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Abstract—Dramatic increase in the number of academic publications has led to growing demand for efficient organization of 
the resources to meet researchers’ needs. As a result, a number of network services have compiled databases from the public 
resources scattered over the Internet. However, publications by different conferences and journals adopt different citation styles. 
It is an interesting problem to accurately extract metadata from a citation string which is formatted in one of thousands of 
different styles. It has attracted a great deal of attention in research in recent years. In this paper, based on the notion of 
sequence alignment, we present a citation parser called BibPro that extracts components of a citation string. To demonstrate the 
efficacy of BibPro, we conducted experiments on three benchmark datasets. The results show that BibPro achieved over 90% 
accuracy on each benchmark. Even with citations and associated metadata retrieved from the Web as training data, our 
experiments show that BibProl still achieves a reasonable performance. 

Index Terms—Data Integration, Digital Libraries, Information Extraction, Sequence Alignment.  
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1 INTRODUCTION

itations play an important role in many scientific-
publication digital libraries (DLs), such as CiteSeer, 
arXiv e-Print, DBLP, and Google Scholar. Users often 

use citations to find information of interest in DLs, while 
researchers depend on citations to determine the impact 
of a particular article. Evaluations of an individual’s per-
formance for promotion purposes or the allocation of 
grants may use citations as evidence of the competence of 
a researcher and the impact of his/her published work. 
Citations have also been used as auxiliary support in in-
formation retrieval tasks, e.g., automatic document classi-
fication [2, 3], indexing and ranking [10], and quality as-
sessment [4]. Moreover, bibliographic measures that rely 
on citations have inspired recent Web link analysis algo-
rithms like PageRank [5]. In a broader sense, citations are 
the basis of DLs that specialize in scientific publications.  

Parsing citations is essential for integrating biblio-
graphical information published on the Internet. Most 
citation management techniques are based on the as-
sumption that we can correctly identify the main compo-
nents of a citation, such as authors’ names, title, publica-
tion venue, date, and the number of pages. However for a 
variety of reasons, it is difficult to design a parser that can 
automatically parse citations scattered over the Internet 

[1]. Potential problems include data entry errors, diverse 
citation formats, the lack of (enforcement of) a standard, 
imperfect citation gathering software, common author 
names, abbreviations of publication venues and large-
scale citation data. 

In this paper, we propose a sequence-alignment based 
citation parser, called BibPro, to extract components of 
citations in any given formats. The basic idea of BibPro is 
to capture the structural properties from semi-structured 
format and transform these properties into a sequence 
template. The structural properties of a citation string 
include the order of punctuation marks and local struc-
ture in each field of a citation string. We use an encoding 
table and reserved words, which is automatically trained 
from the dataset, to represent each semantic unit as a 
unique symbol; and use a blocking process to capture 
local structure in each citation field. After building up 
sufficient amount of encoded sequence templates, BibPro 
then applies a sequence alignment software, e.g., BLAST 
(Basic Local Alignment Search Tool), to match the query 
citation string with the sequence templates. 

Using the sequence templates gives BibPro the follow-
ing advantages. 1) By encapsulating the semantic units of 
a citation string into a simple symbol, BibPro reduce the 
complexity of a citation string and can easily utilize the 
generic structural properties of citations. 2) By transform-
ing structural properties into sequence, we can use se-
quence techniques, such as search, matching and align-
ment to compare structural properties. 3) By adapting a 
suitable score matrix for sequence matching and sequence 
alignment, BibPro has a high fault-tolerance of a citation 
whose format was not built in the template database. 4) It 
is easy to verify the correctness of structural properties 
through the sequence format, thus we can easily construct 
a template database from the Web data. As a result, our 
technique is highly automated and extremely flexible, as 
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shown by our experiment results. 
To evaluate the performance and practicality of our 

approach, we conducted experiments on three benchmark 
datasets, namely the Cora, Flux-CiM, and INFOMAP da-
tasets. The Cora dataset [14] is widely used as the bench-
mark for machine learning techniques. The Flux-CiM da-
taset [13] contains citations from two domains: Computer 
Science (CS) and Health Science (HS); and the INFOMAP 
dataset [11] contains 160,000 citation records in six differ-
ent citation styles. The results of the experiments show 
that, on average, BibPro achieved over 80% field accuracy 
on each benchmark with the same template database, 
which was compiled automatically from the Internet. In 
addition, the average field accuracy can be further im-
proved to 90% by constructing a partial template from the 
dataset itself. 

The remainder of this paper is organized as follows. 
Section 2 contains a review of related works. We reformu-
late citation parsing problem to explain the concepts be-
hind BibPro in Section 3. In Section 4, we describe the 
architecture of BibPro. In Section 5, we describe the expe-
riments and analyze the results. Section 6 contains some 
concluding remarks and suggests avenues for future re-
search. 

2 RELATED WORK 
The problem of citation extraction aims at automatically 
segmenting unstructured text strings into structured 
records. In recent years, several methods have been pro-
posed to address a related problem of data extraction 
from textual documents, with the focus on documents 
available on the Web. A brief survey of these methods is 
given in [6]. They include HTML structural analysis, nat-
ural language processing, machine learning, data model-
ing and ontology. For citation domain, numerous works 
reported in the literature [e.g., 7-23] use similar concepts 
to extract metadata from citations. The approaches can be 
roughly classified into two categories: learning-based and 
knowledge-based approaches. 

The learning-based approach transforms the citation 
extraction problem into a classification problem and uses 
machine leaning techniques to solve it. Currently, three 
major machine learning techniques, the Hidden Markov 
Model (HMM) [17-21], Support Vector Machines (SVM) 
[16], and Conditional Random Fields (CRF) [15, 29], are 
used to extract information from research papers. Al-
though these approaches have good adaptability and per-
form well on the Cora dataset, they have some limitations. 
For example, the quality of training data directly affects 
the performance of learning-based approaches; hence, 
correctness of the training data and whether that data are 
representative of the test data are important issues. As a 
result, compiling a suitable training data set is a challeng-
ing task for learning-based approaches. 

Knowledge-based approaches utilize domain know-
ledge to derive ontology that describes the data of interest, 
where the knowledge includes relationships, lexical ap-
pearances and context keywords. By parsing the ontology, 
several rules and an extractor can be generated, which are 

then used to perform information extraction. Such ap-
proaches are widely used in real-world applications. For 
example, CiteSeer [7-10] is a well-known search engine 
and digital library that uses heuristics to extract metadata 
from citations. It identifies titles and author names in cita-
tions with roughly 80% accuracy and page numbers with 
roughly 40% accuracy [7]. However, it requires a domain 
expert to maintain the knowledge database. Other ap-
proaches include CRAM [12], INFOMAP [11], and FLUX-
CiM [13]. CRAM mines tables in data warehouses and 
relational databases to develop an automatic segmenta-
tion system. INFOMAP is a tree-like knowledge represen-
tation scheme that organizes the knowledge of reference 
concepts in a hierarchical fashion. It has an overall aver-
age accuracy rate of 92.39% for the six major citation 
styles. Meanwhile, Flux-CiM automatically constructs 
ontology from an existing set of sample metadata records 
for a given area. The precision and recall rates are above 
94% for both the HS dataset and the CS dataset. 

