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Abstract. In this paper we propose FLUX-CiM, a tool that extracts compase
of citations in any given format. Differently from relategsgems that rely on
manually built examples for recognizing the components dfaion, we rely
on an existing set of sample metadata records from a givea (@g., computer
science or health sciences). Our tool does not rely on pagtencoding specific
delimitators of a particular citation style. It is also ur@ervised, in the sense
that it does not rely on a learning method that requires artnag phase. These
features assign to our tool a high degree of automation anibiléy.

1. Introduction

Citation management is a central aspect of modern digitedris. Citations serve, for
example, as a fundamental evidence of the impact or signdeaf particular scientific
articles, and therefore of the research they report. Etialuaf individual’s performances
for promotions and grants may use citations as evidencealo&e competence and the
Impact of a researcher’s work. Citation management in aalijirary involves aspects
such as: (i) data cleaning to correct mistakes, such asrassigf of improper authorship
or splitting of a researcher’s production due to the use dfipie names in publications;
and (ii) removal of duplicates, mainly after data integrator data input tasks. Most of
the techniques to perform these tasks rely on the assumptibrve can correctly iden-
tify main components within a citation, such as authors’ egntitle, publication venue,
year, pages, etc. This, although is not an easy task due toietyvaf reasons such
as [Lee et al. 2007]: data entry errors, various citatiomfats, lack of (the enforcement
of) a standard, imperfect citation gathering software, wam author names, abbrevia-
tions of publication venues and large-scale citation data.

In this paper we present a tool for extracting components ita#tions in
any given format, which implements a knowledge-base (KB)raggh presented
in [Cortez et al. 2007]. Differently from similar systems buas [Embley et al. 1999,
Day et al. 2005] that rely on manually built knowledge-basesecognizing the compo-
nents of a citation, in our case, such a KB is automaticalhstmicted from an existing set
of sample metadata records from a given area (e.g., comguitarce or health sciences).
Such sample metadata records are very easy to obtain nosyddaynstance, by collect-
ing them directly from the web or by harvesting open archivéserefore, FLUX-CIM is
unsupervised, since it does not rely on a learning methdd¢lgaires a, sometimes very
expensive, training phase. It can be applied in any bibéipgic citation field as long as a



knowledge base can be constructed, which is easily doner@ldhively little effort as we
shall see.

The extraction process in our tool is based on: (1) estimgédtie probability of
a given term found on a citation to occur in a value of a giveatidn field according
to the information encoded in the KB, and (2) the use of gersgricctural properties of
bibliographic citations. This means that our approach daesely on patterns encoding
specific delimitators of a particular citation style. Th&signs to our tool a high degree
of automation and flexibility, as demonstrated by experitw@e have reported here. A
demo of the FLUX-CiM tool is available it tp://vitoria.dcc. uf am edu. br/
flux/.

This paper is organized as follows. Section 2 presents awieveof the FLUX-
CiM tool. Section 3 presents in details the method implenteimehe tool. Section 4
shows an experiment comparing FLUX-CiM with CRF, a state-bkatraction model.
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Figure 1. Overview of FLUX-CiM

The FLUX-CiM tool works as illustrated in Figure 1(a) and amample of inter-
face is shown in Figure 1(b). FLUX-CIiM takes as input a setitdtion strings often
using simple format converters that extract text from filr®DF and other popular for-
mats. A citation string is a text portion encompassing a detegitation from the list
of citations in a paper file. Our tool recognizes componefth@se citations using a
knowledge base angbtential delimiter characterfound in citation, as discussed below.

A knowledge base is a set of paifSB = {(m,0,),..., (m,,0,)} in which
eachm;, is a distinct bibliographic metadata field, afidis a set of string$o; 1, ..., 0;.n, }
calledoccurrencesintuitively, O; is set of typical values for fieleh;. In our implementa-
tion, the knowledge base is represented as an inverted auegosed by the terms found
in the occurrences. In Figure 2 we present a very simple ekaof@ knowledge base,
which includes only two metadata field&uthorandTitle.

A potential delimiter characteror p-delimiter, is any character other than words
(a—z) and numbersQ—9). We notice that we do not assume p-delimiters as field delim-
iters intrinsically. Instead, as explained below, we kemgk of them to verify if they
indeed are used as delimiters in the citation string beinggssed.



KB = { <AUth0T7 OAuthor>: <Titlez OT'Ltle>}
Oauthor ={ “J. K. Rowling”,“ Galadriel Waters”, “ Beatrix Potter” }

Orine ={ “Harry Potter and the Half-Blood Prince”,
“A Guide to Harry Potter”, “ Petter Rabbit's Halloween”}

Figure 2. A sample knowledge base.

