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Abstract 

This paper details the development and implementation of 
CiteGraph, a system for constructing large-scale citation and 
co-authorship networks from full-text biomedical articles. 
CiteGraph represents articles and authors by uniquely identi-
fied nodes, and connects those nodes through citation and co-
authorship relations. CiteGraph network encompasses over 
1.65 million full-text articles and 6.35 million citations by 
1.37 million unique authors from the Elsevier full-text articles.
Our evaluation shows 98%~ 99% F1-score for mapping a
citation to the corresponding article and identifying 
MEDLINE articles. We further analyzed the characteristics of 
CiteGraph and found that they are consistent with assump-
tions made using small-scale bibliometric analysis. We also 
developed several novel network-based methods for analyzing 
publication, citation and collaboration patterns. This is the 
first work to develop a completely automated system for the 
creation of a large-scale citation network in the biomedical 
domain, and also to introduce novel findings in researcher 
publication histories. CiteGraph can be a useful resource to 
both the biomedical community, and bibliometric research.
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Introduction

With the volume of full-text biomedical articles being increas-
ingly available online, citation recognition and analysis can 
benefit many text-mining applications. Citation plays an im-
portant role for both the rhetorical structure [1] and the seman-
tic content of articles [2] and has proven beneficial to many 
text mining tasks, including information retrieval, extraction, 
summarization, and question answering [3]. Much in the same 
way hyperlinks transformed the World Wide Web from a set 
of static documents into a vibrant and interesting network, a
citation network can be a scientific knowledge resource with 
utility far beyond the sum of its parts. 

In this paper, we develop and evaluate CiteGraph, a fully im-
plemented pipeline system that builds a large-scale citation 
network from a large collection of biomedical full-text articles. 
Currently, the CiteGraph network encompasses 4.23 million 
articles taken from the Elsevier collection spanning disciplines 
ranging from physics to economics. In particular 1.65 million 
MEDLINE indexed articles are identified from them. The 
CiteGraph network aligns co-authorship, bibliographical, insti-
tutional and citation information into a single cohesive net-
work resource. It also assigns PMIDs, the unique identifier in 
the Medline collection, to the corresponding articles. The data 

of the Elsevier and the Medline collections are shown in Fig-
ure 1. Since the articles in the Elsevier collection contain full 
citation information, the overlap between Elsevier and 
MEDLINE, named as EMedline here represents a subset of 
1.65 million biomedical articles from which we built the 
EMedline Citegraph network.

Figure 1 - The overview of the Elsevier, EMedline and 
MEDLINE datasets.

The illustration of the CiteGraph network is shown in Figure 2.
For the purpose of this work, we define an incite of A as an 
article that cites A and an outcite of A as an article A cites. 

Figure 2 - An illustration of the CiteGraph network. Each 
square represents a unique article. A directed link represents 
a citation relation. The CiteGraph network encapsulates cita-
tion relations extracted from the Elsevier data set (outer cir-
cle). The set of articles contained in the MEDLINE dataset 
and the links between them is EMedline network (the inner 

circle).

We evaluated the CiteGraph on linking articles by citation and 
identifying MEDLINE articles. The system achieved F-1
scores of 0.99 and 0.98 respectively. We also present further 
analysis of properties of the network and its citation-related 
characteristics.
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Related Work

Citation networks have been built in many domains and ac-
cordingly, the literature of citation analysis is rich. Bilke and 
Peterson (2001) [4] analzyed a citation network built from 
publications ����������	
 of high-energy physics, observing 
that the number of citations follows a power law distribution. 
Redner (2005) [5] analyzed citations from 110 years of Phys-
ics Review publications, a citation network consisting of 
353,268 articles. Chen and Rener (2010) [6] used the same 
network to study the community structure of physics subfields
by applying modularity maximization on well-cited articles. In 
the legal domain, arguments often cite previous case law to 
support a particular legal opinion. These citations are catego-
rized by legal issues and defined by guidelines. Zhang and 
Koppaka (2007) [7] developed a legal citation network tool 
capable of creating legal citations networks for a given issue.
Kajikawa and Takeda (2009) [8] analyzed citation network of 
research papers in the field of organic light-emitting diodes. In 
that study, they used topological clustering methods to cluster 
articles based on citation relations and to identify research 
disciplines. Their methods were able to identify emerging re-
search topics by recursive clustering. Calero-Medina and 
Noyons (2008) [9] explored “main paths” in a citation network 
to study research stream and diversity. 