In this paper, we propose a new citation parser called 
BibPro, which retains the advantages of our previous 
work [22, 23] (e.g., it uses protein sequences to represent 
citations and employs BLAST to find similar templates), 
and integrate the concept of knowledge-based approach 
and learning-based approach. Instead of relying on a 
knowledge database and heuristic rules, BibPro devel-
oped a canonicalization algorithm to systematically cap-
ture the structural features of a citation string and store 
these features in a sequence template. To maintain a se-
quence template database, BibPro needs some labeled 
citation string to construct sequence template and trains a 
score matrix for sequence alignment like other supervised 
machine learning approach. While the role of sequence 
template database like an external reference to aid citation 
parsing, thus it only partially influence the performance 
of BibPro. Besides, we choose the structure of citations 
(such as the order of fields and how many fields appear 
in citations) as the global features used in sequence tem-
plate, while other learning-based approaches focus on 
features extracted from content of citations. Hence, the 
diversity of global features of citation strings is much less 
than the textual features of citation strings, we can easily 
obtain sufficient global feature information from few la-
beled citation strings. Thus only few sequence templates 
can help BibPro to achieve a stable performance. A re-
search initiative closely related to our work is called Pa-
raCite1, which has been integrated with the EPrints.org 
software. 

3 PROBLEM FORMULATION 
In this paper, we refer to a citation string as a textual 
string which is used to present the metadata of an aca-
demic publication in a specific formatting style. Typical 
elements of a metadata include author, title, and publica-
tion information. These fields are usually separated by 
punctuation marks in a citation string. We then formulate 
citation parsing problem as follows. Given a semi-
 

1 http://paracite.eprints.org/ 
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structured citation string S, S = {Field1 Delimiter1 Field2 
Delimiter2 Field3 Delimiter3 ...}, where Fieldi are fields in 
the metadata, and Delimiteri are some symbols to sepa-
rate fields. In this paper, we are interested in retrieving 
the following seven citation fields in a citation string: Au-
thor, Title, Venue, Volume, Issue, Page, and Date.  

4 BIBPRO: A CITATION PARSER 
In our observation, given its metadata, a citation string 

can be rewritten into a canonical string consisting of sym-
bols corresponding to its Fields and Delimiters. Two cita-
tion strings of the same citation format usually have simi-
lar canonical strings. On the other hand, canonical strings 
of two citation strings of different format are not quite 
similar.  

Our strategy of solving the citation parsing problem, 
thus, is to rewrite a given citation string into a canonical 
form. However, without prior knowledge of its metadata, 
the boundary between fields and delimiters of a citation 
string are not trivial. For example, some punctuation 
marks used as delimiters may also appear inside a certain 
fields. Besides, sometimes it is also hard to determine the 
type of a field by its content, and the order of fields varies 
among differnt citation formats. Thus our strategy is to 
rewrite one such citation string such that structured in-
formation associated with its citation style is preserved as 
much as possible while textual information of the specific 
citation string are removed as much as possible.  

Our methodology, call BibPro, then stores a set of cita-
tion strings with given metadata into the template data-
base by storing for each citation string its canonical string 
and addition style information; denoted as “sequence 
template”. A query citation string can then be processed 
into its canonical string and matched against canonical 
strings stored in the sequence template database. Style 
information of the similar canonical string is then re-
trieved and used to parse the query string into its metada-
ta. 

BibPro can be divided into two primary modules, i.e., 
template database construction and query processing as 
shown in Fig. 1. In constructing template database, we are 
given a set of pairs of citation string and associated meta-
data. In the template database, structural features infor-
mation, i.e., INDEX FORM and STYLE FORM, of each 
citation string is stored.  A STYLE FORM is a symbolic 
representation of a citation string in which each field of 
metadata as well as each punctuation mark is represented 
by a single symbol respectively. INDEX FORM is a canon-
ical symbolic representation of a citation string so that it 

will be used later to align with a given query citation 
string. In query process module, a given query string is 
first converted into its INDEX FORM using the canonica-
lization algorithm. The query INDEX FORM is then used 
to search the template database for similar INDEX 
FORMS. A detailed alignment algorithm is performed on 
STYLE FORM of templates with INDEX FORMS similar 
to that of the given query citation string. We then make 
use of detail alignment information to give the final pars-
er output. 

In subsection 4.1, we present the canonicalization algo-
rithm; the more detail of template database construction 
modules and query processing module are described in 
subsection 4.2 and subsection 4.3 respectively. 

 

 
Fig. 1. The workflow of BibPro 

4.1 Canonicalization algorithm 
The format of a citation string is semi-structured. Al-
though it is difficult to find regular rules to parse the 
structure precisely, we can easily recognize some com-
mon features in citation strings; for example, double quo-
tation marks are often used as separator to indicate the 
title field. However these common features cannot be 

Fig. 2. An example of a BASE FORM, RESULT FORM, INDEX FORM and STYLE FORM 
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Chomsky Noam, . 1956 . Three model for the description of language . IRE Transactions Theory . 2 ( 3 ) 113 - 124CITATION
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used directly to devise rules because they contain various 
levels of noise. For example, double quotation marks also 
appear inside the title field, which confuses the parser 
when extracting that field. Therefore, to reinforce the 
structural features and filter out redundant noise, we use 
a canonical string to represent structural feature of cita-
tion string. The structural features include the fields that 
appear in the citation string, the kind of delimiter be-
tween each field, and the combination order of fields in 
the citation string. We considered the many sequence 
alignment techniques in bioinformatics and choose pro-
tein sequence as canonical string to represent structural 
feature of citation string.  

To capture the structural properties from semi-
structured citation string, we design a canonicalization 
algorithm in BibPro. The canonicalization algorithm is 
based on the observation: The combination of some term 
in a field (reserved word) and punctuation mark may 
have enough knowledge to describe the structure of cita-
tion. Thus the canonicalization algorithm is designed to 
extract these knowledge in a systemically way. The de-
sign issue includes: (a) Representing citation string in a 
simple format to reduce the diversity of textual feature 
and keep it structural information. (b) Finding the re-
served words which is representative and include the 
structural knowledge. (c) Finding the dependency be-
tween reserved word and punctuation mark to recon-
struct the structure of citation. We divide canonicalization 
algorithm into three components: (1) encoding table (2) 
reserved words and (3) blocking patterns. The encoding 
table assigns each meaningful semantic unit a symbol to 
simplify the complexity of data format (see Section 4.1.1). 
Reserved words and blocking patterns are used to cap-
ture the contextual features and local structure inside 
fields (see Section 4.1.2 and 4.1.3). According to the ca-
nonicalization algorithm, we define the BASE FORM and 
INDEX FORM to represent a query citation string, and 
define the RESULT FORM and STYLE FORM to represent 
structural information of a citation style. Fig. 2 shows an 
example of BASE FORM, RESULT FORM, INDEX FORM 
and STYLE FORM of a citation string. The more detail 
will be described in the following subsection. 

