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Abstract 

With the rapid development of digital libraries, name disambiguation becomes more 

and more important technique to distinguish authors with same names from physical 

persons. Many algorithms have been developed to accomplish the task. However, they are 

usually based on some restricted preconditions and rarely concern how to be 

incorporated into a practical application. 

In this paper, name disambiguation is regarded as the technique of learning module 

integrated with a knowledge base. A network is defined for the modeling of publication 

information, which facilitates the representation of differenttypes of relations among the 

attributes. The knowledge base component serves as the user interface for domain 

knowledge input. Furthermore, this paper exploits a random walk with restart algorithm 

and affinity propagation clustering algorithm to finally output name disambiguation 

results. 
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1. Introduction 

It is common that people's name can usually be written in several forms, e.g., Daniel 

Smith Weld, D. S. Weld, Dan. Smith Weld and even Dan Weld can actually point to the 

same people. As well, there are lots of people who have the same names. For example, 

there are 950 papers with author "Wei Wang" in DBLP which actually corresponds to 

over 50 people with the name. Author name ambiguity problem widely exists in the 

digital libraries such as DBLP
1
, CiteSeer

2
, ACM Digital Library

3
, PubMed

4
 etc. 

Nevertheless, it remains  challenging to solve the name ambiguity problem. This 

problem, referred as name disambiguation in this paper, is usually strongly related to 

other problems proposed in the literature, e.g., entity resolution, record linkage[1], object 

distinction[2]. In this paper, we think it as more profound problem. Essentially what we 

have is only the textual information in the digital library,while concepts likepublication, 

paper, author, journal, conference, etc are the entities in semantics. How to relate the 

syntactic words to the semantic entities is never a trivial problem. In this paper, we take 

the problem as the integration of basic learning technique and domain knowledge 

utilization. Indeed, if we are only given some textual publication data with no any other 

knowledge behind the data, we are actually hardly able to distinguish the authors with the 

same names, not to mention the distinguishing accuracy.  

In this paper, a framework for name disambiguation application is proposed which 

integrates the network based problem representation, Random Walk with Restart (RWR) 

algorithm and domain knowledge utilization. Specifically, a particular network - bi-

relational network structure is defined. The problem and knowledge are the input to the 

system, which are both represented in XML format. Compared to problem file that 

provides basic information to construct a bi-relational network, the knowledge file is used 
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to further elaborate the network. The elaborated network will then be passed to the 

closeness calculation and clustering module to get the final result.  

The paper is organized as follows. In Section 2, some most related literature are 

reviewed. For Section3, the preliminary knowledge and basic definition are described. 

Section 4 is dedicated to the detailed description of our framework. The last section 

concludes the paper and describes some future directions on this study. 

 

2. Related Work 

Among the relevant literature, Jing Xia proposed a network structure also named bi-

relational network [3], and a kind of RWR implementation - Iterative Aggregation and 

Disaggregation (IAD) algorithm. We extend the definition by distinguishing the 

relationship as similarity and association relation which allows the relations among all 

different types of nodes. In [2] the authors propose a general object distinction 

methodology called DISTINCT. DISTINCT assumes a relational structure between 

neighbor tuples then computes the linkage strengths using two measures - set resemblance 

and random walks.Fan,et al.,proposed another kind of network based name 

disambiguation method called GHOST [4]. By using only one type of the publication 

attributes (coautorship) GHOST is claimed to get better performance than DISTINCT. 

Though GHOST seems quite promising, it is to some extent paradoxical: since the textual 

equality between author names is suspicious, one cannot presume some names 

corresponding to same entity and find the entities for other names without explicitly 

knowledge is given. The inherent drawback hinders GHOST to be a practical framework. 

Without having such restricted assumption as GHOST, Tang et. al. proposes another 

probability based framework for name disambiguation based on another network model - 

Publication Informative Graph (PIG) [5]. Tang's framework based on Random Markov 

Fields is a unified framework in the sense that it can easily incorporate the content-based 

similarity and node similarity. Though Tang's model performs quite good in the 

experiment data set, PIG model is so mathematical and tricky that it is not easy to use for 

general users. 

 

3. Preliminary 
 

3.1 Name Disambiguation 

In this paper, some name disambiguation problem related conceptsare formally defined 

as follows.  

