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Abstract: Term extraction is one of the layers in the ontology development process, which has the task to
extract all the terms contained in the input document automatically. The objective of this process is to generate
a list of terms that are relevant to the domain of the input document. In this study, we present a hybrid method
for improving the precision term extraction using a combination of Continuous Particle Swarm Optimization
(PSO) and Discrete Binary PSO (BPSO) to optimize fuzzy systems. In this method, PSO and BPSO are used to
optimize the membership functions and rule sets of fuzzy systems, respectively. The method was applied to the
domain of tourism documents and compared with other term extraction methods: TFIDF, Weirdness,
GlossaryExtraction and TermExtractor. From the experiment conducted, the combination of PSO-BPSO showed
their capability to generate an optimal set of parameters for the fuzzy membership functions and rule sets
automatic adjustment. Findings also showed that fuzzy system performance after optimization achieved
significant improvements compared with that before optimization and gave better results compared to those

four algorithms.
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INTRODUCTION

Term extraction 1s a prerequisite for all aspects of
ontology learning. A term is an instance of a recognisable
entity m a multimedia corpus that conveys a single
meaning withm a domain (concept). A recognizable entity
is something that can be recognized in corpora, such as
words or phrases in textual corpora, or areas mn iumages.
Since terms “lexicalize™ a concept, terms found in a corpus
usually represent candidate concepts that can enrich an
ontology. Thus, the main objective of term extraction is
the identification of terms in a corpus that possibly
convey concepts, which can be used for enriching an
ontology.

Many methods have been presented m the literature,
mainly for the processing of textual corpora. Most of
these are based on linguistic method, terminology and
NLP methed, while others are based on a
statistical/information retrieval method (Cimiano, 2006).
Many linguistic methods use shallow text processing
techniques such as tokemzer, Part-Of-Speech (POS)
tagger and syntactic analyzer (parser). Text-to-Onto, for
example, use a linguistic method called Saarbrucken
Message Extraction System (SMES) in their system
architecture to produce a list of terms from the input text
(Maedche and Staab, 2000). Another system, SVETLAN,
uses the syntactic analyzer, Sylex to find list of terms from
the input text (De Chalendar and Grau, 2000).

Statistical methods usually try to determine the
significance of each word with respect to other words in
a corpus based on word occurrence frequencies. Various
works have been applied in statistical methods for term
extraction. Most of them are based on an mformation
retrieval method for term indexing (Salton and Buckley,
1998; Yates and Neto, 1999; Witten et al, 1999;
Medelyan and Witten, 2005). Other methods use the
notion of “weirdness” (Ahmad er al., 1999), statistical
measurement of frequency occurrence of multi-word terms
(Frantzi et al, 2000), mutual information and TLog
Likelihood Ratio (Panel and Lin, 2001), domain
specificity (Park et al., 2002, Kozakov et al., 2004), latent
semantic indexing (Fortuna et al, 2005) and domain
pertinence (Navigli and Velardi, 2004; Sclano and Velardi,
2007).

Clustering techniques also play an important role m
term extraction: recogmzable entities can be clustered mto
groups based on various similarity measures with each
cluster being a possible term (comprising synonyms).
(Kietz et al., 2000, Agimre et al., 2000, Faatz and Steinmetz,
2002) employed clustering techniques and other resources
such as www and WordNet to successfully extract terms.
Additionally, both frequency and clustering based
approaches can be substantially enhanced through the
use of natural language processing techmques (such as
morphological analysis, part-of-speech tagging and
syntactic analysis), as terms are usually noun phrases or

Corresponding Author: Mohammad Syafrullah, Faculty of Computing, Universiti Teknologi Malaysia, Skudai, 81310, Johor,
Malaysia Tel: +60167987455 Fax: +6075538822
1631



Inform. Technol J., 13 (9): 1631-1639, 2014

often  obey  specific part-of-speech patterns
(Haase and Stojanovic, 2005). Finally, morphological clues
(such as prefixes and suffixes) can be extremely useful for
some domains: suffixes such as “-fil” and “-it i8” quite
often mark terms in medical domains (Haase and Volker,
2008).