4.1.1 Encoding Table 
Encoding table is used to map tokens in citation strings to 
symbols in protein sequences. We use the symbol to en-
capsulate the semantic units of the citation string, includ-
ing metadata elements and punctuation marks. To do this, 
we needed to resolve the following questions: 

 How many symbols can be used in a protein sequence? 
 How many fields should be extracted from a citation 

string? 
 Which kinds of punctuation marks should be treated 

as delimiter?  
 How can we transform a citation string into a protein 

sequence and retain its structural features? 
To address above questions, we collected an annotated 

citation strings dataset from the Web and created an en-
coding table according to the occurrence statistics of to-
kens, shown as Table 1. The design of the encoding table 

is based on the following principles. 
 We classify tokens of citation strings into two catego-

ries: field token and delimiter token.  We considered 
BLAST only processes sequences with 23 symbols, so 
we use the 23 symbols to represent different fields and 
delimiters to keep the citation’s structural feature in 
the sequence. 

 
Table1 Encoding Table 

 
 Fields tokens: The most common fields in a citation 

string are: author, title, venue, volume, issue, page, 
and date. We focus on extracting these fields from a ci-
tation string and assign a symbol for each field. Note 
that, we also use symbols to present the editor, institu-
tion and publisher fields because they may confuse 
the parser and cause mistakes. For example, the con-
tents of author field and editor field are both personal 
name, so we need to use additional symbols to discri-
minate them. Besides, when processing a citation 
string, we do not know its metadata in advance; so 
many tokens cannot be recognized directly. For exam-
ple, a token “of“ may belong to the title field or the 
venue field, while a token “11“ may belong to the vo-
lume field or the page field. However, these tokens 
still provide some information that could help the 

Category Symbol Representation Field 

Field Token 

A Author 

T Title 

L 
Venue (Journal, BookTitle, Technical 

Report) 

V Volume 

W Issue 

P Page 

Y Date (Year Month) 

F Editor 

S Institution 

M Publisher 

X Unknown Single Token 

B Unknown Continuous Token 

N Numeral Token 

Delimiter Token

R , 

D . 

G " 

E ' 

C : 

Z ; 

H - 

I ( [ < { 

K ) ] > } 

Q / _ ! @ # $ % ^ & * + = \ | ? 。~ 
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parser make decisions. Therefore, we assign a symbol 
to each of these unknown tokens, such as a numeral 
token ‘N’, a single unknown token ‘X’ or continuous 
unknown tokens ‘B’.  

 Delimiter tokens: In citation format, punctuation 
marks are always treated as delimiters between differ-
ent fields. We calculate the occurrence times of all 
punctuation marks which be treated as delimiter in 
the annotated citation string dataset and assign differ-
ent symbols to the top 9 most appeared ones (here Pa-
rentheses are a pair of curved marks that we assign 
two symbols I and K). However, some punctuation 
marks are used within a field: for example, the punc-
tuation marks “!“, “?“ may appear in the title field, 
while “-“ always appears in the page field. To address 
this issue, we use one symbol “Q” to represent punc-
tuation marks that do not have a partitioning function. 

Note that, when we have a citation string and its asso-
ciated metadata, we can directly transform each token of 
a citation string into its corresponding symbol. We call 
this sequence RESULT FORM as shown in Fig.2. A cita-
tion parsing problem is equal to transform a citation 
string into a RESULT FORM. 

4.1.2 Reserved Words 
In the encoding process of a query citation string, we do 
not know the metadata in advance. We use reserved 
word to recognize the token belong to which fields. A 
reserved word defined here is a term that only appears in 
a specific field. For example, “pp“ is a reserved word for 
the page field, and “vol“ is a reserved word for the vo-
lume field. However, not all fields have explicit reserved 
words. We design an automatic way to select reserved 
words for each field of a citation string. The selection 
principle is that, words which have higher term frequen-
cy in a specific field than in other fields should be treated 
as reserved words for that field; while words that occur 
frequently in all fields should be avoided. The selection 
process computes a weight for each term in an annotated 
citation string dataset by using the following formula. For 
a term ti within the particular citation field fj, the term 
frequency is defined as follows. 

,
,

,

i j
i j

k j
k

n
tf

n
=
∑

 

, where ni,j is the number of occurrences of the term ti in 
the field fj , and the denominator is the sum of number of 
occurrences of all terms in field fj . 

The inverse field frequency (iff) is a measure of the 
general importance of the term (obtained by dividing the 
number of all fields by the number of fields containing 
the term, and then taking the logarithm of that quotient). 

 
{ }

log
:i

i

F
iff

f t f
=

∈
 

, where |F| is the total number of fields in the dataset, 
{ }: if t f∈ is the number of fields where the term ti 

appears. Then the weight of term ti for field fj can be com-
puted as follows. 

, ,( )i j i j itf iff tf iff− = ×  

A high weight in tf–iff is reached by a high term fre-
quency (in a specific field) and a low field frequency of 
the term in the whole citation string dataset; the weights 
hence tend to filter out common terms. 

If we use too many reserved words in the process, the 
encoding results would be dataset dependent. To reduce 
such effect, we only select few reserved words in each 
field. Besides, we also use common knowledge for some 
specific fields. For example, we adopt the name abbrevia-
tion as an important feature in the author field. Table 2 
shows the reserved words we use for each field; Note that 
journal, book title and technical report are subdivisions of 
the venue field, and the month and year are subdivisions 
of the date field. 

 TABLE 2 THE RESERVED WORDS USED IN BIBPRO 
Field Encoded Knowledge or Keyword 

Author Name abbreviation  

Journal “Transactions”, “Trans”, “Journal”   

Booktitle 

(Conference)

“Proceedings”, “Proc”, “Workshop”, “Conf”, “Confe-

rence”, “Symposium”, “Sympos”, “Symp”, “Interna-

tional”, “Intern”, “Annual”, “Annu” 

Technical 

Report 

“Tech”, “rep”, “Rpt”, “TR”, “Master”, “Masters”, “Ph”, 

“PhD”, “Thesis”, “thesis”, “Dissertation”, “disserta-

tion” 

Volume “Volume”, “volume”, “Vol”, “vol”, “Vo”, “vo” 

Issue (Num-

ber) 

“Number”, “number”, “Nr”, “nr”, “No”, “no”, “NO”, 

“Nos” 

Page 
“pp”, “page”, “pages”, “PP”, “Page”, “Pages”, “pg”, 

“PG” 

Month 

“January”, “February”, “March”, “April”, “May”, 

“June”, “July”, “August”, “September”, “October”, 

“November”, “December”, “Jan”, “Feb”, “Mar”, 

“Apr”, “Jun”, “Jul”, “Aug”, “Sep”, “Oct”, “Nov”, “Dec”, 

“Sept” 

Year 1900-2010 

Editor 
“eds”, “Eds”, “editors”, “Editors”, “editor”, “Eds”, 

“ED”, “Ed”, “ed”, “edited” 

Institution 
“University”, “Univ”, “Department”, “Dept”, “Corpo-

ration” 

Publisher “Press”, “Pub”, “Publishers”, “Inc”, “Publications” 

 
According to the reserved word, we can encode a citation 
string into a protein sequence without metadata. We call 
this sequence BASE FORM, as shown in Fig. 2. Thus, the 
goal of the parsing process is to transform a citation string 
from its BASE FORM into its RESULT FORM. 



