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Abstract - In many fields, different types of scholarly data are utilized to provide information for users. However, it is time 
consuming and cumbersome to extract information from data presented in different formats or to differentiate between data 
provided by different authors having the same name. To solve this issue, we identify author entities in different academic data 
(e.g., papers, patents, and reports), and offer users refined data by connecting author entities that exist in different types of 
data. Entity identification aims to match authors having the same name with actual people; it reduces the time and effort 
required to search for academic information, and provides accurate information. The matching involves merging existing 
information from different formats into a single format. In this paper, to identify author entities, we extract bibliographic 
information related to authors of academic papers and journals as well as similarities between authors using the hierarchical 
agglomerative clustering method. To validate the proposed method, we identify entities using the authors data obtained from 
papers, patents, and reports published in Korea between 1948 and 2016. Based on the results obtained using this data, our 
system exhibited a precision of 91.29%. 
 
Index Terms - Author Disambiguation, Co-Author Network, Hierarchical Agglomerative Clustering 
 
I. INTRODUCTION 
 
Different types of scholarly data that are generated in 
different fields offer users abundant information. 
However, it is often time consuming and cumbersome 
to extract necessary information from data in different 
formats or produced by different authors with the same 
name (homonym author names). In addition, most 
domestic and foreign academic search engines suggest 
all the results corresponding to queries about 
researchers’ names. For example, when querying the 
name “Jonson,” all of the academic information of 
both “Jonson,” whose affiliation is “Google,” and 
“Jonson,” whose affiliation is “Microsoft,” would be 
searched. This type of search result is a factor 
responsible for the decrease in search accuracy, and 
users then need time to perform another search using 
other types of information to obtain their desired 
result. This problem is called author ambiguity; it 
decreases the search accuracy for academic 
information, and requires users to spend additional 
time and effort to provide relevant necessary 
information by reviewing their search results.  
 
For the example problems suggested above, academic 
information should be classified according to author, 
and this method of solving such problems is called 
author disambiguation. The use of author 
identification to deal with author ambiguity involves 
matching authors who have the same name with actual 
people, and it is a method employed to identify and 
group the same authors. To do so, all authors with the  
 

 
same name are categorized into a single group and  
similarities between any two randomly selected 
authors are calculated. Based on the similarity 
measurement, the method determines whether the two 
selected authors are the same person. Both supervised 
and unsupervised learning methods are commonly 
employed methods of measuring similarities [1].  For 
both supervised and unsupervised learning methods, a 
variety of features are required for author 
identification. Here, a feature implies a clue word that 
identifies authors. Thus, in scholarly data, it would 
include information related to authors. In previous 
researches, the features used for author identification 
are similar, and include affiliation, title, keywords, 
co-authors, and publication date. This is because a 
limited amount of information can be obtained from 
academic data. Previous author identification methods 
used features that exist in scholarly data. In a similar 
manner, insufficient qualification information results 
in difficulty achieving author identification and 
limitations in terms of realizing improvements in 
identification accuracy. 
 
To overcome such information limitations, we propose 
a method to enhance author identification performance 
by expanding the information provided about 
necessary features. Co-authors are the most intuitive 
and effective feature in author identification. Yang et 
al. [2] reported that details about co-authors provide 
the most useful information for author identification.  
This paper suggests a method to expand a co-author 
network using the feature of co-author information. By 
overcoming the limitation in the insufficient 
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information that is available, a co-author network is 
able to enhance the author identification performance. 
In the next step, we calculate author similarities with 
hierarchical agglomerative clustering by using the 
expanded co-author network and basic bibliographic 
information. 
To validate the proposed method, we identified the 
author entities in data obtained from papers, patents, 
and reports published in Korea between 1948 and 
2016. The rest of this paper is organized as follows. In 
Section II, we present related work pertaining to recent 
author disambiguation research projects and features 
for author disambiguation. In Section III, we suggest 
some features to identify authors and introduce an 
author disambiguation approach that uses the 
hierarchical agglomerative method based on the 
proposed features. The results of our experiment are 
presented in Section IV, and we discuss the results and 
conclude the paper in Sections V and VI, respectively. 
 