Esmin and Lambert-Torres (2006, 2007, 2010) and
Lambert-Torres et al. (2000) have shown an efficient PSO
based approach to construct and optimize a fuzzy rules
base and fuzzy membership function. This method
assumes that the fuzzy logics can also be formulated as a
space problem, where each point of fuzzy sets
corresponds to a fuzzy logic ie. represents membership
functions and rule base. Another work by Kiani and
Akbarzadeh (2006) proposed a technique for combining a
Genetic Algorithm (GA) and Genetic Programming (GP) to
optimize rule sets and membership function of fuzzy
systems.

As term extraction is an important task not only for
concept discovery for ontology learmng, but alse for
textual information extraction and retrieval, this study
proposes a term extraction method using a hybrid method
of Continuous Particle Swarm Optimization (P3O) and
Discrete Binary PSO (BPSO). This method was used to
optimize and automatically adjust the membership
functions and rule sets of fuzzy systems, respectively.

MATERIALS AND METHODS

This section presents a new approach to extract
terms based on an optimized fuzzy inference system,
which takes mto account several kinds of features
including domain relevance, domain consensus, term
cohesion, first occurrence and length of noun phrase.

Initially, syntactic parser performs a syntactic
analysis on every input sentence from the input document
and extracts a list of syntactic information (Noun
Phrase-NP). All stop words were removed from each of
the lists of NP. Finally, the list of NP was stemmed to
produce a list of clean NP, as the term candidate. Each
term candidate 1s associated with a vector that contains
five features.

The featwres extracted in the previous step were used
as inputs to the fuzzy inference system. In this approach,
we want to maximize the accuracy of the fuzzy system
output while optimizing its running time, by optimizing the
membership function and the rule sets. Therefore, a
hybrid of PSO and BPSO was used to find the optimal
rule-based system.

Fuzzy system: Fuzzy systems are used in a wide number
of applications areas, especially on fuzzy control
problems. These systems can be considered as
knowledge-based  systems, incorporating  human

knowledge into their knowledge base through a fuzzy
inference system and fuzzy membership functions. The
definition of these fuzzy inference systems and fuzzy
membership functions is generally affected by subjective
decisions, having a great influence over the performance
of the system.

Fuzzy inference is the process of formulating the
mapping from a given mput to an output using fuzzy
logic. The mapping then provides a basis from which
decisions can be made, or patterns discerned. The fuzzy
inference process comprises five parts: Fuzzification
of the input variables, application of the fuzzy
operator (AND or OR) in the antecedent, implication
from the antecedent to the consequent, aggregation of
the  consequents  across the  rule  sets and
defuzzification.

Fuzzy rules are linguistic IF-THEN constructions that
have the general form "TF A THEN B", where A and B are
collections of propositions containing linguistic variables.
A 18 called the premise and B 1s the consequence of the
rule. The fuzzy rules are written as:

» [Fxis A THEN y is B, where x and y are linguistic
variables; and A and B are linguistic values
determined by fuzzy sets on the universe of
discourses X and Y, respectively (Fig. 1)

Continuous PSO: The particle swarm optimization (PSQ)
algorithm (Eberhart and Kennedy, 1995, Kemnedy and
Eberhart, 1995) has been introduced as an optimization
technique for use in real-number spaces. Tt is originally
designed for continuous optimization problems.

PSO is inspired by this kind of social optimization,
where a problem is given and some way to evaluate a
proposed solution exists in the form of a fitness function.
A communication structure or social network is also
defined, assigning neighbours for each individual to
interact with. Then, a population of individuals, defined as
random guesses at the problem solutions is initialized.
These individuals are candidate solutions. They are also
known as particles, hence the name particle swarm. In
PS0, each particle in a population has a position and a
velocity vector. Derived from utilization of other particles,
individual best’s and global best’s positions which will be
clarified later, a velocity vector is generated. That particle
then modifies its own position due to the velocity vector
for which the achievement of coordination and
commumcation with the experience of other individuals is
not ignored.

A PSO includes three basic steps: Evaluation of the
fitness values of each particle, updating the values and
positions of individual and global best and updating the
velocities and positions of each mdividual in the
population according to the Eq. 1 and 2:
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Fig. 1: Triangular membership functions
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until termination criterion is met

Fig. 2: PSO algorithms

Y, WY, T O, K)o, f, @F, X, (1)

(2)

o
2\
i
+
<

where, % is the current position of the i-th particle in the
swarm, v is the velocity of the i-th particle, B is the best
position found by the 1-th particle so far (local best). The
best position found from the particle’s neighbourhood
(global best) is then stored in a vector P,.T and I, are the
mumbers umformly chosen from [0, 1]. ¢, is a positive
constant called the coefficient of the self-recogmtion
component and ¢, 18 a positive constant called the
coefficient of the social component. The variable w is
called the inertia factor, whose value is typically set up to
vary linearly from 1 to 0 duning the search process (Fig. 2).