6 IEEE TRANSACTIONS ON JOURNAL NAME,  MANUSCRIPT ID 

 

4.1.3 Blocking Patterns 
After defining the reserved words, our next step is to find 
the dependency between reserved words and punctua-
tion mark inside each citation field. We treat these de-
pendencies as local structure of citation string, because 
some regulations always are used inside citaiton fields, 
like the abbreviation of author name and the format of 
page number. By encoding citation string into BASE 
FORM, these local structures can be easily recognized as 
some specific patterns often appear in specific fields. For 
example, “ADXRA“ is a pattern that often appears in the 
author field, and its structure starts with an “A“ and ends 
with an “A“. We can easily recognize that pattern “AD-
XRA“ belongs to the author field; similarly, title field is 
always composed of continuous unknown tokens, such as 
“BBB... “, and page field always has patterns like “PDN“. 
Since these patterns express common structure rules for 
all citation styles, we can use them to reinforce the struc-
tural features of a citation string. According to these pat-
terns, we can group tokens in the same field into a block 
unit and assign a representative symbol, which can keep 
the integrity of semi-structured information and can sim-
plify the complexity of the problem. We call it blocking 
pattern.  

In order to efficiently collect block patterns, we trans-
form an annotated citation strings dataset into BASE 
FORM, and use two criteria to select block patterns: pat-
tern frequency and regular expression. Since blocking 
patterns always appear in higher frequency in specified 
field, we can use the occurrence of frequency as a simple 
filter to select block patterns. However, some high fre-
quency patterns like the combination of unknown token 
and punctuation mark cannot be directly blocked as one 
unit, because it may loss the structural information. 
Therefore, we need some domain knowledge to distin-
guish between blocking patterns and un-blocking pat-
terns. According to the classification of encoding table, 
we can use regular expression to describe simple domain 
knowledge of a set of patterns. For example, 
“A[^LVWPYSF]+A“ expresses the structure starting with 
an “A“ and ending with an “A“, and the structure does 
not include other field's reserved word. The physical 
meaning of this regular expression is that reserved words 
in the author field may have punctuation marks between 
each other, but these punctuation marks do not have par-
tition function, thus we can use the regular expression to 
collect blocking patterns in author field, which are used to 
deal with punctuation marks inside author field. Similar-
ly, the same concept can be used to collect blocking pat-
terns in other field. Table 3 shows the regular expression 
we used in each field to search blocking patterns. Accord-
ing to the pattern frequency and regular expression, we 
can easily obtain blocking patterns from an annotated 
citation string dataset (see Supplemental Material for 
block patterns we used in our experiment).  

 

TABLE 3 REGULAR EXPRESSION FOR AUTHOR, VENUE, 
VOLUME, PAGE AND ISSUE FIELDS 

Field Regular Expression 

Author A[^LVWPYSF]+A 

A[^LVWPYSF]*[BX] 

[BX][^LVWPYSF]*A 

Venue L[^AVWPYSF]+L 

L[^AVWPYSF]*[BX] 

[BX][^AVWPYSF]*L 

Volume V[^ALWPYSF]*N 

Page P[^ALVWYSF]*N 

Issue W[^ALVPYSF]*N 

 
Fig. 3 shows an example of the blocking process. If a 

sequence has a substring equal to the block pattern, we 
use a representative symbol to replace the pattern and 
record its start position and end position. Then, we repeat 
the above process until no more patterns can be found in 
the sequence. For example, “ADXRA” and “XA” are 
block patterns in author field. The substring “AD-
XRADXRXA” can be transformed to “ADXRXA” in step 1, 
and then be transformed to “ADXRA” in step 2. Finally, it 
will be transformed to “A”. If the sequence has enough 
reserved words and pattern information, several fields 
can be recognized after the blocking process; for example, 
in Fig. 3, the author, venue, volume, page and date fields 
can be recognized.  

 

 

Fig. 3. An example of the blocking process 

In canonicalization algorithm, a citation string can be 
encoded to a BASE FORM or a RESULT FORM. The dif-
ference is that the RESULT FORM is encoded with its 
associated metadata, whereas the BASE FORM is encoded 
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according to reserved words. The BASE FORM and RE-
SULT FORM can be further processed to INDEX FORM 
and STYLE FORM. The INDEX FORM is transformed 
from the BASE FORM according to the blocking process. 
Since the INDEX FORM is constructed without metadata 
and it contains information about the order of punctua-
tion marks, which can be used to partially represent the 
structure of a citation string, we can use it to determine 
which citation string has a similar structure. Because it is 
like an index used in a conventional database, we call this 
sequence “INDEX FORM”. The STYLE FORM is trans-
formed from the RESULT FORM and is used to maintain 
the citation’s structural features. Although the RESULT 
FORM can represent style information for a specific cita-
tion string, it contains a great deal of excess information, 
such as the length of the author, title, and journal fields. 
To address this problem, we adopt the concept of block-
ing process. Specifically, we condense the redundant in-
formation in the RESULT FORM by using a symbol to 
represent each field in the citation string. Since this se-
quence generalizes the citation style information of RE-
SULT FORM, we call it “STYLE FORM“. INDEX FORM 
and STYLE FORM enable us to store information about a 
citation’s style in a database. 

4.2 Template database construction 
We define a sequence template to store structural fea-

ture of citation format. A sequence template is a pair of 
two sequences: INDEX FORM and STYLE FORM which 
are transformed from the same citation string and asso-
ciated metadata. The goal of template database construc-
tion modules is to construct a database of sequence tem-
plates automatically. We divide the template database 
construction modules into two phases. The first phase 
focuses on collecting data, including citation strings and 
their associated metadata. The second phase processes 
this data to compile sequence templates. In the first phase, 
we can let the user input data or we can collect data from 
the Internet. We use a BibTeX file as the initial input be-
cause it is easy to retrieve such files from the Internet. 
Since the files are field-based, we can easily parse them to 
obtain the metadata for a citation string. Then, we use the 
title field as a query to search for a citation in CiteSeer or 
other search engine, e.g., Google. In this way, we can ob-
tain citation strings and their associated metadata.  