Work has been done to address general properties of citation 
networks. Sen (2005) [12] studied the distribution of citations, 
and observed that the number of outcites has an exponential 
distribution, while the number of incites has a power-law dis-
tribution. Small (1999)[13] used data from the Information 
Science Institute to create a map of scientific articles covering 
23 disciplines by using co-citation clustering. Discipline sub-
topics and interdisciplinary pathways were also identified. 
Greenberg (2009) [14] observed citation bias, amplification 
and invention in a citation network of the MEDLINE articles. 
The work shows that above citation distortions may occur with 
literature that has been accumulated over long periods. Link 
analysis methods such as HITS and PageRank [15] have been 
applied to citation networks to rank articles [16,17,18].

Co-authorship networks have also been studied. De Castro and 
Grossman (1999) [19] defined a co-authorship as a link be-
tween the nodes of any two author who have jointly published 
an article. They further defined distance as the number of 
nodes in the shortest path between two author nodes. In a 
mathematical co-authorship network, it was shown that the 
distance between an author and the famous mathematician
Paul Erdos was inversely correlated with that author’s impact 
and reputation [19]. Nascimento et al (2003) [20] extended 
this work to calculate the "centrality" score for each author, 
which was defined as the average of distance between the au-
thor and any other author in the co-authorship network. Co-
citation networks, which link authors that are cited by the same 
article, were explored to determine semantic similarity of au-
thor topics [21] .

Several large-scaled literature repositories have been built. 
CiteSeerX[22] is a digital library of scientific literature, and 
search engine, primarily focusing on computer and information
science domain. It autonomously creates a citation index, and 
provides citation statistics including the number of citations 
for a given paper, and a list of top cited articles and authors. 
CiteSeerX also allows searching of articles that cite a given 
paper. Google Scholar [23] is another popular literature search 
engine that collects papers from multiple disciplines. The cita-

tions of an article can be displayed, and the number of incites 
is used as part of its ranking algorithm.

Methods

In this study, we describe a system, called CiteGraph to build 
the citation and co-authorship network. It consists of a match-
ing algorithm that maps each citation to its article and the cor-
responding PMID. The implementation of the matching algo-
rithm resulted in two distinct components: citation mapping
matches a reference to its corresponding article and subse-
quently establishes the citation links between two articles in 
the CiteGraph network and PMID mapping assigns a unique 
PMID to each article node. In addition to the two components,
author name disambiguation disambiguates authors. 

Data and Preprocessing

The data that CiteGraph used comprises of 4.23 million full-
text articles from the Elsevier data and 20.63 million
MEDLINE records. Each record comes with an XML file with 
fields including Title, Journal, Author, and Year, as well as the 
MeSH terms assigned to the record. Every Elsevier article also
comes with an XML file. Unlike the MEDLINE, the Elsevier 
article does not include MeSH terms, but has citations� with 
fields similar to the ones in MEDLINE�that the article cites.
Accordingly, CiteGraph parsed both the MEDLINE articles 
and the Elsevier XML files by field, assigned the parsed cita-
tions to their files, and then indexed them with the open source 
information retrieval tool Apache Lucene [24].

Mapping Algorithm

We match a citation to its corresponding article as well as an 
article to its corresponding PMID; this is an important step 
because significant variations exist in article parsing as well as 
citation expression. The matching algorithm identifies whether 
the fields (e.g., title, journal, and year) of two entities (a cita-
tion, an article or a MEDLINE record) match. The details of 
the algorithm are described as follows.

Title: We found title varies in its expression. For example, 
named entities including chemical and gene names were often 
represented differently in a citation when comparing it to the 
title in the original published article. We therefore developed 
an approximation approach for matching two titles. Specifical-
ly, two title fields are considered equal if one of following 
conditions is met: 1) the set of tokens contained in one title 
field is a subset of the tokens in the other, or 2) the number of 
tokens common to both fields is more than 80% of the size of 
the larger of the two fields. This ad-hoc approximation ap-
proach works quite well, as demonstrated in our preliminary 
evaluation.

Author List: To identify whether the two author lists are iden-
tical, we first compared the surnames of the authors; we dis-
carded first names as we found them to introduce significant 
noise. The author list fields are considered equal only if the set 
of surnames are equivalent or if the set of surnames in one 
field is fully contained in the surname set of the second. 

Journal: Due to the fact that many journal citations are given 
using the journal initials, or abbreviated names (e.g., “Mech. 
Dev”, “J. Neurosci.” and “JAMA”), journal initials were com-
pared rather than full titles. Stop words, such as “of” and  
“the” were removed. If the number of common initials in the 
journal titles was greater than 80% of the tokens in the longer 

Q. Zhang and H. Yu / CiteGraph: A Citation Network System for MEDLINE Articles and Analysis 833



journal name, they were considered equivalent.  The figure of 
80% was determined through empirical evaluation.

Citation Mapping Component

Following the citation matching algorithm, we implemented 
the citation-article mapping component that matches a citation 
to its article. For each citation, the title, author list and journal
name were extracted and used to create a query. Using the 
Lucene indices, we retrieve top 20 candidate articles. The 
matching algorithm is then applied to match the citation to 
each of the 20 retrieved article and outputted the one with the 
highest matching score. 