Discrete binary PSO: Continuous PSO is mainly applied
in the area of continuous/real number space and rarely in

discrete space. However, many optinization problems are
set in a space featuring discrete binary or qualitative
distinctions between variables, for example routing
problem, scheduling/timetabling problem and data mining.
Tomeet the need, Kennedy and Eberhart (1997) proposed
a discrete binary version of PSO for binary problems
(Eberhart and Shi, 1998). In their model, a particle will
decide on "yes" or “no", "true" or "false" etc. This binary
value can also be a representation of a real value in binary
search space.

Discrete PSO essentially differs from the original (or
contmuous) PSO 1n two characteristics. First, the particle
is composed of the binary variable. Second, the velocity
must be transformed into the change of probability, which
1s the chance of the binary variable taking the value cone.
In the binary PSO, the particle’s personal best and global
best is updated as in continuous version. The major
difference between binary P3O and continuous version 1s
that velocities of the particles will change to one of the
two decisions [0 or 1]. A sigmoid transformation as in
(Eq. 3) is applied to make the velocities value into a range
of [0 or 1] and force the component values of the
particle’s position to be 0 or 1. The equation for updating
the particle’s position 1s shown in Eq. 4:

Sigmoid(¥,)=—— (3)
I+e™
. :{L if rand() < sigmoid (¥,) (4)
0, otherwise

Feature definition: All term candidates and their features
were extracted from text. These entire term candidates
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were selected from noun phrases. First of all noun phrases
were extracted with the syntactic parser and all stop
words were removed from candidates. Five features (fl, £2,
13, £4, £5) were chosen to characterize the noun phrases in
the documents. The features used are domain relevance,
deomain consensus, term cchesion, {irst occurrence and
length of noun phrase.

Domain relevance (f1): Domain relevance can be given
according to the amount of information captured m the
target document with respect to contrastive documents.
Let D, as the domain of interest (a set of relevant
documents) and {D,.. D,} as sets of documents in
another domain, domain relevance of a term t in class D,
be computed as (Navigli and Velardi, 2004; Sclano and
Velardi, 2007) Eq. 5and 6:

_ rapy)
PR D) i (bt D) )
S — (6)

2 t'eDy, f“:k

where, f,, is the frequency of term t in the domain D,.

Domain consensus (f2): Domain consensus measures the
distributed use of a term in domain D,. Domain consensus
is expressed in Hq. 7 and 8 as follows (Navigli and Velardi,
2004, Sclano and Velardi, 2007):

DC(t.D,)=3 . [P(t |d)log, [P(tlld)D v

f
LA ®)
Z dieDy, fl,J

E(P(t|d;)) =

Term cohesion (f3): Term cohesion is used to calculate
the cohesion of the multi-word terms. The measure is
proportional to the co-occurrence frequency and the
length of the term (Eq. 9) (Park et al., 2002, Kozakov et al.,
2004

_ [ t]log, (F(E)).E (L) g9
TC() = S Fw 9

where, w; are the words composing the term t.

First occurrence (f4): First occurrence of a term is
calculated as the distance of a phrase from the beginning
of a document in words, normalized by the total mumber of
words in the document. The result represents the

proportion of the document preceding the phrase’s first
appearance (Eq. 10) (Witten et al., 1999; Medelyan and
Witten, 2003):

L e rsesy T I) (10)

FO(t,d) = 5 )

Length of noun phrase (f5): Length of noun phrase score
1s calculated as frequency times (Eq. 11) length (in words)
(Barker and Corrnacchia, 2000):

LNP (t) = £ (0). 1t (11)

Fuzzy PSO model: Several assumptions are used for the
model formulation:

¢ Triangular membership functions were used for both
mput and output variables

¢+ Complete rule-base was considered. A rule-base is
considered complete when all  possible

combinations of input membership functions of all

the nput variables participate in fuzzy rule-base

formation

The featiwes extracted in the previous section are
used as mputs to the fuzzy mference system. We use
triangular membership functions which are specified by
three parameters (a, b, ¢) as in Fig. 1. Parameters a and ¢
locate the "feet” of the triangle and parameter b locates
the peak of the triangle.

