only 

needs to work fine with the first section of the web page.  
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For instance, in author Kan Min Yen’s home page, NE extractor identifies Kan, 

Min Yen, and Min as the NEs. Although all of them should be grouped together and 

counted as having appeared three times, the author detector is not able to do that since the 

three strings are different. Also, NE extractor misclassifies common words such as Home 

and Research as NE. And since they are common in a web page, they are mistakenly 

chosen as the author name.  

Another advantage of the second heuristic is that I do not need to detect all NEs in 

the whole web page, which takes long time. It is much faster to perform NE detection for 

the first small section of a web page. Therefore, the second heuristic is chosen to be used 

in my final system.  

4.2.2 Whole system 

I constructed the decision tree as in Figure 7. in previous chapter. I experimented 

with different values of author name edit distance and page similarity to determine which 

combination of the values would yield the best result.  

For ease of expression, I refer to the value at author name edit distance node of 

the tree as authorVal. I use pageSimLow to denote the value at leftmost branch of page 

similarity node, and pageSimHigh to denote the value at rightmost branch of page 

similarity node. I use U (unrelated), R (related) and I (identical) to address the three 

classification labels. 

For the below results, I fix authorVal at 0.4 . It is reasonable for two strings to be 

different in approximately less than half of their content and still be considered as the 

same string. For instance, normalized edit distance between 'Kan Min Yen' and ‘Kan, M. 

yen'  is 0.3636 . In fact, I experimented with different values of authorVal but the results 

are similar and hence it is not interesting to discuss that here. 

Figure 8. depicts the accuracy performance of my system with different values of 

pageSimLow and pageSimHigh.  

  Accuracy = 
pairs of #

 pairs classifiedcorrectly  of #
 

Result shows that accuracy is proportional to pageSimLow. pageSimHigh has 

little impact on the accuracy performance of the system. This is due to the fact that 
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unrelated and related authors account for most of the dataset. Moreover, based on the 

decision tree, labels U and R are distinguished only by pageSimLow. Varying value of 

pageSimLow would then affect the classification of U and R, and affect the accuracy of 

the system. The system is able to achieve up to 96.5% accuracy, with pageSimHigh = 

0.22 and pageSimLow = 0.1 . 
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Figure 8. Accuracy measure for the whole system. 

 

I experimented and analyzed the performance of the system on different sets of 

data. Figure 9 and 10. reports the recall and precision achieved on the set of web pages 

which belong to identical authors. In other words, each author in this dataset has multiple 

home pages. There are a total of 12 web page pairs belonging to eight authors.  
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Figure 9. Recall measure for the case of identical authors having multiple web pages. 
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Figure 10. Precision measure for the case of identical authors having multiple web pages. 

 

The figures show that pageSimLow has little impact on the performance of my 

system on this specific set of web pages, while pageSimHigh affects significantly. 

pageSimHigh from 0.14 to 0.2 is the stable zone for recall. Best balance between recall 

and precision is at pageSimHigh=0.2 .  
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As pageSimHigh increases, less web page pairs have high enough page similarity. 

Therefore, less pairs are misclassified as identical, making precision become higher. 

However, if pageSimHigh is set high, the system may miss those which are actually 

identical, making recall decreases. 

There are a few problems observed. In some pages, NE extractor is not able to 

identify the correct author’s name. The author edit distance are thus miscomputed as very 

high, making the system to misclassify the pages to be related/unrelated instead of 

identical. There are also pages which have too little text. Page similarity of these pages 

with others is therefore very low, leading to inaccurate classification. 

For instance, both the following too web pages talk about Robert K. Brayton, 

http://theory.lcs.mit.edu/~iandc/Authors/braytonrobertk.html and 

http://www.eecs.berkeley.edu/~brayton/ . However, the former has very little text while 

the latter has a lot more. Their computed Jaccard similarity is 0.0236. My system 

mistakenly classifies them as unrelated. 

Figure 11. and  12 reports the recall and precision achieved on the set of web 

pages which belongs to co-authors. This set consists of a total of 51 web page pairs 

belonging to 100 authors.  

Higher pageSimLow causes lower recall and higher precision. Precision is low 

since the system misclassifies a number of unrelated authors as related. The main reason 

is that their page similarity is relatively high. Their web pages talk about similar research 

areas but they are not fellow researchers.  

For instance Paraskevi Raftopoulou at http://www.intelligence.tuc.gr/~paraskevi/ 

has research interests in Semantic Web, Efficient content sharing in P2P systems, 

Information retrieval, filtering and dissemination over wide-area networks, Adaptive 

systems for information retrieval using reinforcement learning, Multi-agent systems . 

And Vicenç Torra at http://www.iiia.csic.es/~vtorra/ has research interests in Information 

fusion and integration, Privacy preserving data mining / Statistical disclosure control 

and Security, Information retrieval and clustering, Fuzzy Knowledge Based Systems. 

Their research interests are not exactly the same but on their web pages, they have a large 

number of common keywords such as intelligent, information, and system. 
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Figure 11. Recall measure for the case of related authors. 

