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ABSTRACT
Recently, the approach towards mining various opinions on weblogs, forums
and websites has gained attentions and interests of numerous researchers.
In this regard, feature-based opinion mining has been extensively studied in
English documents in order to identify implicit and explicit product features
and relevant opinions. However, in case of texts written in Persian language,
this task faces serious challenges. The objective of this research is to present an
unsupervised method for feature-based opinion mining in Persian; an approach
which does not require a labeled training dataset. The proposed method in this
paper involves extracting explicit product features. Previous studies dealing
with extraction of explicit features often focus on lexical roles of words; the
approach which cannot be used in distinguishing between an adjective as a
part of a noun or a sentiment word. In this study, in addition to lexical roles,
syntactic roles are also considered to extract more relevant explicit features.
The results demonstrate that the proposed method has got higher recall and
precision values compared to prior studies.
© 2019 JComSec. All rights reserved.

1 Introduction
Before making decisions to purchase new products or
services, many individuals prefer to know the opinions of previous users [1]. Comparing the reviews and
comments, consumers are able to find the product
which best matches their needs, desires and requirements. In addition, prosperous retailers and service
providers ravenously look after the information indicating what their consumers think about the received
products or services. This privilege facilitates a thorough evaluation of their products together with a
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chance to identify their weaknesses; all of which assist
them to improve their products quality and maintain
or develop market shares. Due to the unprecedented
growth of electronic commerce, many products are
now sold over the internet and the number of people
who prefer to shop online is increasing day by day
[2]. As more and more products are sold online, users’
opinions continue to accumulate. This has given rise
to a new field of study known as opinion mining or
sentiment analysis.
Generally, textual information can be placed into
two major categories: facts and opinions. The former
includes real expressions pertaining to entities, events
and characteristics; whereas the latter describes the
emotions, opinions and evaluations of individuals regarding those entities, events and characteristics [3].
Sentiment analysis or opinion mining refers to com-
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putational investigation of opinions and attitudes toward entities and their attributes [4]. Opinion mining
aims to extract, categorize and summarize opinions
and attitudes regarding the features of an entity or
service [5]. Taking the obtained opinions into account,
parts or subcomponents of a product represent its features. For instance, “camera” and “picture quality”
are both features of a “cellphone” entity [6].
Sentiment analysis is investigated at three levels:
document, sentence and feature. For most applications, document-level and sentence-level analyses are
quite useful; however, since the desirable and undesirable features are not exactly specified, these two
levels fail to provide adequate details. Therefore, it
is necessary to conduct sentiment analysis at the feature level [2] at which the objective is to discover the
sentiments about the features of a product. The sentence “The Samsung phone has good call quality but
the battery life is short” evaluates two features of the
“Samsung phone” entity; namely “call quality” and
“battery life”. The sentiment about “call quality” is
positive, while the one pertaining to “battery life” is
negative.
Feature identification methods are generally placed
into two categories; supervised and unsupervised
[2, 7]. Supervised methods require a labeled training
dataset, creation of which is often a tremendously
laborious and costly task. Furthermore, since public
data sources are mostly unlabeled, it is necessary to
develop adequate models, like the methods based on
language pattern mining used for extracting product features, to work with such data [2]. Due to
their aforementioned cons, those methods won’t be
discussed in this work [3].
Sentences may include explicit or implicit features.
If a sentence contains a feature explicitly, then that
feature is known as an explicit feature. In contrast, if
a feature is not explicitly mentioned in a sentence but
can be inferred in the context, it is known as implicit
feature [8]. For instance, consider “The good thing
about this phone is that it’s cheap”; the adjective
“cheap” refers to the implicit feature “price”.
Although syntactic roles and dependency graphs
carry vital information, most studies performed on
explicit feature extraction using word labelling often
do not take them into account. That is why some
compound nouns and adjectives cannot be produced
in their contexts. For example, the compound noun
“ﻣﺼﺮف/energy-efficient” is an adjective; but only
if word labelling is being used, “ﮐﻢ/efficient” and
“ﻣﺼﺮف/energy” are extracted as adjective and noun;
respectively.
Some studies employed statistical approaches,

while they lack adequate information on features
extraction. For example, multiword features like “
ﮐﯿﻔﯿﺖ ﺻﻔﺤﻪ ﻧﻤﺎﯾﺶ/display screen quality” may not be
extracted by statistical approaches.
In this paper and in line with the previous studies, a
new method for identification of explicit features and
sentiment words in Persian Documents is proposed.
To overcome the aforementioned challenges in this
framework, this method takes advantage of considering syntactic roles and sentence dependency graphs
as well as statistical approaches.
The rest of the paper is organized as follows: a literature review is provided in the next section. Section 3 shortly explains the problem definition, while
the proposed methods to obtain the specified objectives are discussed in Section 4 . Section 5 summarizes
the results of executing the proposed algorithms and
performs a comparison between the obtained results
and those of the previous studies. Lastly, Section 6
concludes and provides some suggestions for future
works.