The input membership function for each feature is
divided into three fuzzy sets which are {low, average,
high!. For instance, membership functions of the first
occurrence are shown in Fig. 3.

The output membership functions are shown in
Fig. 4, which is divided into 3 fuzzy sets: {unimportant,
average, mmportant} .

The most wmportant part in this procedure 1s the
definition of fuzzy TF THEN rules. We define full rule sets
(243 rules). For example, our rules are demonstrated as
follows (Fig. 5):

Lqw Average High|

T T T T T
0 1 2 3 4 5 6
Input variable "FO"

T
7 x10™"

Fig. 3: Membership function of first occurrence
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0.0 T T
0.5
Ouput variable "OUT"

Fig. 4: Membership function of output

IF (DR is low) and (DC is average) and (TC is low) and (FO is
low) and (LK is high) then (OUT is average)

Fig. 5: Samples of IF-THEN rules

Table 1: Parameter setting of particle swarm based optimization

Parameters Value
No. of particles 40
Maximum No. of iterations 500
cl 2
c2 2
w (0. 5+(rand om/'2))

Optimization by PSO: The objective of this optimization
process is to find the optimal adjustment values of
membership function. For each fuzzy membership
function, there are three parameters as shown i Fig. 1: L
(left), C (centre), R (right).

The integration of PSO algorithms with a fuzzy
system was made as follows:

*  The parameters are the adjustment factor centres
(k) and widths (w) of each fuzzy set. Parameter k
makes each membership function move to the right
or left with no change in the form. The
membership function shrinks or expands through
parameter w

¢ These parameters act as particles and look for the
global best fitness

*  The mitial set of particle swarm optinization variables
is shown in Table 1

¢+ After the parameters had been adjusted using
optimization method, this parameter was used to
evaluate the performance of the fuzzy system using
fitness function as in Eq. 13

¢+ TFor the adjustment of membership functions, the
following equations were defined (Eq. 12):

L = (L+k)-w
C = (C+k) (12)
R =(R+k+w

¢ The process is repeated until the termination criterion
is met (Fig. 6):

Start

Initialize particles with
random velocity and
position vectors

>

Update fuzzy set parameters
(L, C, R) to build fuzzy
membership function model

Evaluate and update
pbest and gbest

Update particle
velocity and position

Termination
criterion id
met?

Yes

Get the optimal
fuzzy set values

‘ Stop

Fig. 6. Flowchart of fuzzy membership function
adjustment using P3O

|exlracted|
Fitness=max (FIS omn).max[ Z |t, € goldstan dard J (13)
1Ensm

i=1

Optimization by BPSO: In this research, we used BPSO
to optimize the IF-THEN rules of the fuzzy system. The
integration of BPSO algorithms with the fuzzy system was
made as follows:

»  The parameters are the rule number of rule sets,
which will determine whether the rule is "select” or
“not select” in the rule sets

»  These parameters act as particles and look for the
global best fitness

¢ The initial set of particle swarm optimization variables
is shown in Table 1
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¢ After the parameters had been adjusted using the
optimization method, the fitness of rules was
obtamned by bonding the rules with membership
functions. The fitness was evaluated using Eq. (14)

¢ The process is repeated until the termination criterion
is met:

i=1

Jexlracted|
Fimess:lrpzix (FIS out_).min (rule).max[ Z |t, € goldstandard }
(14)

Datasets

Tourism: The data used for testing and evaluating the
proposed method was document collection about tourism
[http://ole.ijs.silpTxt/] and has already been used by
Cimiano (2006). The collection with approximately a million
tokens size consists of 1800 text documents, describing
coumntries, cities, places, regions, sights etc. from all
continents. In this experiment, we used 300 documents as
datasets.

Reuters-21578: The documents in the Reuters-21578
collection appeared on the Reuters newswire in 1987. We
converted all the documents into 22 plain text files
(reut2-000.txt until reut2-021.txt); the size of the text
corpus 1s about 218 Mio tokens. Reuters-21578 was used
in the experiment as contrastive documents.