II. RELATED WORK 
 
Author disambiguation has been extensively studied, 
and is also called authorship verification, authorship 
analysis, and author clustering. In Korea, DBPIA [3] 
offers scholarly information individualization services 
such as research record management and citation 
information inquiries based on universal content 
identifier (UCI) codes when a paper is submitted via its 
website. One of the representative global author 
identification systems targeting researchers worldwide 
is ORCID [4], which has partnered with notable 
publishing companies such as Elsevier, RSC, and 
IEEE, as well as universities such as Harvard, Cornell, 
and Oxford. It combines different kinds of author 
disambiguation information that are managed by 
academic journal publishers, and authors can identify 
their own records by making self-claims.  
In previous studies, the methodologies for author 
disambiguation have been classified as supervised and 
unsupervised learning, depending on whether learning 
data is used or not. Supervised learning involves learn 
from “labeled” training data, and classifies the 
characteristics of “newly input” test data. Existing 
research projects have attempted author 
disambiguation using methods such as support vector 
machines (SVMs) [7,10], the maximum entropy model 
[6], and boosting [11]. Meanwhile, unsupervised 
learning trains data without labels, and involves 
clustering in a manner that combines similar 
properties. Previous studies extracted the similarity 
between each pair of authors using methods such as 
hierarchical agglomerative clustering (HAC) 
[9,12–14], K-means [15], and density-based spatial 
clustering of applications with noise (DBSCAN) [16]. 
In this paper, we perform author disambiguation based 
on hierarchical agglomerative clustering according to 

the suggested features.  
There have been several attempts to improve the 
performance of author disambiguation by utilizing 
different features. Such features are largely divided 
into bibliographic information features and external 
information features. Bibliographic information 
includes features specified within data, and includes 
email addresses, co-author names, paper titles, 
abstracts, and keywords.  External information has 
features that enable data information to be obtained 
from web-based or dictionary searches [5,6], and 
includes publication lists [7], curricula vitae, mesh 
terms [8], document similarities, and word similarities 
[9] of authors. The use of different external features is 
time consuming because of restrictions to accessing 
some information and for web browsing that involves a 
large amount of data. This paper uses the items within 
the basic bibliographic records of papers, and deals 
with author identification issues efficiently by 
expanding the given bibliographical information. 
 
III. AUTHOR DISAMBIGUATION BASED ON 
HIERARCHICAL AGGLOMERATIVE 
CLUSTERING  
 
In this section, we extract features from scholarly data 
to identify authors and to propose an author 
disambiguation method using the hierarchical 
agglomerative method based on the extracted features. 
Figure 1 shows the proposed system flow diagram. 
First, the system creates a group with the same name 
based on a filtered author name by preprocessing 
author and affiliation name. Then, it generates the 
bibliographic features and co-author network feature 
that are related to the author. Using the generated 
features, the hierarchical agglomerative method 
computes the similarity between two authors that are 
randomly selected from a group of persons with the 
same name, and eventually creates an author cluster.  

 
Fig. 1. Overall system flow diagram 

 
A. Preprocessing and Generating Same Name 
Groups 
In some cases, because an author name and affiliation 
name can exist in different formats, the same names 
with different formats can be classified differently 
when we try to perform exact matching of strings. To 
prevent such misclassifications, we apply the same 
format for the author and affiliation names; we remove 
“stop words” for author/affiliation names and perform 
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their normalization. The stop words for affiliation 
names are frequently used words that are used to 
represent them, such as “corporation.” Normalization 
involves steps such as the removal of special characters 
or double spaces and decapitalization. Table 1 shows 
an example of scholarly data about authors with the 
same name, “Tae-Seok Park.” A1, A2, A3, and A4 are 
all converted to a single-formatted name “tae seok 
park” through preprocessing. In addition, the 
affiliation name “IBM Corporation” in the document 
“Paper 2” is converted to “IBM”   
  After the preprocessing stage, our system groups 
authors having the same names in the scholarly data to 
identify them; to do this, it generates “same-name” 
groups to perform author disambiguation. 

 
Table 1. Example of scholarly data for authors with the same 

name “Tae-Seok Park.” 

 
All the data are written in Korean. Because we also 
want to group author names that are written in English, 
we use a Korean-English name dictionary to convert 
English names to Korean, and then group them. Our 
name dictionary is composed of 20,494 first names and 
484 last names; it extracts the first and last names that 
frequently appeared in previously established 
academic data. If an author name in English cannot be 
converted based on the first/last name dictionary, our 
system converts it by comparing the name with each 
Korean character. There are 1,151 Korean-English 
pairs in character units. 
 
B.  Expanding Co-author Network 
To determine whether two randomly selected people 
with the same name are actually the same person, it is 
important to find some clues. Some of the features that 
are conventionally used for author disambiguation are 
title, keywords, co-authors, and affiliation. Among 
these, the feature of co-authors is most intuitive and 

effective for author identification. Yang et al. [2] 
reported that details about co-authors provide the most 
useful information for author identification. We 
expand a co-author network using information about 
co-authors, which is most intuitive and accurate.  
Figure 2 shows a method to enlarge a co-author 
network. The co-authors of an author A1 are C1, C2, 
C3, C4, and C5. In addition, the co-authors of an 
author A2 are C4, C5, C6, and C7. The co-authors who 
are in common to both authors A1 and A2 are C4 and 
C5. If some of the co-authors of A1 and A2 have the 
same name (even though they have not yet been 
identified as the same person), our system expands the 
co-author network by adding authors with the same 
name who exist only within the other’s network. Using 
this process, co-authors C6 and C7 are added to author 
A1’s co-author network. Likewise, C1, C2, and C3 are 
added to author A2’s co-author network. 