2

Related Works

Hu et al. proposed a method in [9] based on frequent
item-sets. In this method, nouns or noun phrases in
opinions are recognized using part-of-speech tagging
and the frequent ones are extracted using the Apriori algorithm. Frequent nouns whose confidence and
support are greater than the specified minimum are
identified as features. In this procedure, two pruning
approaches are used to remove redundant features;
namely compactness pruning and redundancy pruning. For each sentence in the opinion database containing no frequent features and one or two sentiment
words, the noun or noun phrase adjacent to the sentiment word is identified and extracted as an infrequent
feature. Finally, the sentiment orientation identification function is applied to the extracted features, for
the opinions to be classified as either positive or negative.
To extract noun features, an unsupervised technique known as double propagation was created by
Qiu et al. [10]. The method works well for mediumsize corpora; but precision drops in large ones due to
generation of numerous irrelevant features. Contrarily, for small corpora, a large number of important
features are lost and thus recall value falls.
In [11], Zhang et al. presented two methods based
on “part-whole” and “no” patterns to increase the
recall parameter. The former is used to indicate the
cases in which one object is a part of one or more objects, while the latter is based on the fact that indi-
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viduals often use short comments or opinions to describe features e.g. “no parasite” or “no noise”. The
two patterns are used to extract features missed by
double propagation. Besides, the authors proposed a
ranking method in order to address the low precision.
Since the approach only uses an initial opinion lexicon, it is domain independent and unsupervised; thus
avoids the time-consuming labeling process required
in supervised learning methods.

sociation model types known as Likelihood Ratio
Tests (LRT) and Latent Semantic Analysis (LSA),
used for calculation of the association between two
words, form the basis on which two bootstrapping
approaches namely Likelihood Ratio Tests Based
Bootstrapping (LRTBOOT) and Latent Semantic
Analysis Based Bootstrapping (LSABOOT) stand.
Both approaches require an initial set of features to
bootstrap the feature and opinion extraction process.

Targeting features identification, Qiu et al. took
advantage of their syntactic relations with sentiment
words [12]. The proposed method uses a bootstrapping approach and is called double propagations; as
it propagates information between sentiment words
and features. The main advantage of this method is
that it only requires an initial lexicon of opinions to
start the bootstrapping process. Since only an initial opinion lexicon is used, the method is considered
semi-supervised. The main principle of the method is
based on the fact that the dependencies between sentiment words and features can be extracted using a
lexicon of initial opinions and syntactic rules. The resulting sentiment words and features are then used to
further extract sentiment words and features. Propagation stops when no more sentiment words or features are identified. In the next step, three rules are
followed to assign polarities to the sentiment words:
(1) heterogeneous rule, (2) homogeneous rule and (3)
intra-review rule. Once the polarities of the sentiment
words are assigned, unnecessary features are pruned
using a novel technique proposed by the authors.

In [14], a method known as hybrid association rule
mining was proposed by Wang et al. This approach
considers numerous hybrid methods to mine a large
number of association rules. Firstly, explicit sentences
are collected for each feature through feature clustering. Candidate feature indicators are then extracted
from the explicit sentences using word segmentation
and tagging. The weight of each indicator is computed
using five algorithms: frequency, Point-wise Mutual
Information (PMI), frequency*PMI, t-test, and Chisquare. The feature words whose indicator weight is
greater than the given threshold are added to the
rule set. In fact, the method uses a combination of
five rules to identify implicit features. Furthermore, a
pruning algorithm is presented to remove conflicting
indicators such as “good” which may refer to a variety of features. The advantage is that mere utilization
of basic rules prevents indicators of lower weight or
non-indicators from being extracted. To expand the
initial rules, the authors use substring hypothesis, dependency grammar and semi-supervised learning, using a constrained topic model. Finally, the association
rules, obtained as a combination of expanded and basic rules, are used for implicit feature extraction.