LetD be a  set of publications {p1, p2, … , pn}, each of which is represented by a set of 

attributes{attr1
i , attr2

i , … , attrmi
i }. Intuitively, these attributes can consist in a title, a list of 

authors, a venue (e.g., a conference or a journal) and so forth. These attributes can be 

further extended depending on particular case (e.g., publishing time, keywords, venue 

location, discipline of study, etc.,). Moreover, these attributes can also have attributes of 

their own (for clarification, they can be called as main attributes and sub-attributes 

respectively). For example, the main attribute"author"can have sub-attributes such as 

names, affiliations, emails and so on. However, the sub-attributes are only used to 

characterize main attributes and will not be placed so much importance in this paper. 

Furthermore, we assume in this paper that a publication has attributes set {title, authors, 

venue} with their literal meaning. Authors are assumed to have sub-attributes in {email, 

organization}. 

A name disambiguation problem P is defined to be a function: P: (D, target_auth)→

2Dgiven input of a set of publicationsD:  {p1, p2, … , pn} (with the attributes 

{titlei, authorsi, venuei} for pi) and a target author auth that literally appearsin each of 

the publications' author list.  
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Compared to the definition in related literature that map the targetauthor to entity, this 

paper takes the definition of name disambiguation in "author grouping" style (as proposed 

in  [6]). That is, the task of a name disambiguation problem is to group the publications 

that is produced by the same author in semantic sense with input author name auth.  

As an example, we take the one proposed in [4] which is described as follows (the title 

of each publication is replaced with its venue label like "SIGMOD'12" to save space). 

 

 
 

3.2 Bi-Relational Network 

Network is a natural and versatile model for many kinds of data. In this paper, we will 

use the input data for the name disambiguation task to construct a network. After that, 

Random Walk with Restart (RWR) will be initiated. RWR is an effective and powerful 

algorithms that runs on networks [7]. Basically RWR is used to compute the similarity (or 

closeness) between nodes by assigning scores to them. Traditionally RWR runs on 

general networks that make no difference to all of the nodes or edges. In this paper we 

also call such general networks Single-Relational Networks (SRN). An SRN is formally 

defined to be N=(V, E, W) where V is the set of nodes, E the edges and W is the function 

that assigns each edge with  a real valued weight. However, a new network model is 

adopted, which is called Bi-Relational Network (BRN).  

Definition 1 (Bi-Relational Network, BRN) A Bi-Relation Network is a 

network N = {V = V1 ∪ V2,E = E1 ∪ E2 ∪ E3, W} , where: V1 = {v1
1, v2

1, … , vn1
1 }  and 

V2 = {v1
2, v2

2, … , vn2
2 } are disjoint sets of nodes, and E1 = {< vi, vj > |vi, vj ∈ V1} , 

E2 = {< vi, vj > |vi, vj ∈ V2}and E3 = {< vi, vj > |vi ∈ V1, vj ∈ V2}.E1, E2 and E3 are 

disjoint sets of edges which respectively represents the edges within V1, within V2 

and between V1 and V2. Particularly, edges in E1 and E2 are called similarity edges 

and the one s in E3 are named association edges. 

Different from SRN, BRN distinguishes the nodes into two different categories. Then 

the edges are partitioned into three disjoint sets, respectively represent the relations within 

the nodes of the same set, and the relations across the node sets (that is, the similarity set 

and association sets respectively).  

In [3], the authors also gave a BRN definition, where the relations are defined to be 

two disjoint sets (illustrated in Figure 2) and similarity relations only reside in one of the 

node set. In our definition, similarity relations in each node set are allowed. It is obvious 

that our definition is more general than the one in Figure 2. Indeed, the BRN proposed in 

[3] can easily be represented by our model, but not vice versa. 
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Figure 2. BRN Definition in 【JX2009】 

 

Figure 3. BRN in this Paper 

Under BRN definition, the data used in Example 1 can be compiled into a BRN which 

is pictorially illustrated in Figure 4. In the BRN ofFigure 4, all of the papers are 

represented as rectangle nodes, and each of the authors corresponds to the ellipse nodes. 

All of the author nodes are labeled by their abbreviated form, e.g.,"Jiong Yang" in P1 is 

represented as the node labeled "JY1". The weights of the edges are not given explicitly 

in the example, so they can implicitly taken the value "1". This BRN network can be 

constructed only by scan the input publication list text. Initially all of the author nodes are 

viewed as different author entities because we only obtain them by textually scanning. 

Once we are informed of some knowledge, the network can further refined. As an 

example, once we are told the fact that "the author "Jiong Yang" appearing in publication 

P1 is the same author with the same name of P3", we can establish a similarity link 

between the nodes "JY1" and "JY3" with weights "1" (or, they can be totally merged.) - 

that means "JY1" and "JY3" are totally trusted to be the same author. 