PMID Mapping Component

As stated earlier, we identify the MEDLINE articles in our 
network created by using the Elsevier data so that the intersec-
tion can be analyzed separately as the EMedline network, lim-
iting the citation network to the biomedical domain. The 
PMID Mapping component matches an Elseiver article to its 
corresponding MEDLINE record, and subsequently assigns 
the corresponding PMID. Similar to the citation mapping 
component implementation, we used the parsed fields of each 
article to retrieve top 10 MEDLINE records using the Lucene 
index and outputted the best match. 

Author Name Disambiguation Component

Author names are frequently ambiguous; the same name may 
refer to different authors. We therefore developed the author 
name disambiguation component. For implementation, we 
used the Author-ity database [25], which has disambiguated all 
authors in the MEDLINE database. With the Author-ity data-
base, we identified a total of 1.37 million unique authors in our 
EMedline network. 

The CiteGraph Networks and Evaluation

The aforementioned three CiteGraph components allow us to 
create citation networks by linking articles and co-authors.
Two networks were created by CiteGraph: the Elsevier net-
work, consisting of all article nodes and citations extracted 
from the Elsevier dataset; and the EMedline network, a subset 
of the Elsevier network consisting of only the articles which 
were assigned PMIDs and the citations between them, as illus-
trated in Figure 2.

Using both our Elsevier and the Medline datasets, the Elsevier 
network contains 4.22 million articles, and 106.25 million 
citations, while the EMedline network has 1.65 million arti-
cles, and 6.35 million citations. The average EMedline net-
work node cites to 3.85 EMedline and 32.34 Elsevier nodes. 
EMedline article nodes are also on average cited by 3.85
EMedline nodes and by 26.66 Elsevier nodes. Table 1 shows 
the characteristics of the EMedline network.  

Table 1 - EMedline Network Statistics

EMedline
Incite 

EMedline
Outcite 

Total 
Incite  

Total 
Outcite 

Average 3.85 3.85 26.66 32.34 

Max 4977 829 37065 3730 

Min 0 0 0 0 

Std 10.94 5.87 78.64 32.03 

The ratio of internal citations (links between EMedline nodes) 
to total citations (links to EMedline nodes from all Elsevier 
nodes) in the EMedline network is 0.14.  This is similar to the 
results found in existing work(6) which uses the 110 years of 
Physics Review (PR) article collections, where the internal-
citation ratio is as small as 0.2 for well-cited elementary–
particle physics publications.

There is no gold standard for citation mapping; therefore the
evaluations of citation mapping and PMID mapping are car-
ried out by human judges. Author name disambiguation per-
formance is determined by the quality of Author-ity database 
so no evaluation is conducted in this study. In each of the two
evaluations, seven human evaluators, all of whom have PhD in 
either computer science or biomedical informatics, and none 
of whom participated in our study. Each evaluator was provid-
ed with entity (article, MEDLINE or citation) pairs, and was
tasked with determining whether the two entities refer to the 
same article. Every evaluator provides judgments on 20 in-
stances of each task. 25% of the instances are double annotat-
ed in order to evaluate inter-annotator agreement.

Citation Mapping: For each citation in the network, a list of 
potential article mappings is created by selecting Elsevier arti-
cles that have either their title or author list field equal to the 
corresponding field of the citation, as determined by the 
matching algorithm described in Method section. Each evalua-
tor is presented with a list of 20 citations randomly selected 
from the set of citations with at last one potential mapped arti-
cle. For each citation, the list of potential mapped articles is 
presented, and the evaluator must select which article, if any, 
corresponds to the citation in question. This establishes a set 
of 110 user-curated citation mappings. Precision is measured 
as the number of citations correctly mapped divided by the 
number of citations presented that receive a mapping.  Recall 
is calculated as the number of citations correctly mapped di-
vided by the total number of correct mappings found by evalu-
ators. Precision and recall for this task were calculated as 1.00 
and 0.96 respectively, resulting in an F -1 score of 0.98.

PMID mapping: The evaluation for PMID mapping is pre-
formed using the same tool as the citation mapping. Evaluators 
are presented with information for 20 articles that had at least 
one candidate PMID mapping, and the list of potential PMID 
mappings. The evaluators are then asked to choose which 
PMID, if any, corresponds to the given article. For this task, 
both precision and recall were found to be 0.99, for a resulting
F-1 score of 0.99.

The high performances of both tasks are due to two reasons. 
The first one is the well-formatted data source. The fields such
as title, journal in both collections are clearly tagged. Second, 
the use of index helps to find potentially matches before so-
phisticated comparison.