The co-occurrence association rule mining method
for implicit feature extraction was presented by Hai
et al. [13]. In this approach, nouns and noun phrases
are considered explicit features while adjectives and
verbs constitute sentiment words. In the first phase,
two sets of words (i.e. sentiment words and features)
are extracted from the explicit sentences in the corpus.
Then a co-occurrence matrix is constructed wherein
each element denotes the number of co-occurrences
of explicit words and features in the sentence. After
clustering the explicit features and looking for sentiment words that lack explicit features, the second
phase of the method searches a matched list of rules,
so that the ones in which the feature cluster with the
highest frequency weight is included are discovered.
Accordingly, the representative word of the cluster is
identified as the implicit feature.
Hai et al. proposed a generalized approach in [7] for
extraction of opinion words and features through statistical association analysis. A small seed of features
is utilized in the beginning and then iteratively been
extended by mining feature-opinion, feature-feature
and opinion-opinion dependency relations. Two as-

Bagheri et al. presented an unsupervised model of
feature and sentiment identification, capable of extracting explicit and implicit features in English [2].
In this model, nouns are considered as features while
adjectives, adverbs and verbs express sentiments.
Multi-word features are identified using Frequency
Modified Left Right (FMLR). Two pruning rules are
then used to complete the pre-processing procedure.
In the next stage, a bootstrapping algorithm which
receives seed features as input and extracts further
features accordingly is presented. The features are
ranked according to A-score. Once the list of features
is finalized, redundant ones are removed using two
types of pruning strategies; namely subset-support
and superset-support pruning scenarios. A graph
is drawn for the set based on the set of sentiment
words and implicit features. An edge connects a feature and an adjective provides the situation of their
co-occurrence. The initial weight of the edge is determined based on the frequency of the co-occurrence.
Ultimately, the graph is used to identify implicit
features.
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In order to extract features from product reviews,
a rule-based approach was presented by Poria et al. in
[15]. The authors employed common-sense knowledge
and sentence dependency trees for extracting both
implicit and explicit features and reported higher accuracies for the two datasets. The proposed method
is completely unsupervised; its accuracy is dependent
on the accuracy of the dependency parser and the
opinion lexicon.
The model proposed by Schouten et al. in [16] uses a
co-occurrence matrix for identifying implicit features.
In this method, the training data are examined to
construct a list of all implicit features (F), a list of all
words (O) and a matrix containing the features and
words that co-occur in one sentence (C). Once the lists
(i.e. F and O) and the matrix (i.e. C) are constructed,
the test data are analyzed yielding a score denoted by
fi , with i representing the number of every implicit
feature. The value is basically obtained as the sum of
co-occurrences for each word divided by the number
of times it occurs in the sentence.
In [8], A semi-supervised method for identifying implicit features in users opinions was developed by Xu
et al. for Chinese language. The method receives the
product along with pertinent opinions as inputs and
extracts the explicit sentences and the corresponding
features using labeling. In the next step, the features
are clustered; words and expressions with synonymous domains fall into same clusters. In this method,
sentences having no features are considered implicit.
Then constraint sets, such as must-link and cannotlink constraints as well as syntactic prior knowledge
are extracted from explicit sentences and combined
with a constrained topic model. Finally, a number of
SVM classifiers are generated and used for identification of implicit features.
A novel unsupervised feature-based opinion mining
method for product reviews in Persian was devised by
Baba Ali et al. in [17]. This approach involves three
stages: (1) explicit feature identification, (2) implicit
feature identification and (3) determining semantic
orientation. The output of the method is put into five
levels (i.e. very good, good, medium, poor, very poor)
all of which cover polarity as well as strength (severity) of opinions orientation. The proposed method
extracts implicit features using co-occurrence association rule mining [13] with some modifications such
as using a set of synonym words in pace of clustering
or employing the maximum confidence rule instead of
the feature cluster with the greatest frequency weight.
In this approach, the co-occurrence matrix is constructed by joining sentiment words and explicit features. Then for each sentiment word occurring in a
sentence including an explicit feature, a considerable

set of association rules is constructed in the form of
sentiment word) → explicit feature. Weak rules are
adequately pruned based on minimum confidence and
support values. In the second stage, sentences without explicit features containing sentiment words are
examined and a list of strong rules associated with
them is developed. As a result, association rules with
high confidence values are extracted. Finally, representative word(s) are identified as implicit features.