Corresponding to the Example 1, the BRN model is depicted as Figure 1. 

 

 

Figure 4. BRN for Example 
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3.3 Random Walk with Restart (RWR) 

Random walk with restart algorithm is defined as Equation 1 as follows [7]. 

r = (1 − c) ∗ W ∗ r + c ∗ e                                            Eq. 1 

RWR can be interpreted as a particle that randomly moves from a location to its 

neighborhood under a predefined probability 1-c, with the probability c that it may comes 

back to the starting point itself. With each movement the energy carried by starting node 

is distributed to its adjacency nodes under the same probability. The object of RWR is to 

calculate the energy scores (i.e. the r vector) distributed on all of the nodes in the steady 

state of the particle, with the initial distribution represented by the vector e.  

Traditionally RWR is solved by iteration or matrix operation according to the equation 

transformation as Eq. 2. 

r = (1 − c) ∗ W ∗ r + c ∗e 

= c ∗ [I − (1 − c) ∗ W]−1 ∗ e              Eq. 2 

 

4. Our Method 
 

4.1 System Architecture 

The system architecture is depicted as Figure 5.  

As mentioned, the system takes the basic problem description and prior knowledge as 

input.All of the input will be parsed and compiled into a central BRN structure. Currently 

the problem and knowledge are represented in XML format. Then, the BRN is established 

as the core data structure, which is further passed to the next module - closeness 

calculation to compute the node closeness score with respect to the query node. 

According to the closeness result, the paper nodes are clustered, which gives the final 

output of the system. 

 

 

Figure 5. System Architecture 

4.2 Problem and Knowledge Representation 

As is mentioned above, the problem and domain knowledge is represented in XML 

format. For the running example, its problem and knowledge is illustrated as Figure 6 (in 

part) and Figure 7. 

 

 

 

 

Problem Parser Knowledge Parser

BRN Constructer

Closeness Calculation

Clustering



International Journal of u- and e- Service, Science and Technology 

Vol.8, No. 9 (2015) 

 

 

80  Copyright ⓒ 2015 SERSC 

 

Figure 6. XML Representation of Example 1 (in part) 

While the problem file is used to construct the initial BRN structure (as Figure 4 for 

Example 1), the provided knowledge is used for further elaboration of BRN. With the 

knowledge based described in Figure 7, the resulted BRN is illustrated in Figure 8. 

According to the provided knowledge, there exist the links between "Wei Wang" in the 

publication "P1" and "P3", and "Jiong Yang" in "P1" and "P2". In addition, new links 

between the indirect links (e.g., between "JY1" and "JH2") are also established (via "JH1" 

node). In implementation layer, these operations on the BRN can be done by just merging 

the node pair (i.e., "JY1" and "JY2", and "WW1" and "WW3"). The weight on the added 

edge is computed using multiplication rule of probability. 

 

 
 

Figure 7. Knowledge base for Example1 
 

 

Figure 8. Elaborated BRN for Example 1 
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4.3 Closeness Calculation andClustering 

Under RWR model, two algorithms can be exploited to compute the relative closeness 

scores between query nodes and other target nodes. In the Example 1 scenario, the query 

nodes are all of the author nodes named "Wei Wang". To cluster the authors with same 

name, we need to compute the closeness scores for all of the query authors, i.e. use each 

of the authors as query node, then invoke the RWR algorithms to compute the closeness 

scores between it and other authors with same name.Like [8], Figure 9 illustrates the 

closeness scores between all pairs of the authors with same name corresponding to the 

Example 1. 

 

 

Figure 9. Closeness Network for Example 1 

Based on the resulted closeness matrix, clustering phase will give the final result for 

the disambiguation. Considering that we actually don't know how many clusters there are 

in the authors with the same name, it is not suitable to use those clustering algorithms 

(e.g., K-means, K-medoids, etc.,) that need a pre-specified cluster number K. like [3], 

Affinity Propagation (AP) clustering algorithm [9] is adopted in this paper.  

 

5. Conclusions and Future Work 

In this paper, a framework based on network and knowledge utilization for author 

name disambiguation is proposed. Different from other literature, this paper 

considers name disambiguation application as the integration of a network module 

and a knowledge base, where a network module is the basic model and reasoning 

mechanism for the problem representation, the knowledge base is used the user 

interface of domain knowledge input. The framework proposed is more practical 

and more suitable for real-world application.  

For the next step, more study will be dedicated to the more sophisticated and 

effective random walk with restart variant algorithms. Moreover, how to exploit 

more domain knowledge in the system is another problem that worth studying.  
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