In the second phase, using the metadata of each cita-
tion, it is easy to transform the citation string into its 
STYLE FORM and INDEX FORM (see the canonicaliza-
tion algorithm). We treat these two sequences as one 
record in the template database. However, we do not 
store the record in the database directly because the data 
collected from Internet may be inconsistent with the me-
tadata of BibTeX file. For example, Fig. 4 shows two cita-
tion strings retrieved from CiteSeer by inputting the same 
title and they have different metadata. Thus we should 
check which citation string is consistent with the metada-
ta of the BibTeX file. Moreover, even if only one citation 
string found by CiteSeer, the format of metadata of Bib-
TeX file may be inconsistent with the format of metadata 
in found citation string. Since the construction of RESULT 

FORM and STYLE FORM depend on the correct metadata 
information, we designed a template filter to check 
whether a citation string is consistent with its metadata. 

The filter processes sequence templates by evaluating 
their accuracy and applying some simple rules. Specifical-
ly, we parse the citation string with the created sequence 
template, and use the metadata in the BibTeX file to eva-
luate the parsed answer. We use F-Measure > 80% as cri-
terion (see Section 5.1 for more detail) to check if the accu-
racy is acceptable, and we check whether the STYLE 
FORM of the template satisfies the following rules: 1) the 
author, title and journal symbols cannot appear more 
than once in a citation string; and 2) the symbols which 
represent different fields should be partitioned by punc-
tuation marks. Then, we can store qualified sequence 
templates into the database. 

 

 
Fig. 4. The citation interface of CiteSeer. Note that more than one 
citation string may be found in the same query title 

4.3 Query processing 
In the query processing modules, we use sequence 

alignment techniques to transform a citation string into its 
RESULT FORM and further map each field to the given 
citation string. When a query citation string is input to the 
query processing module, it first covert to INDEX FORM 
by the canonicalization algorithm, then it passes through 
three stages: 1) sequence matching 2) alignment extrac-
tion and 3) post processing. In the sequence matching 
stage, BibPro uses BLAST to search the sequence tem-
plates database by matching similar INDEX FORMs. A 
BLAST search enables a researcher to compare a query 
sequence with a database of sequences that uses a score 
matrix to evaluate the search result. We use BLAST as a 
template search tool by modifying the score matrix. 

The construction of the score matrix is based on the 
concept of BLOSUM [26], which are used to score align-
ments between evolutionarily divergent protein se-
quences. The BLOSUM are constructed from a large and 
diverse sample of sequence alignments. In our case, we 
treat the sequence template database as the sample of 
sequence alignment. Since one sequence template is trans-
formed from BASE FORM and RESULT FORM as shown 
in Fig. 2, we take BASE FORM and RESULT FORM as one 
pair of alignment. To calculate our score matrix, the fol-
lowing equation is used: 
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1( ) log( 0.5)ij
ij

i j

p
S

p qλ
= +

×
 

Here, pij is the probability of two symbols i and j align 
in the same column in BASE FORM and RESULT FORM, 
and qi and qj are the background probabilities of finding 
the symbol i and j in any sequence at random. We com-
pute the overall occurrence of a symbol in the alignment 
of BASE FORM and RESULT FORM from template data-
base to obtain the background probabilities. The constant 
0.5 is used to smooth to avoid zero probability of pij. The 
factor λ is a scaling factor, set such that the matrix con-
tains easily computable integer values. With the score 
matrix, BLAST assigns each sequence template a score 
which determine the degree of similarity with query cita-
tion string. Based on the score, we find a group of se-
quence templates that have similar citation styles. Note 
that, BLAST only given quick and rough results of possi-
ble sequence templates. Since a sequence template is 
composed of an INDEX FORM and a STYLE FORM, we 
obtain several STYLE FORMs which represent possible 
citation format for the query citation string.  

In the alignment extraction stage, we perform a de-
tailed alignment for the query citation string's INDEX 
FORM and sequence template's STYLE FORM as a 
second-round analysis. We adopt the Needleman-
Wunsch algorithm [24] as our detailed alignment algo-
rithm. Needleman-Wunsch algorithm is an example of 
dynamic programming which is guaranteed to find an 
optimal alignment with given score matrix. Note that, we 
use the same score matrix used in BLAST, the difference 
is that the dynamic programming is more accurate than 
BLAST but needs more computation time. Besides, we 
take length of gap into account. Considering that gaps in 
the alignment of INDEX FORM and STYLE FORM always 
represent attributes of a citation string. In our observation, 
INDEX FORM align to STYLE FORM may have a larger 
gap, rather than many small gaps. To account for this 
tendency, we adopt affine gap penalty in Needleman-
Wunsch algorithm. Affine gap penalty is to have a gap 
penalty for opening a gap, o, and a different gap penalty 
for extending the gap, e, which is smaller then gap open-
ing penalty. A gap of length l is then given a penalty o + 
(l-1)e. To let a few large gaps are better than many small 
gaps, we set open gap penalty 1 and extended gap penal-
ty 0.1. According to the detailed alignment algorithm, we 
can choose the STYLE FORM with the best fit and label 
the correct symbols for the query citation string. Fig. 5 
shows the relationship between a query citation string 
and the sequence templates in the sequence matching and 
alignment extraction. With the alignment information, 
BibPro changes unknown tokens in the INDEX FORM 
into its corresponding STYLE FORM, as shown in Fig. 6. 
Since each symbol of the INDEX FORM keeps the start 
and end positions of a specific field in a query citation 
string, it is straightforward to map the symbols of the 
INDEX FORM to the RESULT FORM and extract all the 
metadata correctly. 

In the post-processing stage, BibPro analyzes the ex-
tracted metadata; for example, the date field can be sub-

divided into year and month, and the venue field can be 
divided into journal, book title and technical report. We 
match reserved words to derive a simple classification. 
For the date field, if the token is a numeral and its range is 
from 1900 to 2010, we classify it into the year field; 
meanwhile, if the token matches the month reserved 
word shown in Table 2, we classify it into the month field. 
Similarly, for the venue field, we decide the venues of 
journals, book titles and technical reports based on their 
reserved words. Post-processing allows us to utilize the 
symbols more efficiently.  
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Fig. 5. The relationship between a query citation string and the se-
quence templates in the parsing process 

 
Fig. 6. Aligning a query’s INDEX FORM and a template’s STYLE 
FORM to obtain the RESULT FORM 

5 EXPERIMENTS AND RESULTS 
To give a comprehensive evaluation, we use several 
benchmarks to measure the performance and design dif-
ferent experiments to verify the feasibility and flexibility 
of BibPro. In Section 5.1, we describe benchmarks used in 
our experiments. In Section 5.2, we described the detail of 
our experiments.  In Section 5.3, we compare BibPto with 
existing tools and analyze factors which can influence the 
performance of BibPro. 

5.1 Evaluation Metrics 
We chose three datasets for our experiments. The first 
dataset, used in [11], contains 160,000 citations comprised 
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of six citation styles, namely, JMIS, ACM, IEEE, APA, 
MISQ, and ISR. The second dataset was created by the 
Cora project [14, 15]. It comprises 500 citation strings, 
each of which contains 13 fields: author, title, editor, book 
title, date, journal, volume, tech report, institution, pages, 
location, publisher, and notes. The third dataset, obtained 
from [13], contains 300 citation strings from the computer 
science (CS) domain and 2000 citation strings from the 
health science (HS) domain. The CS citations contain 10 
fields and the HS citations contain 6 fields. We denote the 
three datasets as D1, D2 and D3 respectively. 