0%

1%

2%

3%

4%

5%

6%

7%

8%

0.08 0.1 0.12 0.14 0.16 0.18 0.2 0.22 0.24 0.26 0.28 0.3 0.32

pageSimHigh

Precision

 

Figure 12. Precision measure for the case of related authors. 

This problem can be solved by using a more sophisticated page similarity metric 

which also considers the order of words, such as n-gram measurement. 
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There are also problems that degrade recall performance. Low recall is due to 

misclassification of related as unrelated. As mentioned earlier, one of the problem is 

because there are pages with too little text. Another interesting problem is that there are 

pages which are not in the same language. For example, Krzysztof Trojanowski at 

http://www.ipipan.waw.pl/~trojanow/mainf.html and Przemysław Grzegorzewski at 

http://www.ibspan.waw.pl/~pgrzeg/ are co-authors. However, Trojanowski’s page is in 

English while Grzegorzewski’s is not. This causes their page similarity to be 0.0 . 

The values of pageSimLow and pageSimHigh that best balance recall and 

precision is pageSimHigh = 0.3, pageSimLow = 0.07 

Figure 13. and  14 reports the recall and precision achieved on the set of web 

pages which belong to unrelated authors. This set consists of a total of 7208 web page 

pairs belonging to 120 authors. Recall and precision do not depend much on 

pageSimHigh. In fact, in my experiment, recall and precision remain the same with 

different values of pageSimHigh ranging from 0.1 to 0.3 . Precision does not fluctuate 

very much whereas recall does. The best recall is 97.1% with pageSimLow=0.1, at which 

precision is 99.49%. 
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Figure 13. Recall measure for the case of unrelated authors. 
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Figure 14. Precision measure for the case of unrelated authors. 
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In summary, it depends on the type of classification that a suitable value for 

pageSimHigh and pageSimLow is chosen. 

 

 pageSimLow pageSimHigh Recall Precision Accuracy 

Identical person, 

different web pages  
0.05-0.1 0.2 63.636% 21.212% --- 

Related persons 0.07 0.3 45.01% 2.54% --- 

Identical name, 

different persons 
0.1 0.1-0.3 97.1% 99.49% --- 

Combined 0.1 0.26-0.3 --- --- 96.48% 

Table 3. Suitable values of pageSimLow and pageSimHigh with different types of 

classifications. 

4.3 Comparison with relative work 

The work that is closest to my project is Dongwon et. al.’s
 
[9]. Dongwon’s work 

employs an interesting idea of clustering the author names and performing pair-wise 

comparison within each cluster. This idea is the baseline idea for me to develop on. 

Currently, my system is designed to disambiguate authors, but in future, it can be 

extended to perform citation disambiguation. My system can classify authors into three 

categories, identical, related and unrelated. Then the set of citations gathered from each 

author’s website can be grouped together based on the relationship of authors. For 

instance, if two authors are classified as unrelated, their sets of citations must not be 

grouped together, whereas if two authors are related, their sets of citations should be 

merged together. This resembles the first blocking step in Dongwon’s scheme. The 

second step would be to disambiguate citations within each cluster. It is therefore 

important to understand how my system works compare to the system from Dongwon.  

In Dongwon’s work, they solve only one type of name disambiguation, multiple 

name variants refer to the same person. My system solves the same problem by 

classifying on the set of author having several home pages. I used the set of 12 web pairs 

mentioned in table 1 and measure the accuracy. 

My accuracy = 
pairs  webof # total

Identical as classified pairsauthor  #
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Consider two long lists of names, X and Y. Dongwon’s accuracy measurement for 

top-k authors is as follows. For each name x in X, their algorithm finds top-k candidate 

name variants in Y. If the top-k candidates indeed contain a name variant of x, then it is a 

match. Otherwise, it is a mismatch. This is repeated for all 100 names in X. Then, overall 

accuracy is defined as: 

Dongwon’s accuracy =  
100

matches of #
 

 

Their reported accuracy for k = 5 is approximately 98%. The highest accuracy my 

system can perform is 72.72% with authVal = 0.3, pageSimLow = 0.1 and pageSimHigh 

∈[0.1, 0.3] .  

 Accuracy 

Dongwon’s system 98% 

My system 72.72% 

Table 4.  Accuracy comparison of Dongwon's system and mine. 

 Although the performance of my system is lower than that of Dongwon’s, 

it is pretty encouraging for the first system which uses web page contents to do name 

disambiguation. The performance can be improved in future works. More details are 

discussed in the next chapter. 
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Chapter 5 Conclusion and Future Works 

I propose a name disambiguation system which uses web page contents to solve 

both types of name ambiguity, multiple name variants of the same person and multiple 

persons sharing the same name. Since citations on authors’ web pages can be grouped 

together accordingly to the relationship of authors, my work can be extended to a citation 

disambiguation system. 

My main contributions in this project are: 

• A working name disambiguation system which can be employed. 