3

Problem Definition

Extracting explicit features in Persian texts often
meets numerous inherent challenges; listed as follows:
Challenge 1- Sometimes an adjective occurs near
a noun and the combination forms a second adjective;
in such cases, the noun cannot be regarded as a feature for the sentence. In a similar vein, when coming
next to each other, certain nouns and adjectives form
compound nouns. For instance, the sentence “ﻋﺎﻟﯽ اﺳﺖ
 ﺳﯿﺴﺘﻢ ﺧﻨﮏ ﮐﻨﻨﺪه/ The cooling system is excellent”,
the adjective “ ﺧﻨﮏ ﮐﻨﻨﺪه/ cooling” is not a sentiment
for a feature since the combination of “ ﺳﯿﺴﺘﻢ/ system” and “ ﺧﻨﮏ ﮐﻨﻨﺪه/ cooling” results in the new
noun “ ﺳﯿﺴﺘﻢ ﺧﻨﮏ ﮐﻨﻨﺪه/ cooling system”.
Challenge 2- In some sentences, the sentiment
word comes between two nouns; still, despite being
separated, the nouns create another noun (feature)
and the adjective becomes the sentiment word for the
compound noun. For example, consider the sentences
“ اوﻟﯿﻦ ﭼﯿﺰي ﮐﻪ ﻧﻈﺮﻣﻮ ﺑﺸﺪت ﺟﻠﺐ ﮐﺮد ﻋﻤﺮ ﻓﻮقاﻟﻌﺎده ﺑﺎﺗﺮﯾﺶ اﺳﺖ
/ the first thing that caught my eye was the battery’s
extraordinary life.” and “ ﮐﯿﻔﯿﺖ ﺑﺎﻻي ﺳﺎﺧﺘﺶ اﺳﺖ،ﺧﻮﺑﺶ
 ﯾﮑﯽ از وﯾﮋﮔﯽﻫﺎي. / a good thing about it is the design’s
high quality”. The nouns “ ﺑﺎﺗﺮي/ battery” and “ ﻋﻤﺮ/
life” in the former and the words “ ﺳﺎﺧﺖ/ design” and
“ ﮐﯿﻔﯿﺖ/ quality” in the latter are combined to create
the features “ ﻋﻤﺮ ﺑﺎﺗﺮي/ battery life” and “ﮐﯿﻔﯿﺖ ﺳﺎﺧﺖ
/ design quality”; respectively. In these sentences, the
adjectives “ ﻓﻮقاﻟﻌﺎده/ extraordinary” and “ ﺑﺎﻻ/ high”
are sentiment words for “ ﻋﻤﺮ ﺑﺎﺗﺮي/battery life” and
“ ﮐﯿﻔﯿﺖ ﺳﺎﺧﺖ/ design quality”; respectively.
As it has been shown, ignoring the sentences’ structures and syntactic roles causes some important features and sentiment words being missed. We present
an explicit feature extraction approach which relies
on statistical approaches, syntactic roles and sentence
structures to overcome existing challenges. Addressing these issues results more accurate explicit feature
extraction.
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Figure 2. Sentence Dependency Graph.

Figure 1. The Overall Process for Extracting Features and
Sentiment Words.

4 The Proposed Method
The proposed method in this research involves with
identifying explicit features and sentiments for each
product. The main focus of this paper is the feature
extraction method in which the reviews will be preprocessed so that the syntactic role of each word can
be determined and a dependency graph is generated.
Then, statistical approaches are used to elicit the candidate sentiment words and features. Finally, the features and sentiment words are extracted regarding
the sentence structure. Figure 1 illustrates the overall
process of extracting features and sentiment words.
As shown, all opinion texts undergo preprocessing
prior to extracting sentiment words and product features.

5 The Preprocessing Stage
As the initial step of the preprocessing stage, the set
of opinions about each product is given as input to
the stemmer tool, developed at Ferdowsi University
of Mashhad for normalization [18]. The sentences
are then parsed into one or several smaller sentences
based on punctuation marks such as periods, exclamation marks, question marks and colons; all as
separators of the sub-sentences. In the next step,
the Hazm tool presented in [19] is used to stem and
label the words and to create a dependency graph
between them. It is notable that both stemmed and
original words are labeled and stored. Since the tool
does not suite long sentences, they will be broken
into smaller units such that each unit contains only
one verb. For instance, consider the sentence “ﻧﺪارد