Each dataset has its own characteristics. D1 has the 
most citations; however, they are more regular than those 
in D2 and D3 because they were generated from known 
metadata. The citation strings in D1 only differ in the or-
der of the fields and the separators in the fields. In other 
words, the dataset has fewer variations in the citation 
formats. D2, which is a widely used dataset, comprises 
multiple styles and the diversity of the citation strings is 
much like that of real world data; however, it only con-
tains 500 citation strings and there are some errors in the 
labeling. D3 focuses on specific domains. The CS do-
main’s citations contain some labeling errors, e.g., the 
publisher field is labeled as the journal field. To evaluate 
BibPro more precisely, we rework the D2 dataset and the 
CS domain of D3. The changes include subdividing the 
volume field into volume and issue in D2; re-labeling the 
journal field in D3 as the book title field; and correcting 
some labeling errors. We have made our experimental 
data sets available at 
http://csclws.iis.sinica.edu.tw:8080/input.jsp  to facilitate 
further comparison. 

We use two measurements to assess the performance 
of BibPro on the datasets. The first measurement which is 
defined in [11] is (1). 

         
Number of correctly extracted fieldsAccuracy

Total number of fields
=               (1) 

 
This measurement focuses on the field-level, which 

means that a field can only be deemed correctly extracted 
if every token in the field is correctly extracted from the 
citation string. 

The second measurement focuses on the token-level. It 
is comprised of three well known metrics: the precision 
rate, recall rate, and F-measure, which are also used in [13, 
21]. They are calculated as follows. 

Let A be the number of true positive tokens, B be the 
number of false negative tokens, and C be the number of 
false positive tokens. The formulas for the precision, re-
call and F-measure are (2), (3) and (4). 

                    
APrecision    

A C
=

+
                                                          (2) 

ARecall    
A B

=
+

                                                               (3) 

2 Precision RecallF-Measure
Precision Recall
× ×

=
+

                                 (4) 

 

By using these two measurements, we can compare 
BibPro with other systems and derive more reliable expe-
riment results. 

5.2 Experiment Results 
We design three experiments to verify the performance of 
query process module, practicality of template database 
construction module and improvement compared with 
previous version. 

5.2.1 Performance Evaluation 
In the first experiment, we evaluate the performance of 
the query process; thus, we construct the template data-
base from the dataset itself and derive the score matrix 
from the template database. For the D1 dataset, since each 
citation has 6 definite citation styles, we randomly se-
lected 10,000 citations as the training set to build the tem-
plate database and another 10,000 citations for testing. D2 
and D3 datasets mix different citation styles, which are 
difficult to differentiate; therefore, we use 5-fold cross-
validation to validate both datasets. Tables 4 and 5 show 
the results for D1 and D2 respectively; and Tables 6 and 7 
show the results for D3. Since journal, book title and tech 
report are extracted from the venue field during post 
processing, we list their results at the end of the table to 
show the performance of post processing. From these 
results, we observe that BibPro performs best on the D1 
dataset, with an average F-measure of 98.35% and an av-
erage field-accuracy rate of 96.86%, followed by the D3 
dataset and then the D2 dataset. These results imply that 
the query processing performs better when the template 
database is consistent with the test data. Since D1 is gen-
erated from known metadata and targets 6 specific cita-
tion styles, the constructed template database is sufficient 
to cover the 6 styles. Similarly, D3 is derived from a spe-
cific domain; thus, the citation styles in the template da-
tabase fit the test data well. On the other hand, D2 is a 
more diverse dataset, so it is more difficult to cover all the 
citation styles in the template database. Even so, the aver-
age F-measure is 92.60% and the field accuracy rate is 
87.57%, which is good enough for practical use. 

 

TABLE 4 EVALUATION RESULTS FOR D1 WITH 10,000 TRAIN-
ING – 10,000 TESTING 

 
Token-Level Field-Level

Precision Recall F-Measure Accuracy 

Author 99.37% 99.33% 99.35% 98.13% 

Title 99.54% 96.9% 98.21% 94.93% 

Venue 98.14% 98.14% 98.14% 96.80% 

Volume 96.37% 98.07% 97.21% 97.59% 

Issue 99.04% 94.79% 96.87% 93.38% 

Page 99.65% 98.85% 99.25% 98.10% 

Date 99.31% 99.50% 99.41% 99.10% 

Average 98.77% 97.94% 98.35% 96.86% 
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Journal 99.12% 92.80% 95.86% 92.20% 

BookTitle N/A N/A N/A N/A 

TechReport N/A N/A N/A N/A 

 

TABLE 5 EVALUATION RESULTS FOR D2 WITH 5-FOLD CROSS 
VALIDATION 

 
Token-Level Field-Level

Precision Recall F-Measure Accuracy

Author 96.01% 97.47% 96.72% 89.55% 

Title 97.12% 94.35% 95.71% 90.07% 

Venue 92.48% 88.54% 90.39% 78.79% 

Volume 84.81% 88.41% 86.41% 86.75% 

Issue 77.77% 93.85% 84.92% 78.51% 

Page 97.28% 96.71% 96.99% 95.08% 

Date 97.76% 97.34% 97.04% 94.25% 

Average 91.89% 93.81% 92.60% 87.57% 

Journal 66.65% 88.13% 75.70% 85.60% 

BookTitle 97.39% 82.38% 89.14% 65.86% 

TechReport 86.93% 78.07% 81.72% 58.53% 

 

TABLE 6 EVALUATION RESULTS FOR THE CS DATASET IN D3 
WITH 5-FOLD CROSS VALIDATION 

 
Token-Level Field-Level

Precision Recall F-Measure Accuracy

Author 97.41% 99.51% 98.43% 98.67% 

Title 99.41% 98.75% 99.07% 98.32% 

Venue 100.00% 99.53% 99.76% 98.31% 

Volume 98.97% 98.00% 98.42% 98.18% 

Issue 100.00% 96.00% 97.78% 97.50% 

Page 99.66% 98.11% 98.88% 97.84% 

Date 92.16% 99.39% 95.61% 90.96% 

Average 98.23% 98.47% 98.28% 97.11% 

Journal 95.20% 90.68% 92.49% 93.70% 

BookTitle 98.74% 99.06% 99.89% 97.51% 

TechReport N/A N/A N/A N/A 

 