The system performs an overall accuracy of 96.35% 

• An annotated set of home pages which can be used in other 

researches. In these homepages,  

o Author and person names are tagged; 

o All HTML tags are removed. 

• A set of searched web pages, consisting of: 

o Multiple pages belonging to the same person; 

o Home pages of people having same name; 

o Home pages of co-authors of publications. 

• Prove that external data is useful in name disambiguation 

However, one must be aware of the following challenges: 

o It is not easy to obtain an author name on a web page. 

o Not all web pages have direct links to each other, although 

they might have indirect links. 

o It is not easy to capture the exact research interest of a 

person from a web page. 

There are potential improvements which can be researched to boost up 

performance of my current system. Currently, the weakest module in my system is author 

extractor. Performance of this module needs to be improved so that it would enhance the 

performance of the whole system, especially in recognizing identical author having 

multiple web pages. Since the system may encounter pages having too little text, an 

improvement would be crawling to another page in the same domain to gather more 
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contents. The current system determines relationship between authors using a manually 

built decision tree. Performance might be better if the decision tree is learnt automatically, 

instead of by a human.  

Last but not least, my approach is complementary to approaches using internal 

data. My system can be combined with those approaches to obtain an improved 

performance.  
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APPENDIX 

Appendix A - DBLP metadata 
(dblp.xml) 

 

Two sample entries with homepages  

<www mdate="2004-03-25" key="homepages/a/DivyakantAgrawal"> 
<author>Divyakant Agrawal</author> 
<title>Home Page</title> 
<url>http://www.cs.ucsb.edu/~agrawal/</url> 
</www> 
<www mdate="2004-03-25" key="homepages/a/NogaAlon"> 
<author>Noga Alon</author> 
<title>Home Page</title> 
<url>http://www.math.tau.ac.il/~nogaa/</url> 
</www> 
 

An entry without homepage 

<inproceedings mdate="2002-01-03" key="conf/ds/Lee85"> 
<author>Ronald M. Lee</author> 
<title>A denotational Semantics for Administrative Databases.</title> 
<pages>83-120</pages> 
<year>1985</year> 
<booktitle>DS-1</booktitle> 
<url>db/conf/ds/ds85.html#Lee85</url> 
</inproceedings> 
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Appendix B - example of name-tagged home page 
( http://www.cs.ucsb.edu/~agrawal/ ) 

 
<AUTHOR>Divyakant Agrawal</AUTHOR> . 
<AUTHOR>Divyakant Agrawal</AUTHOR> ,  Professor . 
Room 3117 ,  Engineering I. Department of Computer Science . 
University of California . 
Santa Barbara ,  CA 93106-5110 . 
Internet :  agrawal@cs.ucsb.edu . 
Telephone :   ( 805 )  893-4385 . 
CS Phone :   ( 805 )  893-4321 . 
Fax :   ( 805 )  893-8553 . 
Ph.D. , Computer Science ,  SUNY at Stony Brook ,  1987 . 
M.S. , Computer Science ,  SUNY at Stony Brook ,  1984 . 
B.E . ( Hons. )  ,  Electrical Engineering ,  BITS ,  Pilani ,  India ,  1980 . 
Curriculum Vita :  PDF ;  Postscript . 
Research interests :  Database Systems ,  Transaction Processing ,  Distributed 
Systems ,  Fault-tolerance ,  Large Scale Information Systems ,  Image 
Databases ,  and Workflow Management . 
Research Laboratory . 
Distributed Systems Laboratory Selected Publications : 
Bibliography Server by <PERSON>Michael Ley</PERSON> @ Univesity of 
Trier ,  Germany . 
Professional Activities :   
Editor , Distributed and Parallel Databases ,  An International Journal ,  Kluwer 
Academic Publishers . 
Member , Program Committee ,  ACM SIGMOD International Conference on 
Management of Data . 
Guest Editor , Special Issue of Information Systems on Disaster Recovery . 
Guest Editor , Special Issue of Distributed and Parallel Databases on Digital 
Libraries . 
Member , Program Committee ,  International Conference on Information 
Systems and Management of Data . 
Member , Program Committee ,  International Conference on Parallel and 
Distributed Systems . 
Member , Program Committee ,  ACM Symposium on Principles of Database 
Systems  ( PODS'96 )  . 
Member , Program Committee ,  Fourth International Conference on Parallel and 
Distributed Information Systems  ( PDIS'96 )  . 
Member , Program Committee ,  Tenth International Workshop on Distributed 
Algorithms  ( WDAG'96 )  . 
Member , Program Committee ,  International Workshop on Advanced 
Transaction Models and Architectures  ( ATMA'96 )  . 
Member , Program Committee ,  International Conference on Very Large Data 
Bases  ( VLDB'97 )  . 
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Co-chair , Industrial Program ,  ACM SIGMOD International Conference on 
Management of Data  ( SIGMOD'99 ) . 
Ex-students . 
agrawal@cs.ucsb.edu . 
Departmental home page . 
You can see the last 20 users . 
You can also see full domain stats . 
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