3. The FLUX-CiM Method

The FLUX-CiM method consists of four steps, as illustratedrigure 3. In theblock-

ing step, citation strings are split in syntactic units caldéacks In thematchingstep, we
attempt to associate a citation metadata field to each blas&don the information avail-
able on the knowledge base. After this, in thiedingstep, blocks left unassociated in the
previous step are further analyzed for associations baséedr relative position on the
citation string. Finally, thgoining step composes metadata values by joining contiguous
blocks associated to the same field.

(a) Jobim A. C., Gilberto J. Bossa Nova: A New Harmonic Algorithm. MPB Surveys, 26(11): 1022-1036 (1965)

b) [Jobim A]. . | Gilberto J | [ Bossa Nova | : | A New Harmonic Algorithm |.[MPB Surveys |,[ 26] ( E ):[1022] -[1036] (1965 )
Author  2??  Author 1444 Title Journal Vol Pages Pages Year

c) [Jobim A]. . | Gilberto J | [ Bossa Nova |:| A New Harmonic Algorithm |.[MPB Surveys |, - El) - - (E)
Author Author _Author 222 Title Journal Pages Pages Year

d) [Jobim A].[C].,[Gilberto J | [Bossa Nova |:[ A New Harmonic Algorithm | .[ MPB Surveys |, -( E) [1022]-1036] (1965 )
Author Author _Author Title Title Journal Vol Pages Pages Year

e) [Jobim A].[C]. ,[Gilberto J].[Bossa Nova |:[ A New Harmonic Algorithm | .[MPB Surveys |,[26]( E) [1022]-[1036 ] ((1965])
Author Author Title Journal Vol N Pages Year

f) [Jobim A.C |.,[Gilberto J|.[Bossa Nova : A New Harmonic Algorithm |.[MPB Surveys |,[26]([11]): (1965))

Figure 3. An sample citation string (a) and the extraction st eps: blocking (b),
matching (c), binding (d and €), and joining (f).

3.1. Blocking

The first step in our extraction method consists of splitemgry citation string into sub-
strings we calblocks Let p; andp, be p-delimiters and’ be a citation string. A block

IS an string containing no p-delimiters that occurs in a segap;bp,., or bp,. whereb is a
prefix of C', or p;,b whereb is a suffix ofC'. In a same citation string, there could be more
than one block that will be associated to a same field. In Ei§b) the blocks identified
for our example citation string are marked with rectanglése rationale behind the idea
of identifying blocks is the observation that, in generalai citation string, every field
value is bounded by a p-delimiter, but not all p-delimiteosibd a field.

3.2. Matching

The matching step consists of associating each block withlegraphic metadata field.

To accomplish this, we match each block against the occecesecomposing the knowl-

edge base and evaluate to which field the block is more likeyetong to. To account for

this, we use for the matching a function we dafl (Field Frequency), which is an adap-
tation of the AF function proposed in [Mesquita et al. 200fhe FF function is defined

below.
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whereT'(m;) is the set of all terms found on the occurrences of metaddth/fig and
T'(b) is the set of terms found in blodk

The FF function estimates the probabilitytdieing a part of an occurrencef,
by evaluating how typical the terms inare in the occurrences of this field according to
the knowledge base. For this, we definfgess measun@hich attempts to measure how
typical a given term is for each field where it occurs. Foransg, in the occurrences of
Figure 2, the ternfrotter is more typical in fieldTitle than in fieldAuthor.

(1)

The fithness measure is computed by the following formula:

f(t7mi) « f(t>mi)
N(t) fmaw(mz)

where f(t,m;) is the number of occurrences, € O; associated with fieldr, in the
knowledge base which contain the tety,,....(m;) is the highest frequency of any term
among the occurrences;, € O;, andN(¢) is the total number of occurrences of tetm
in the knowledge base.

fitness(t,m;) = (2)

The first fraction in Equation 2 expresses the probabilityeofn ¢ be part of an
occurrence ofn; in the knowledge base. Such probability would be suitable@tw pur-
poses with alln; had the same number of occurrences in the knowledge basetthisAs
not true in general, fields with more occurrences would tenkdave higher probability
values. Therefore, we add the second fraction, as a noratializfactor to avoid this prob-
lem. This fraction gives the frequency bin occurrences of; normalized by maximum
frequency of a term in occurrencesof.

Thus, for each blockin the citation string, we calculatéF'(m;, b), for every field
m; in the knowledge base. Finally,is associated to the field which gives the maximum
FF value. However a block is leiitnmatchedf any of its terms is found in KB. In
Figure 3(c) unmatched blocks are labeled vd®? and matched blocks are labeled with
the names of their corresponding fields.