Table 2 - Evaluation Results

Task Precision Recall F1 Inter-annotator 
agreement (Kappa)

Citation mapping 1 0.96 0.98 1

PMID mapping 0.99 0.99 0.99 1

Network Analysis

Two types of analysis are performed on the network. The first 
one is article network analysis, which reveals the power law 
distribution of articles over the number of citation received. 
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The second one is co-authorship network analysis to show the 
connectivity and temporal dynamics of researchers.

Article Network Analysis

The growth and preferential attachment are two characteristics 
in real world networks. The probability of a new node to con-
nect with a given node is not uniform. Instead it's more likely 
to connect to the node that already has a large number of con-
nections. According to the formulation of [27] suppose there 
are y articles and each of which received citations x > 0. Then 
x and y satisfy log y = � – �log x, where e� is the number of 
articles with incites 1, and x� is the decreasing rate of the num-
ber of the articles with incites x. Figure 3 shows the plot of the 
EMedline network, which demonstrates �������
 ���
 �=-2.40
for the straight line.

Figure 3 - The EMedline citation frequency distribution. The 
dashed line is the linear regression of the plot.

Co-authorship Network Analysis

Basic Analysis

The average clustering coefficient is 0.68, which is similar 
with the coefficient 0.67 and 0.69 of digital library research 
community co-authorship network [28] and ACM SIGMOD 
network [20]. It is likely a small world graph according to oth-
er study [29], but a random graph is needed to verify it, which
is not included in this study.

Table 3 - Statistics of Network Measures.

Measure Mean Median Std Max Min

Component size. 3.18 3 1.83 35 2

Clustering Coef. 0.68 0.8095 0.35 1 0

Num. of Co-authors 11 6 14 671 0

Co-authorship year 
span

1.52 1 1.57 35 1

Figure 4 - Co-authorship time span. It is defined as the time 
difference of the first time collaboration to the last time.

We study the connected component of the co-authorship net-
work, and found 25,510 components. The largest one: compo-

nent #1 has size 1.27 millions, therefore 92.7% authors in the 
network are connected in this giant component. Similar phe-
nomenon has also been found in other networks such as the 
ACM SIGMOD [20], whose largest component consists of 
38.2% of the nodes.

Temporal Analysis

The time span of co-authorships is an indicator of the strength 
of the collaborations. As shown in Figure 4, co-authorship 
spans from 1 to 35 years, while 83.7% of author pairs just ap-
pear once. There are 766,834 and 113,640 co-authorships with 
five and ten years span respectively. We also analyze the net-
work for its characteristics of author-author and author-article 
relations. Specifically, we show the relations of author, publi-
cations over the career such as average number of co-authors 
for an author in the ith year of his/her publication history. 
There are only 0.24% authors who have a publication history 
longer than 16 years in this collection, so the data is not as 
representative as the rest. Therefore we use year offset from 0 
to 16 for the analysis. The results are shown in Figure 5. Av-
erage number of co-authors per publication is generally in-
creasing, which suggests an author tends to have more co-
authors as he/her gets senior (a). Number of publications every 
year is also increasing, and peaks at 14. It shows an author gets
more and more productive along his/her career (c). Similarly 
the percentage of co-authors outside of institution is increas-
ing, suggesting in general authors have broader collaborations 
when becoming senior (b). Number of citations per publication 
decreases, and the reason could be that earlier works have 
more time to receive citations than the newer ones (d). The 
funding level, policy, and culture changes over time are also 
possible reasons for the trend in (a) and (b).

Figure 5 - Author temporal analysis.

Conclusion and Future Work

We described our efforts on building large citation networks 
using both the Elsevier and the MEDLINE datasets. We de-
veloped a citation matching algorithm and implemented three 
components that match a citation to its corresponding article, 
identifies the MEDLINE indexed articles, and disambiguates 
author names. Our system� named CiteGraph� incorporates 
over 4 million Elsevier articles and over 20 million MEDLINE
records. The evaluation demonstrated a F-1 score ranging from
98% - 99% for different components. With the CiteGraph net-
works, we subsequently conducted preliminary graph analysis, 
including citation frequency over publications and co-
authorship network clustering coefficient. Our analysis
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demonstrates that the CiteGraph networks reflect the general 
characteristics of existing networks in other domains. In addi-
tion, the temporal analysis shows the researcher tends to have 
more co-authors per publication and more outside institution 
collaboration along the career. The limitation of this work is 
due to the incomplete dataset, as CiteGraph is built on a subset 
of MEDLINE.

The CiteGraph network provides the medical informatics 
community a new resource on text mining. In the future we 
would like to combine the citation network and co-authorship 
network together to analyze links between them. We speculate 
that such combination and analyses may lead to important dis-
covery, including document ranking, author ranking, and au-
thor collaboration pattern detection. 
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