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Abstract

Keyword extraction aims to extract words that are able to represent the corpus
meaning. Keyword extraction has a crucial role in information retrieval,
recommendation systems and corpora classification. In Persian language, keyword
extraction is known as hard task due to Persian’s inherent complication. In this
research work, we aim to address keyword extraction with a combination of statistical
and Machine Learning as a novel approach to this problem. First the required
preprocessing is applied to the corpora. Then three statistical methods and Bayesian
classifier was utilized to the corpora to extract the keywords pattern. Also, a post
processing methods was used to decrease the number of True Positive outputs. It
should be pointed out that the built model can extract up to 20 keywords and they will
be compared with keywords in the corresponding corpus. The evaluation results
indicate that the proposed method, could extract keywords from scientific corpora
(Specifically Thesis and Dissertations) with a good accuracy.
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1. Introduction

Automated keyword extraction is the process of identifying document terms
and phrases that can appropriately represent the subject of our writing. With
the proliferation of digital documents today, extracting keywords manually
can be impractical. Many applications such as auto-indexing, summarization,
auto-classification, and text filtering can benefit from this process since the
keywords provide a compact display of the text. Automated keyword
generation can be broadly classified into two categories: keyword allocation
and keyword extraction.

In keyword allocation, a set of potential keywords is selected from a set
of controlled vocabularies, while keyword extraction examines the words in
the text. Keyword extraction methods can be broadly classified into four
groups: statistical approaches, linguistic approaches, machine learning
approaches, and hybrid approaches.

2. Literature Review

working on Persian words is a big challenge for the paucity of sufficient
research. The inadequacy of text pre-processing programs has made it more
complex than the Latin language. Also, the presence of large dimensions of
input data is one of the challenges that has always arisen in such researches
and this problem becomes more apparent due to the variety of Persian
written forms (Gandomkar, 2017, p. 233:256). In Moin Maedi's article
(2015, p. 34:42) A method for extracting keywords in Persian language is
presented. This article extracts keywords from each text separately and
without seeing another text as training data.

In the article by Mohammad Razaghnouri (2017, P. 16:27) using the
Word2Vec method and the TIF-IDIF frequency, they created a question and
answer system in Persian, which is a new work due to the use of Word2Vec
in Persian. However, with size reduction techniques and Word2Vec, this
72% success rate can be enhanced in the future.
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3. Methodology

Accordingly, the current paper examines the integration of statistical
keyword extraction methods with the Naive Bayes Classifier. Initially, we
integrated input texts which are dissertations in Persian by using
preprocessing (deletion of stop words, etymology, etc.) methods. Then,
using the available statistical features, each word has been given a certain
weight. Then, the valuable words of each text were selected and the
proposed model was taught using the selected category, then the selected
words were processed by the trained model, and at the end, the words
extracted from the final model were evaluated using the keywords suggested
by the authors themselves. Figure 1 depicts all the steps performed.

4. Results

Literature review shows that this is the first time that these combinations are
used to extract Persian keywords, so that unlike other studies, each text is as
a sample for category input and words as its properties, however, in this
paper the words of each text input are categorized and words are extracted
using statistical methods that are considered as features. The choice of
keywords by the authors has always been a personal decision and people
may not make a single decision to choose a set of words for a single text.
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Figure 1
Proposed research framework for keyword extraction
Pre-processing of input data Calculate the statistical
properties of words
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The current paper attempts to create a model and program with a new
approach, due to the small number of input documents, which to extract
keywords without dependence on the orientation of dissertations and the
meaning of their words and only by using statistical features of words in
each text. According to Tables 1 and 2, the developed model is able to
extract a maximum of 20 keywords from each dissertation with an overall
accuracy of 98.1%, in best condition which that is the use of a maximum
frequency feature. The keywords written in each dissertation with 84% and
98% accuracy, correspond to one-word and two-word expressions,
respectively.




343

Keywords Extraction from ... Behzad Hejazi & Jalal A. Nasiri

Table 1
Evaluation criteria for Bayesian outputs in different states of statistical Features

Statistical Features Accuracy Recall F1-Score  Precision
Tf_Idf, Most Frequent, Tf_Isf 97.2% 0.98 0.98 0.98
Most Frequent 98.1% 0.982 0.99 0.99
Tf_Idf, Tf_Isf 99.8% 0.91 0.94 0.99

Table 2
Evaluation of post-processing test data for outputs that have been categorized by
keyword.

Number Number of
Step R Recall  F1-Score Precision of Koo et
Features selected by
words .
writers
Uni-Grams Mo 0.84 0.323 0.2 210 42
Frequent
By-Grams Most 0.98 0.888 0.8 158 34
Frequent
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Table 3: Input data information
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Table 4: An example of a single-phrase (Unigrams) input data matrix
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Table 5: Evaluation criteria for Bayesian outputs in different states of
statistical Features
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Table 6: Evaluation of test data for outputs whose keywords have been categorized
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Table 7: Evaluation of post-processing test data for outputs that have been

categorized by keyword.
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Table 8: An example of a program output for unigram words
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Table 9: An example of a program output for bygram words
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. Atanu Dey
. unigrams
. senti-n-gram
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Neumann
. Loung
. Litvak
. Huan
. Turney
10. Witten
11. Hachoen Kerner
12. Onan
13. bagging
14. random forest
15. Moien Maadi
16. Mohammad Razzaghnoori
17. word2vec
18. Behnam Sabeti
19. miras text
20. Morteza Okhovvat
21. Hidden Markov
22. Moammad
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23. Term Frequency Inverse Document Frequency (TF-IDF)
24. most frequent of words

25. term frequency inverse sentence frequency (TF-ISF)

26. naive bayes

27. python

28. sobhe.ir

29. text-mining.ir
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