3.3. Binding

The binding step associates remaining unmatched blocks figids. There are three
distinct cases we considelhomogeneous neighborhqqgghrtial neighborhoodand het-
erogeneous neighborhooéfor each of these cases, we detail below the specific binding
strategy adopted.

Homogeneous Neighborhood

Let/ andr be matched blocks associated to a same fiel&uppose these blocks occur in
a sequence pg, ui, p1, - - -, Un, Pn, T, IN Which eachu; is a unmatched block and eagh

is p-delimiters. In this case, all; will be associated tan. An example of homogeneous
neighborhood is illustrated in Figure 3(c), where the blaoktaining the term “C” is
associated téuthorin Figure 3(d) since both of its neighbors are associatellisdfield.



Partial Neighborhood

Let b be a matched block associated to field Suppose this block occur in a sequence
I = uy,p1,...,uy, pp,bOrinasequence = b, py,uy,pi, ..., U, iNn Which eachy; is a
unmatched block and eaghis a p-delimiter. In this case, all will be associated tan.
Notice that in/, blocksu; begin the citation string, while in F, blocks end the citation
string.

Heterogeneous Neighborhood

Consider the example in Figure 3(c), where we must decidehghéte block containing
“Bossa Nova” should be associatedAathor, as the block on the left, or tditle as the
block on the right. In such situations, our method resortthé&available p-delimiters
surrounding the unmatched blocks, and verifies if which efritare indeed field delim-
iters. This verification is carried out based on the resulte® matching step for a set of
citations, where several blocks are labeled with theiregponding field. For instance, in
Figure 3, because “.” is likely to be a delimiter betwefuthorandTitle and “:” is likely

to be a character occurring in valueslatie, we would choose to associate “Bossa Nova”
to Title rather than taAuthor. These ideas are elaborated in the following.

Consider the sequentey, u1, p1, - - ., Un, pn, 7, Wherel andr are matched blocks
associated to distinct fields, andm,., respectivelyu; are unmatched blocks apgare
p-delimiters. Our problem is to determine, for each whether it will be associated
to m; or to m,. First of all, we consider that only one p-delimiteris indeed a field
delimiter. Based on this, once we find that somés a field delimiter, then we associate
all unmatched blocks; (0 < j < i) tom, i.e., same field as the block on the left, and
we associate all;, (i > k£ > n) tom,., i.e., same field as the block on the right.

Consider a functiorD(px, m;, m,.) that estimates the probability of a p-delimiter
pr being a field delimiter between blocks associated to fielgsandm,., respectively.
Thus, the problem of binding the sequence of unmatched blatthin a heterogeneous
neighborhood is solved by calculatidg(py, m;, m,.) for each p-delimitep, in the se-
guence. The functio® is precisely defined in [Cortez et al. 2007]. The field delimite
Is selected as the one for which this equation gives the dargdue. In Figure 3(e), for
instance, the block containing the term “Bossa Nova” is aased toTitle, sinceD(*.”,
Title, Authon < D(*.”, Title, Author).

3.4. Joining

The last step in our extraction method is joining togethettigoious blocks associated to
a same field to form the values of that field. For most of thesabés step is straightfor-
ward to accomplish; however, joining blocks associatedééd\uthorfield requires a more
careful procedure, since there may be several values ofi¢hdson each citation string.
In this case, we join every contiguous blodkgb;, except whem is an implicit delimiter
for separating the values guthor. We define a set of p-delimiters aalue delimiterdy
comparing the average length of values surrounded by theheievery citation string
with the average length &uthorvalues in the KB, as detailed in [Cortez et al. 2007]. In

Figure 3(f) we show théuthorvalues obtained with delimiter “,".



4. Experimental results and conclusions

We have experimented our method, and compared it with the-efzart in the literature,
Conditional Random Fields (CRF). As a result, the extractionityuzbtained by FLUX-
CiM, even without user intervention, reached F-Measurel$egbove 92% (almost 3%
higher in average than CRF). These experimental results virieened on three distinct
citation datasets, including CORA, the one used in the oriddRF paper, as shown
in Figure 4(a). In another experiment we carried out, resoittained showed that our
method is capable of dealing with several distinct citasbyles without compromising
the extraction quality, a feature not present in CRF whosaetitn quality degrades with
the number of distinct citation styles used, as illustratedigure 4(b). Some results of
this research were published at [Cortez et al. 2007]. Thdtseshbtained in these exper-
iments in comparison with the state-of-art research, leatbwegard our method as the
best cost effective method for metadata citation extradtidhe literature.
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