TABLE 7 EVALUATION RESULTS FOR THE HS DATASET IN D3 
WITH 5-FOLD CROSS VALIDATION 

 
Token-Level Field-Level

Precision Recall F-Measure Accuracy

Author 95.20% 99.71% 97.40% 93.20% 

Title 99.85% 95.91% 97.84% 93.06% 

Venue 97.26% 99.44% 98.30% 98.90% 

Volume 99.85% 98.64% 99.24% 98.95% 

Issue N/A N/A N/A N/A 

Page 100.00% 97.07% 98.51% 96.99% 

Date 98.38% 100.00% 99.18% 99.00% 

Average 97.53% 98.31% 97.89% 96.48% 

Journal 97.97% 89.26% 93.39% 93.19% 

BookTitle N/A N/A N/A N/A 

TechReport N/A N/A N/A N/A 

 

5.2.2 Practicality Evaluation 
In the second experiment, we evaluate the practicality 

of the template database construction. Since it is difficult 
to collect every citation style to construct a universal tem-
plate database, we focus on the automatic construction of 
the template database. In this experiment, we construct a 
default template database by the following steps. First, 
we obtain a BibTeX file from CiteSeer and choose the title 
field to search for citation strings in CiteSeer. Then, we 
use the extracted citation strings and their corresponding 
metadata to construct a template database automatically. 
Similarly, the score matrix is derived from this con-
structed template database. Next, we use BibPro to eva-
luate the 10,000 citations of D1 used in Experiment 1, and 
the complete D2 and D3 datasets with this template data-
base. Tables 8 and 9 detail the results for D1 and D2 re-
spectively; and Tables 10 and Table 11 detail the results 
for D3. The results show that, even though the template 
database is not derived from the dataset itself, the average 
field accuracy is higher than 80%. Note that the average 
field-accuracy of D2 is 88.19%, which is higher than the 
field-accuracy under 5-fold cross validation; on the other 
hand, the average field-accuracy of the HS-domain in D3 
is 77.76%, which is much lower than the field-accuracy 
under 5-fold cross validation. This observation implies 
that the distribution of the citation styles in the default 
template database is consistent with that in D2, but it dif-
fers substantially from the distribution in the HS-domain 
of D3. To verify the flexibility of BibPro, we add 100 la-
beled citation strings from the HS-domain in D3 to the 
default template database without changing the score 
matrix and use it to evaluate the HS-domain. To prevent 
an imbalance in the distribution of the citation styles, we 
partition the HS-domain dataset into 20 subsets, each con-
taining 100 labeled citation strings. Each subset is added 
to default template database and used to evaluate the 
complete HS-domain dataset. The 20 results are then av-
eraged to produce a single estimate. The average F-
measure is 97.80% and the average field-accuracy is 
96.18%. Fig. 7 compares the original default template da-
tabase with the default template database containing the 
100 labeled citation strings. Based on the experiment re-
sults, we conclude that BibPro can quickly add new tem-
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plates that are consistent with the test data to achieve a 
reasonable performance. 
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Fig. 7 Comparison of the performance for the original template data-
base and the template database with additional 100 labeled citations 

TABLE 8 EVALUATION RESULTS FOR D1 WITH THE DEFAULT 
TEMPLATE DATABASE 

 
Token-Level Field-Level

Precision Recall F-Measure Accuracy

Author 98.67% 88.12% 93.10% 82.99% 

Title 95.39% 94.61% 95.00% 89.44% 

Venue 95.33% 69.65% 80.49% 69.32% 

Volume 94.68% 82.45% 88.14% 78.73% 

Issue 97.77% 86.58% 91.39% 84.24% 

Page 99.69% 97.27% 98.46% 96.71% 

Date 97.75% 98.61% 98.18% 97.44% 

Average 97.04% 88.18% 92.11% 85.55% 

Journal 96.55% 66.10% 78.48% 66.59% 

BookTitle N/A N/A N/A N/A 

TechReport N/A N/A N/A N/A 

 

TABLE 9 EVALUATION RESULTS FOR D2 WITH THE DEFAULT 
TEMPLATE DATABASE 

 
Token-Level Field-Level

Precision Recall F-Measure Accuracy

Author 96.79% 97.14% 96.96% 89.14% 

Title 98.21% 95.35% 96.76% 91.67% 

Venue 95.33% 84.26% 89.45% 70.69% 

Volume 82.62% 95.67% 88.67% 89.01% 

Issue 89.83% 92.98% 91.38% 92.39% 

Page 97.78% 93.62% 95.65% 91.23% 

Date 96.08% 97.30% 96.68% 93.21% 

Average 93.81% 93.76% 93.65% 88.19% 

Journal 78.09% 84.38% 81.11% 81.33% 

BookTitle 97.30% 81.16% 88.50% 59.64% 

TechReport 87.79% 66.23% 75.50% 36.67% 

TABLE 10 EVALUATION RESULTS FOR THE CS DATASET IN D3 
WITH THE DEFAULT TEMPLATE DATABASE 

 
Token-Level Field-Level

Precision Recall F-Measure Accuracy

Author 97.78% 95.47% 96.61% 92.64% 

Title 97.77% 94.55% 96.13% 91.64% 

Venue 98.87% 97.55% 98.21% 87.88% 

Volume 90.15% 95.20% 92.61% 85.96% 

Issue 96.43% 88.52% 92.31% 87.23% 

Page 99.52% 96.26% 97.86% 95.24% 

Date 91.35% 98.48% 94.78% 88.85% 

Average 95.98% 95.15% 95.50% 89.92% 

Journal 91.47% 76.62% 83.39% 72.58% 

BookTitle 97.97% 98.29% 98.13% 90.28% 

TechReport N/A N/A N/A N/A 

 

TABLE 11 EVALUATION RESULTS FOR THE HS DATASET IN D3 
WITH THE DEFAULT TEMPLATE DATABASE 

 
Token-Level Field-Level

Precision Recall F-Measure Accuracy

Author 90.42% 96.46% 93.34% 85.69% 

Title 93.89% 84.34% 88.86% 72.96% 

Venue 84.89% 75.17% 79.73% 52.15% 

Volume 98.61% 90.31% 94.28% 90.02% 

Issue N/A N/A N/A N/A 

Page 99.64% 90.87% 95.05% 90.81% 

Date 96.49% 76.94% 85.61% 74.94% 

Average 93.99% 85.68% 89.48% 77.76% 

Journal 84.25% 66.37% 74.25% 48.80% 

BookTitle N/A N/A N/A N/A 

TechReport N/A N/A N/A N/A 

5.2.3 Blocking v.s Non-Blocking 
In the third experiment, we compare BibPro with its pre-
vious version [23]. The main difference between the two 
versions is that the previous version does not have the 
blocking mechanism and the score matrix is constructed 
manually according to domain knowledge; where the 
score matrix in current version is constructed automati-
cally.  

We apply the validation method used in Experiment 1 
to compare the performance with three conditions: (1). 
without blocking mechanism and use manually con-
structed score matrix. (2). with blocking mechanism and 
use manually constructed score matrix. (3). with blocking 
mechanism and use score matrix which automatically 
derived from template database. Fig. 8 and Fig. 9 compare 
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their performance on D1 and D2 respectively; and Fig. 10 
and Fig. 11 compare their performance on D3. The results 
demonstrate that blocking mechanism significant im-
prove the performance of BibPro, and the more diverse 
the dataset, the greater will be the improvement in the 
performance, especially in terms of the field-level accura-
cy. Interestingly, with the automatically constructed score 
matrix, BibPro perform better for some dataset (D3 CS); 
while the performance of other datasets are quite similar 
with which used manually constructed score matrix. It is 
clarify that we efficiently reduce the manual tuning effort 
of BibPro without losing the performance. 

