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Supervised approach for keyword extraction from Persian

documents using lexical chains

Atieh Sharifi* & M.Amin Mahdavi
Department of Computer Engineering, Imam Khomeini International University, Qazvin, Iran

Abstract

Keywords are the main focal points of interest within a text, which intends to represent the principal concepts
outlined in the document. Determining the keywords using traditional methods is a time consuming process
and requires specialized knowledge of the subject. For the purposes of indexing the vast expanse of electronic
documents, it is important to automate the keyword extraction task. Since keywords structure is coherent, we
focus on the relation between words. Most of previous methods in Persian are based on statistical relation
between words and didn’t consider the sense relations. However, by existing ambiguity in the meaning, using
these statistic methods couldn’t help in determining relations between words. Our method for extracting
keywords is a supervised method which by using lexical chain of words, new features are extracted for each
word. Using these features beside of statistic features could be more effective in a supervised system. We have
tried to map the relations amongst word senses by using lexical chains. Therefore, in the proposed model,
“FarsNet” plays a key role in constructing the lexical chains. Lexical chain is created by using Galley and
McKeown's algorithm that of course, some changes have been made to the algorithm. We used java version
of hazm library to determine candidate words in the text. These words were identified by using POS tagging
and Noun phrase chunking. Ten features are considered for each candidate word. Four features related to
frequency and position of word in the text and the rest related to lexical chain of the word. After extracting
the keywords by the classifier, post-processing performs for determining Two-word key phrases that were not
. obtained in the previous step. The dataset used in this research was chosen from among Persian scientific
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papers. We only used the title and abstract of these papers. The results depicted that using semantic relations,
besides statistical features, would improve the overall performance of keyword extraction for papers. Also,
the Naive Bayes classifier gives the best result among the investigated classifiers, of course, eliminating some
of the features of the lexical chain improved its performance.

Keywords: Keyword Extraction, Persian Document, Supervised Learning, Lexical Chain, FarsNet
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1: for all candidate words w in the document do
2. for all senses s of w do

3 Insert w into metachain hashtable at index s
4. for all hyponyms c of s do

5 Insert w into metachain hashtable at index

6: end for

7. for all hypernyms p of s do

8: Insert w into metachain hashtable at index
p

9: for all hyponyms c of p do

10: Insert w into metachain hashtable at
index ¢

11: end for

12 end for
3. for all related-to ¢ of s do

14: Insert w into metachain hashtable at index
c

15:  end for

16: end for

16: end for

0y 1 58 Sl | aS Al (Y- JS)

(Figure-2): pseudocode for metachain creation
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4 coordinate
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(Table-2): List of lexical chains for words in table (1)
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(Table-3): Performance evaluation of proposed method
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(Figure-5): Number of keywords and non-keywords in training

data according to value of « first occurrence of word »
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(Figure-6): Number of keywords and non-keywords in training
data according to value of « last occurrence of word »
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(Table-4): Comparison of the proposed method with other
supervised methods
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(Figure-4): Number of keywords and non-keywords in training
data according to value of «word frequency»
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(Figure-8): Number of keywords and non-keywords in training
data according to value of «word chain score »

s 050elS Jlazal (Q) USS loged 4 azg3 b
097 s Yl 593 8 Bgamme sl Lol

M TEN
3901 0015 35 (GalS jd g (GulS (5519 Slui :(A- JS)

€693 8 i 00900 Hludio s
(Figure-9): Number of keywords and non-keywords in training

data according to value of «lexical chain span »
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(Figure-7): Number of keywords and non-keywords in training
data according to value of «word score in chain »

SISz g G5l bl (Sbads; (sileluae
Ly, a0 g Cawyol 85lg ool cels aw,yols
€5k 00lo? o3lg ST ¢ Jlie (gl 098 Ll ylee S yo
99 Oyt 4l cnl s Jlo i «s5lweslyy &)js0n
b5 55 b0 4185 L5 0 €s3lad 5 Cosle o3l
Dguid 00l yausil €5 5 0P S e 85lg ST (55,
ol 03 a5 olpl st oe oo Iizme GB5lg 42 o3l ()
ol el oo oolizl 55ly gk jslatedy s,
6575 (SIS ez )0 by 1 S po ool ansis
oold andeid i yod €l 485 )13 (S ,0 a8 3]
2 R ol 48,5 g il (e 1B B3l g
O5ls 5l ol d9ys el (nl opdoe a5 LS
30 e Ogd e O3l 5l Acgase 4 Cewjol
Jle Gl wsd oo plallas oslool cely s« gbass,
ebadsy a0 0B Jiagh ol jo cadeslaiwl Glass,
55lg (Jlo lgicdy s oy mex slaaslis b 55,
L ojly cnl g WS (oo (6rmets (Sl 5l am <Ll
Aol )0 e D92 ge Ch o, )0 «OD e &l
2355 (503 )18 B30 0 0,90 az gy

Sl omb A8, BYs 5 R (K S0, alie
shestannl b oB5ls 5l (B Lol sads” 55l
s o Mgy o2 s8] 53 oy 5 Ly,
3 bl g €y 5 €L 83l o (Jle s
ahl) @Blge (B r 3 pizes D)W Sezy Siw)b
el oad gl by D)g0d porde njfprie ]
«SSp o gl el 48 )b g0 alayly ol caS 50,0
s S pgthan € o (Jg ol €D psgie
o b VBl S0 (S (Bly (F i a8l Slae
oy 40 Lae S Ladd s 00 85l (Lo (51 el
Slne plpear Wlgsoo ojly cnl &S gypeye )l
D9 odlaiwl w2 € logei»



OBl 5 ol slaws (V) JS& jloges 4 azgi b

S5 Olgre (B5ls a5 085 18 (alwe iy )3 suelS e

i s e oyl il b Lol ol 39g T o

el Gy (2,855l (695 28 9 GolS (Tl ol

O3l e 5o Wlgiees (B e (ol S e
il a8l gads

=
skw
G 2R
1
i
;
i e
" : T
s o R e e 2 0 e BN o S
i

o m

T

3901 8015 30 (GulS uf g GAlS (45519 ol (VY - L)

«yn lgie b o iy (Swalg? Hlodo Cons
(Figure-13): Number of keywords and non-keywords in

training data according to value of «chain dependency

with text title»
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(Table S): impact of «<word chain score», «coverage percentage
of chain» , « coverage percentage of word» and «chain

dependency with text title » features on result

of Naive Bayes classifier
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(Figure-10): Number of keywords and non-keywords in

training data according to value of «coverage

percentage of chain »
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(Figure-11): Number of keywords and non-keywords in
training data according to value of «coverage

percentage of word »
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(Figure-12): Number of keywords and non-keywords in
training data according to value of «being the word in title »
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