 

 
Fig. 2. Expanding co-author network 

 
However, it is possible that common co-authors with 
the same name are different people. For example, C4 
in Fig. 2 is common to both A1 and A2, but there are 
two different people with the same name C4. Then, an 
incorrect network is formed, which results in author 
identification errors. The conditions that are required 
to expand a co-author network are as follows: the 
affiliations of two authors with the same name are the 
same and there are more than two common co-authors. 
In this case, the possibility of the aforementioned error 
does not appear and the two persons are considered as 
co-authors in common. Table 2 is an example of author 
disambiguation using the co-author network 
expansion for three different persons (ID1, ID2, and 
ID3) with the same name “Gil-Dong Lee.” Intuitively, 
authors ID1 and ID3 cannot be treated as the same 
person, but that may be the case if they are identified by 
the co-author network expansion. Because author ID2 
has co-authors “Jin Hyun Jeong” and “Oh-Jeong Lee” 
for ID1 and ID2, and “Si Yeon Lee” and “Seo-Yeong 
Choi” for ID2 and ID3, it can be inferred that the three 
people ID1, ID2, and ID3 are the same person. 
Nevertheless, if only the factor of the co-author is used, 
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because there is no common co-author between ID1 
and ID3, the two authors cannot be identified as the 
same person. 

Table 2. Example of author disambiguation using co-author 
network expansion 

 

 
 
C. Generating Features for Author 
Disambiguation 
In Subsection B, we proposed a method to identify 
authors by expanding a co-author network. However, 
this method has some limitations with respect to 
author disambiguation. For instance, if two author 
entities with the same name do not have a co-author in 
common, it is impossible to identify the authors. 
Therefore, we need another type of bibliographic 
information besides the co-author to widen our author 
disambiguation coverage. A clue to identify authors 
with the same name as actual people is called a feature. 
In this paper, we use the feature of affiliation, major, 
e-mail, journal name, and keyword. 
 
An affiliation indicates the entity to which an author 
belongs, and it can be a school, company, or research 
institution. This information may be useful to 
determine whether two persons are the same person if 
there are few persons with the same name within an 
institution. A major specifies an author’s field of study 
or area of work, and can be an academic subject or 
department. If researchers do not change their majors, 
it can be a useful source of information for author 
disambiguation. An e-mail address refers to one that is 
specified by an author in their paper, and is considered 
information that uniquely represents an author. 
 
The journal name is the name of a journal in which an 
author has published a paper. Because researchers 
publish papers in journals that are related to their 
majors, journal names can also be significant sources 
of information for author identification. Finally, 
keywords are core words that are related to the study 
topic of a paper. Under the assumption that most 

researchers work on similar topics related to their 
majors within a certain period, a keyword can also be 
useful for author disambiguation. 
D. Author Disambiguation based on Hierarchical 
Agglomerative Clustering 
We identify homonym authors within the given 
scholarly data with the hierarchical agglomerative 
clustering by using the co-author network discussed in 
Subsection B and the four features proposed in 
Subsection C. 
Table 3 shows the HAC algorithm used to identify 
authors, which clusters authors with the same name 
step-by-step by calculating the similarities of all pairs 
of randomly selected authors within a same-name 
group. 

 
Table 3. Modified Hierarchical Agglomerative Clustering 

Algorithm for Author Disambiguation (written for simplicity) 

 
M shows an N × N similarity matrix of N authors 
within a same-name group. SIM(i, j) implies the 
computation of similarity between authors ai and aj. To 
measure the similarity, we compare the previously 
extracted features. we check (1) whether two randomly 
selected authors have the same email address, (2) 
whether the two authors share more than two common 
co-authors. (3) whether there exists a single common 
co-author and affiliation between two authors. (4) 
whether there exists a single common co-author and 
journal name shared between the two authors, and (5) 
whether if there is one common co-author and the 
same keywords shared by the two authors. F indicates 
the clusters that are still available to be merged, and T 
is a cluster combined using the HAC algorithm. Figure 
3 shows a method where individual authors are 
combined and clustered based on the HAC algorithm. 
(a) shows all individual authors within the data, while 
(b) shows how the authors are continuously combined 
according to the HAC algorithm and form clusters.  
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Fig. 3. Author Clustering using Hierarchical Agglomerative 

Clustering 
 
IV. EXPERIMENTS 
 
To measure the capability of our author 
disambiguation method using the proposed co-author 
network expansion and features, we identified the 
authors included in papers, patents, and reports 
published in Korea. Table 4 shows the number of 
documents and authors according to each type of 
document, i.e., papers, patents, and reports. 