 ﮐﯿﻔﯿﺖ ﺗﺼﻮﯾﺮ ﺑﺴﯿﺎر ﻋﺎﻟﯽ اﺳﺖ وﻟﯽ دورﺑﯿﻦ ﻣﻨﺎﺳﺒﯽ/ picture
quality is very excellent but the camera is not good.”
To determine the syntactic role of each word and generate a dependency graph, the opinion is broken into
sentences: “ ﮐﯿﻔﯿﺖ ﺗﺼﻮﯾﺮ ﺑﺴﯿﺎر ﻋﺎﻟﯽ اﺳﺖ/picture quality
is very excellent” and “ وﻟﯽ دورﺑﯿﻦ ﻣﻨﺎﺳﺒﯽ ﻧﺪارد/but the
camera is not good”. The syntactic roles in the first
sentence are “ﮐﯿﻔﯿﺖ/quality/ ﺗﺼﻮﯾﺮ/picture/MOZ
ﺑﺴﯿﺎر/very/APREMOD ﻋﺎﻟﯽ/excellent/MOS اﺳﺖ/is/ROOT”;
the corresponding dependency graph of which is
shown in Figure 2.
As shown in Figure 2, the word “ﮐﯿﻔﯿﺖ/quality” is
dependent on “اﺳﺖ/is” while “ﺗﺼﻮﯾﺮ/picture” depends
on “ﮐﯿﻔﯿﺖ/quality”.

6

Generating Candidate Sentiment
Words and Features

Subsequent to the sentences’ preprocessing stage, all
adjectives and nouns are examined for the candidate
sentiment words and explicit features to be extracted.
Nouns and sentiments represent features and adjectives; respectively. The conditions for extracting each
one is separately discussed below.
In order to extract explicit features in each
sentence, word labels together with the corresponding syntactic roles are taken into account.
For example, in the sentence “ﮐﯿﻔﯿﺖ/ its price
is fair” the syntactic and lexical roles are as follows: “ ﻗﯿﻤﺖ/Price/SBJ/Ne  آن/Its/MOZ/Pro ﻋﺎدﻻﻧﻪ
/Fair/MOS/AJ  اﺳﺖ/Is/V/ROOT” (lexical and syntactic roles are separated with “/”). So for each
sentence, all words with the following conditions are
added to the list of candidate features:
(1) The words with the syntactic role of subject or
genitive are added to the list of candidate features. )Note that the features are added to the
list of candidate features and that of sentence
identifiers).
(2) In Persian, some words yield an adjective
after being stemmed. The grammatical and
syntactic roles of these words are subject
and adjective; respectively. For example, the
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word “زﯾﺒﺎﯾﯽ/beauty” is stemmed to obtain
“زﯾﺒﺎ/beautiful”. For each sentence, these words
must be added to the list of candidate features
rather than the candidate adjectives.
(3) Only if the noun coming before the conjunction
“and” exists in the list of candidate features, the
noun preceding the conjunction will be added
to the list of candidate features. For example in
the sentence “it has flash and focus”, the word
“focus” is regarded as a candidate feature of the
sentence; provided that the word “flash” already
exists in the candidate features list.
Once candidate features are extracted, it is time to extract the candidate adjectives. If a word in a sentence
is an adjective in both stemmed and original (prior to
stemming) forms, its syntactic role is also taken into
account along with extracting the product features.
The word is added to the list of candidate adjectives
provided that one of the following conditions is met:
(1) For each sentence, words have one of these
grammatical roles: predicate, post-noun adjective, object or adverb. (Note that the words are
added to list of candidate adjectives together
with that of sentence identifier).
(2) If a sentence is without a verb and it ends with
an adjective, Hazm incorrectly identifies the adjective as the sentence root; thus it is considered
as the candidate adjective of the sentence and
hence is added to the relevant list.
(3) If the conjunction “and” in a compound is preceded by an adjective belonging to the list of
candidate adjectives, the adjective appearing
after the conjunction is only added to the list
of candidate adjectives. As an example, consider the sentence “the touch is excellent and
smooth”; the word “smooth” is regarded as a
candidate adjective of the sentence provided
that “excellent” already exists in the list of candidate features.
If a word is an adjective in the stemmed sentence while
previously was a noun in the original sentence, the
correct part of the speech must be determined. The
word is an adjective if one of the following conditions
are satisfied, and a feature otherwise:
• The candidate word appears after a noun and before a verb; as adjectives do in Persian language.
• The candidate word precedes an adverb while no
adjective appears after the candidate word.
• The noun-forming suffix does not appear after
the adjective (e.g. “y” or “ness” in English).
In some cases, Hazm may be unable to correctly identify the syntactic roles of some words. Thus, using
the lists of candidate features and adjectives, all the