RESULTS AND DISCUSSION

After execution of the optimization process, we can
see that PSO has successfully adjusted fuzzy membership
function and fuzzy rule sets. The fuzzy set for every
membership function has been adjusted from standard
fuzzy membership function and the number of rule sets is
reduced from 243 rules to 190 rules (Fig. 7 and 8).

In this extraction stage, we evaluate the precision of
our proposed method at seven pomts: top 25, 125, 225,
325, 425, 525 and 625 terms, both for each feature and the
scores of the term candidates using the following (Eq. 15):

i=1

|exlrasted]
[t, € goldstandard |
Precision = Z (15)

| extracted |

Table 2: Term extraction precision for each feature

We compared the terms extracted by the system with
the gold standard. Table 2 shows the term extraction
precision for each feature for different numbers of terms
evaluated.

In order to see the improvement in owr proposed
method, it was compared with a fuzzy system without
using optimization. From the experimental results, it can be
seen that our proposed method, combination of PSO and
fuzzy system, can increase the precision of the extracted
term compared to a fuzzy system without using
optimization.

Despite the improvement in accuracy results that
were achieved using the Fuzzy PSO model, it was
necessary to compare the prediction accuracy results to
other algorithms. This study compared the precision of
our proposed method with other known algorithms as
shown in Fig. 9. Tt was observed that the precision of the
Fuzzy PSO model is much higher than the accuracy of any
other algorithms. Table 3 and Fig. 9 show the comparison
of the precision between the fuzzy swarm model, fuzzy
model and the four other algorithms (TFIDF, Weirdness,
GlossaryBxtraction and TermExtractor).

_|Low Average High|

0.0

T T T T
1 2 3 4 5 6 7
Input variable "FO" x107*

Fig. 7. First occurrence membership function after
applying PSO

| Unimportant Average Importapt

0.5

0.0
0's i
Ouput variable "OUT"

Fig. 8: Qutput membership function after applying PSO

No. of terms
Precision (feature) 25 125 225 325 425 525 625
fl 0.48000 0.30400 0.27556 0.22154 0.18353 0.15238 0.13440
2 0.56000 0.32800 031111 0.27077 0.24000 0.21143 0.19200
3 0.16000 0.10400 0.07556 0.07385 0.08000 0.08381 0.08000
14 0.20000 0.06400 0.0v444 0.05231 0.05882 0.05905 0.05760
5 0.56000 0.32800 031111 0.28308 0.24941 0.21524 0.19360
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No. of terms

Fig. 9: Companson of term extraction precision (Fuzzy swarm model, fuzzy, TFIDF, weirdness, glossary extraction and

term extractor)

Table 3: Comparison of term extraction precision using different methods

No. of terms

Features 25 125 225 325 425 525 025
TFIDF 0.40000 0.30400 0.20067 0.20015 0.16941 0.14095 0.12160
Weirdness 0.24000 0.12800 0.09778 0.07385 0.05882 0.05333 0.04800
Glossary extraction 0.44000 0.23200 0.15111 0.11652 0.09412 0.08571 0.07680
Term extractor 0.56000 0.36800 0.28889 0.27077 0.21412 0.19048 0.16480
Fuzzy 0.56000 0.35200 0.32000 0.28308 0.26118 0.22857 0.19680
Fuzzy swarm 0.64000 0.37600 0.34222 0.35077 0.33412 0.27429 0.20800

Finally, the experimented results conclude that Fuzzy REFERENCES
PSO leads to improving the precision results while
adjusting fuzzy membership function and keeping the Agirre, E., O. Ansa, EH. Hovy and D. Martinez,

number of fuzzy rules to a minimum with a high degree of
accuracy.

CONCLUSION

In this study,
extract terms based on an optimizing fuzzy inference
system. The continuous PSO 1s used to optimize the
membership functions and Discrete Binary PSO 1s used
to optimize the fuzzy rule sets. Based on the results of
the experiment, the PSO has successfully adjusted
fuzzy membership function and fuzzy rule sets and
improved the performance result in terms of precision.
Finally, the proposed method is compared with four
other algorithms  (TFIDF,  Weirdness,
GlossaryExtraction and TermExtractor). Our experimental
results show that the use of particle swarm optimization to
optimize fuzzy membership function and fuzzy rule sets
can sigmficantly improve the precision of the extracted
term.
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