Table 4. Data set 
 # of documents # of authors 
Paper 1,305,044 3,574,995 
Patent 2,522,640 4,744,024 
Report 182,866 922,343 

Table 5 is an evaluation set generated in-house based 
on our manual record verification using emails sent to 
1,090 identification targets. We emailed the 
identification targets and requested verification of 
their works.  

Table 5. Evaluation set 
 # of 

documents 
# of authors # of same 

name 
author 
groups 

Paper 15,979 16,310 1,090 
Patent 1,655 1,702 161 
Report 541 592 199 

Figure 4 is a screenshot of a website setup to verify the 
works of the disambiguation targets. Between January 
1, 2016 and March 31, 2016, 1,090 researchers logged 
onto the work verification website and verified their 
documents.  

 
Fig. 4. Screenshot of a website setup to verify the works of 

identification targets 
 
We evaluated systems using Recall, Precision and the 

F1-measure (equations (1), (2), and (3)). These metrics 
rely on true positives (TP), false positives (FP), and 
false negatives (FN) which are defined as appropriate 
in order to provide exact and inexact evaluation of the 
tasks. 
Precision (P) = TP / (TP+FP)                             
(1) 
Recall (R) = TP / (TP+FN)                                
(2) 
F1-measure (F) = 2 * P * R / (P+R)                                  
(3) 
Table 4 shows the identification result of the homonym 
authors who appeared in papers, patents, and reports. 
The average accuracy of the identification of 
papers/patents/reports is 91.29%. The proportion of 
the researchers whose individual publication precision 
is 100% is 85.76%.   
 
Table 4. Result of author identification in papers/patents/reports. 

 Paper Patent Report Average 
Precisio
n 

95.74% 89.31% 88.83% 91.29% 

 
The identification results of persons included in the 
papers are shown in Table 6. The F1 measure shows a 
high disambiguation performance of 95.24%. Because 
the patent and report data do not have any answer sets, 
their recalls could not be generated.  
 

Table 6. Result of author identification in paper. 
 Precision Recall F1 measure 
Paper 95.74% 94.76% 95.24% 

 
V. DISCUSSION 
 
Our proposed method showed an outstanding author 
disambiguation performance, with an average 
precision of 91.29% for paper, patent, and report data. 
While the identification rate for paper data was 
95.74%, those in patent and report data were relatively 
low as there was insufficient information to determine 
whether homonyms were the same person. The patent 
and report data do not contain information about 
e-mail addresses or journal names. In addition, report 
data include so many co-authors that homonyms exist 
and cause identification errors. In Fig. 2, C4 is a case 
in which the authors are different, but they share the 
same name. 
 
The largest number of co-authors in our report data is 
477. We obtained the name statistics from the whole 
dataset, and excluded the top most common names 
when comparing common co-authors. Based on our 
experience, we defined the names with the frequency 
of more than 500 as “common” names. Some common 
names, such as “Sang-Hoon Lee” or “Dong-Jin Kim,” 
did not show promising performance in author 
disambiguation because there is a high possibility of 
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having many different occurrences of “Sang-Hoon 
Lee” with the same affiliation or with the same 
co-authors. The author disambiguation approach 
through the proposed co-author network expansion 
has a more effective performance than other features 
combined. This is because we found additional clues to 
identify authors by using the information provided 
from scholarly data; this is a possible solution to the 
limitation in finding author identification clues based 
on related studies published previously. 
 
CONCLUSION 
 
We identified author names and connected 
heterogeneous data based on the identification data to 
enhance the search accuracy of data in many different 
formats and with homonym authors. We proposed the 
use of bibliographic features (affiliation, email, major, 
journal name, and keyword) related to an author to 
identify people, and the co-author network feature to 
expand our disambiguation coverage. Using the 
features, we identified homonym authors by employing 
the hierarchical agglomerative clustering method. 
Based on data obtained from papers, patents, and 
reports, our proposed system showed a precision 
performance of 91.29%. In the future, we will develop 
a system that performs efficient identification and 
management by assigning international standard 
identifiers to determine identification data within the 
science and technology field, and to strengthen the 
connectivity using content provided from other 
institutions. Further, we will enhance the 
disambiguation performance by developing an 
effective identification method after comparing 
machine-learning, rule-based, and hybrid methods.  
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