 

 
Fig. 8. Comparison of the performance for the variation of the block-
ing mechanism and score matrix on the D1 dataset 

 
Fig. 9. Comparison of the performance for the variation of the block-
ing mechanism and score matrix on the D2 dataset 

5.3 Analysis 
Table 12 offers a summary of existing citation parsers and 
their provided benchmarks and evaluated metrics. To 
compare with other exist tools, we have to obtain all im-
plementation codes and benchmarks of those approaches. 
However, we cannot obtain all the implementation codes. 
The only things we can obtain are their benchmarks. 

Hence we choose to compare BibPro with each approach 
by using its own benchmark. To evaluate system perfor-
mance, we use both field-level and token-level evaluation 
metrics.  

 

 
Fig. 10. Comparison of the performance for the variation of the 
blocking mechanism and score matrix on the CS dataset in D3 

 
Fig. 11. Comparison of the performance for the variation of the block-
ing mechanism and score matrix on the HS dataset in D3 

TABLE 12 EXISTING CITATION PARSER WITH BENCHMARK 

 algorithm feature benchmark evaluation metric

INFOMAP knowledge-base
INFOMAP Data 

(D1 DataSet) 
Accuracy 

(field level) 

Peng (CRF)
 machine  
learning 

Cora Data  
(D2 Dataset) 

F-Measure 
(token level) 

Flux-CiM knowledge-base
Flux-CiM Data 
(D3 DataSet) 

F-Measure 
(token level) 

ParsCit (CRF)
machine  
learning 

CiteSeerX Data 
F-Measure 

(token level) 
 

Fig. 12 summarized the performance of BibPro for differ-
ent benchmark and we add result of related works in this 
figure as a reference. In the field-level aspect, it is easy to 
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observe BibPro outperforms INFOMAP with an average 
accuracy of 96.86% versus 91.63% for INFOMAP. In the 
token-level aspect, BibPro seems perform better than 
Flux-CiM and ParsCit for their provided dataset, and 
seems perform worse than Peng (CRF) for Cora dataset 
(see Supplemental for actual experimental data). Howev-
er, Councill et al [29] reports ParsCit is largely compara-
ble with Peng (CRF). According to these results, we can-
not justify which system is better. It is worthy to mention 
that BibPro provides a stable performance for all bench-
marks in both field-level and token-level evaluations, 
where the average field accuracy is over 80% and average 
F-measure is over 90% for all benchmarks. From the fig-
ure, we observe that BibPro’s accuracy is highest on data-
set of INFOMAP, followed by Flux-CiM and Cora, and 
perform worse in CiteSeerX data. The results verify that 
D1 (INFOMAP) is the most regular dataset and D2 (Cora) 
and CiteSeerX are more diverse datasets. 
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Fig. 13. The learning curve of BibPro on the D2 dataset 

To demonstrate the robustness of our approach, we con-
duct a simple experiment on the Cora dataset. We take 
the first 350 citations in the dataset as training data, and 
the remaining 150 citations as test data. Then, we use dif-
ferent amounts of training data (from 10 to 350) to con-
struct the template database and evaluate the perfor-
mance. Fig. 13 shows the result of this experiment, which 
is like the learning curve graph of the general learning-
based approach. The figure shows that even though the 

template database only has ten templates, the average F-
measure result is over 80%. Moreover, the performance 
quickly becomes stable as the size of the template data-
base increases.  

Three important factors can influence BibPro’s perfor-
mance, namely the score matrixes, domain knowledge 
(reserved words and the blocking patterns) and the tem-
plate database. These factors can be automatically derived 
from labeled data. However, score matrixes derived from 
different dataset are quite similar between each other (see 
Supplemental Material for constructed score matrix). 
Thus we can fix the score matrix for practical use, such as 
our online service. For domain knowledge, we use the 
reserved words to replace knowledge databases, such as 
author databases and venue databases used in previous 
work. Since the performance of a knowledge database is 
dependent on the query data, using reserved words can 
achieve a more stable performance than ambiguous 
knowledge databases. Our experiment results show that 
even without a knowledge database, BibPro still yields a 
reliable performance. However, a knowledge database 
can be used to complement for particular types of query 
data. For example, Chinese Pinyin characters can be 
treated as reserved words in author field, because they 
rarely have ambiguous meanings in other fields. In fact, 
we use Chinese Pinyin characters as reserved words in 
our online service, and they obviously improve the per-
formance on data containing Chinese names. With regard 
to the blocking patterns, the experiment results show that 
the blocking mechanism can effectively improve the 
overall performance, especially the field-level accuracy. 
Meanwhile, for the template database, the experiment 
results show that the distribution of citation styles in the 
database directly influences the performance of the query 
processing. In addition, with the support of the template 
database construction module, users can easily add la-
beled data to ensure that the template database is consis-
tent with the query data. That is, users can optimize the 
performance of BibPro for specific requirement by adjust-
ing these factors. 
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Fig. 12. Comparison of the field accuracy rates of BibPro on different benchmarks 
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6 CONCLUSION 
Parsing citations is challenging due to the diverse na-

ture of citation formats. In this paper, we present a se-
quence-alignment based citation parser called “BibPro“. 
The basic concept of BibPro is to transform semi-
structured properties of a citation string into a sequence 
template, and apply sequence alignment techniques to 
further resolve the structured information. The effective-
ness and applicability of BibPro is demonstrated by expe-
riments on three benchmark datasets. Specifically, BibPro 
achieved over 90% field-level accuracy on all three 
benchmarks. In addition, BibPro can automatically con-
struct a template database using not-so-accurately labeled 
citation strings retrieved from the Web, and experiments 
show that its field-level accuracy is over 80% for the given 
datasets. BibPro is implemented to allow users to main-
tain a profile of templates in order to meet specific user 
requirements.  

 Our methodology can be applied to similar informa-
tion extraction problems in which a semi-structured text 
can be formulated as a string of multiple fields, S = {Field1 
Delimiter1 Field2 Delimiter2 Field3 Delimiter3 ...}. For ex-
ample, a web-based information provider usually stores 
information in database and presents information struc-
turally on web pages markup with additional html tags. 
By using the same idea to transform semi-structured text 
into a sequence template, our approach can be applied to 
solve the recognition problem of extracting the structured 
information embedded in the web pages [27][28]. We are 
interested in applying the approach presented in this pa-
per on some of these problems. We are also interested in 
designing a system to automatically extract publication 
information from web pages containing researchers' pub-
lication lists to provide a more comprehensive citation 
management service. Some preliminary studies can be 
found in  [25, 28]. 
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