sentences are examined once again, looking for words
which belong to the lists of candidate features or adjectives, but have been missed in extraction as a result of Hazm errors. The words are then extracted
as candidate features or adjectives and added to the
related list. Let’s consider the following example for
clarification:
• “ﺑﺎﺗﺮي آن ﻋﺎﻟﯽ اﺳﺖ/its battery is excellent”
• “ﻋﻤﺮ ﺑﺎﺗﺮي ﭼﻨﺪان ﻫﻢ ﺧﻮب ﻧﺒﻮد/the battery life was
not that good”
• blah, blah.
Suppose “ ﺑﺎﺗﺮي/ battery” is chosen from the first sentence and added to the list of candidate features. Further, suppose that “ﻋﻤﺮ/life” is extracted from the second sentence as a feature; whereas “battery/ ”ﺑﺎﺗﺮيis
not. Hence, using the list of candidate features, the
word “battery/ ”ﺑﺎﺗﺮيis extracted and added to the
list. In the following step, explicit features and sentiment words are extracted.

7

Identifying Explicit Features and
Sentiment Words

Subsequent to extracting candidate features and
adjectives, one must address the challenges in the
process of extracting explicit features and sentiment
words. Figure 3 depicts the main steps of this process.
The current stage of the proposed method is distinct
in that it achieves the following tasks:
(1) Distinguishing between adjectives as parts of
nouns or sentiment words
(2) Identifying multi-word features
(3) Identifying complex forms of genitive cases

8

Distinguishing Between Adjectives
as Parts of Nouns or Sentiment
Words

In some Persian sentences, an adjective that comes
before a noun may be a part of the noun itself rather
than a sentiment of feature. For instance, the adjective “ﺗﺼﻮﯾﺮي/visual” does not represent a sentiment
or feature in the sentence “ﺗﺼﻮﯾﺮي اﯾﻦ ﮔﻮﺷﯽ ﺣﺮف ﻧﺪارد
ﻧﻤﺎﯾﺶ/the phone’s visual display is awesome”. In contrast, the adjective ”inexpensive/�����“ in the sentence
“ ﺗﻮي ﺧﺮﯾﺪ اﯾﻦ ﮔﻮﺷﯽ ﺷﮏ ﻧﮑﻨﯿﺪ،ﻗﯿﻤﺖ و ﮐﺎرآﻣﺪ ﻣﯽﺧﻮاﻫﯿﺪ ﺑﺨﺮﯾﺪ
 در ﮐﻞ اﮔﺮ ﮔﻮﺷﯽ ارزان/ overall, if you want an inexpensive usable cellphone, do not doubt it” is a sentiment
for the feature “ﻗﯿﻤﺖ/price” and cannot be combined
with the feature. In other cases, the adjective is in fact
a part of the noun, while representing a sentiment for
a feature. As an example, in the sentence “ ﻣﺼﺮف اﺳﺖ
 ﺑﺎﺗﺮي اﯾﻦ ﮔﻮﺷﯽ ﮐﻢ/the battery is low-energy”, the adjec-
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worth mentioning that in Persian language, adjectives tend to appear after nouns.
For example, if the feature “display” and the adjective
“visual” met the abovementioned condition, a new feature “visual display” will be produced and replaces
the old feature and the adjective for that sentence.
Otherwise, if the combination satisfies the following
conditions, an adjective is formed and the corresponding feature (e.g. “energy”) is eliminated from the list
of candidate features. Again, the new adjective (e.g.
“low-energy”) replaces the old one (e.g. “low”).
• In the corpus, no adjective or adverb appears
after the combination
• An adverb of degree precedes the combination;
as they often come before the adjectives.

Figure 3. Identifying Explicit Features and Sentiment Words.

tive “ﮐﻢ/low” is attached to the noun “ﻣﺼﺮف/energy”
to form the adjective “ ﮐﻢ ﻣﺼﺮف/low-energy” which
represents a sentiment for the feature “ﺑﺎﺗﺮي/battery”.
Here, the primary objective is to separate adjectives
that are combined with the nouns, so the candidate
features or sentiments can be formed. For this to happen, the combinations of “adjective + noun” in every
sentence are examined based on the list of candidate
features and adjectives. The distinguished combination will be maintained if the two following conditions
are met:
• The adjective + noun combination frequently occurs in the opinion corpus
• The Likelihood Ratio Test (LRT) [7], signifying
the dependence between two words in the corpus,
exceeds ∂ which denotes the dependency identifier threshold. Note that larger LRT values indicate greater dependencies (The LRT is the ratio
of the probability of the two terms to that of all
comments; indicating the degree of dependence
between those two words. Employing LRT criterion in the calculations has led to better statistical results in texts’ analyses; because of two main
reasons: 1- yielding good results for short texts.
2-consideration of the dependency between rare
and frequent words in the calculations).
• blah, blah.
If the aforementioned combination satisfies the following condition, a new feature will be made, the old
value should be replaced by the new one and the adjective is removed from the list of candidate adjectives.
• Frequently in the corpus, an adjective comes after the combination and before the verb. It is

Sometimes, the “noun + adjective” combination may
produce a noun. For such combinations to be properly
detected, a sentence-by-sentence examination based
on the candidate features and adjectives seems necessary. If the following conditions are satisfied, the
old adjective is eliminated from the list of candidate
adjectives and the new adjective substitutes the old
noun.
• The “noun + adjective” combination is frequent
• The LRT value exceeds ∂
• In the corpus, an adjective or adverb of degree
comes after the combination and before the verb
As a drawback of this scenario, multi-word features
such as “ ﻋﻤﺮ ﺑﺎﺗﺮي/battery life” and “ ﺻﻔﺤﻪ ﻧﻤﺎﯾﺶ/display screen” cannot be extracted in this step; however,
this challenge is addressed in the next step.

9

Identifying Multi-Word Features

Some opinions in the corpus may contain features
composed of several words; for example, “ﺻﻔﺤﻪ ﻧﻤﺎﯾﺶ
 ﮐﯿﻔﯿﺖ/display screen quality” or “ ﻋﻤﺮ ﺑﺎﺗﺮي/battery
life”. Multi-word features can be distinguished as candidates if one of the following conditions are satisfied:
(1) Several words depend on each other in the dependency graph.
(2) In cases in which the dependency graph is insufficient to identify multi-word features, LRT
is used: the words are combined if LRT exceeds
the threshold ∂.
Still, the algorithm presented in this step may be unsuccessful in identification of all multi-word features.
To overcome this problem, all sentences are examined
once more using the multi-word detection algorithm
to identify any multi-word features which may have
been missed.

7
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Finally, single-word features occurring fewer than
three times in the dataset are removed from the list;
which in turn causes higher precision and greater recall performance [20]. This is due to the fact that the
number of repetitions of a word is important in its
being distinguished as a feature.

10

Identifying Complex Forms of Genitive Cases

The final step in extracting explicit features and sentiment words involves a re-examination procedure of
the sentences. The opinion corpus may contain sentences wherein a sentiment word is located between
two nouns which together, regardless of their distance,
can form a compound noun (feature). The adjective
between those two nouns is then regarded as the adjective for the compound noun (feature). For instance,
let’s consider the sentence “ﮐﺮد ﻋﻤﺮ ﻓﻮقاﻟﻌﺎده ﺑﺎﺗﺮﯾﺶ اﺳﺖ
 اوﻟﯿﻦ ﭼﯿﺰي ﮐﻪ ﻧﻈﺮﻣﻮ ﺑﺸﺪت ﺟﻠﺐ/ the first thing that
caught my eye was the battery’s extraordinary life”.
The nouns “ ﺑﺎﺗﺮي/ battery” and “ ﻋﻤﺮ/ life” in the sentence are combined to create the feature “ ﻋﻤﺮ ﺑﺎﺗﺮي/
battery life”. In this sentence, the adjective “ﻓﻮقاﻟﻌﺎده
/ extraordinary” is a sentiment word for “ ﻋﻤﺮ ﺑﺎﺗﺮي
/battery life”. Sentences containing such features are
only identified if the following conditions are met:
• The compound noun already exists in the list of
candidate features extracted in the previous step.
That is, the compound noun already exists as a
candidate feature for another sentence.
• An adjective or a combination of adverb + adjective appears between the two features.

11

The Evaluation Procedure

This section provides an evaluation of the method proposed in this study. The details of datasets, evaluation
criteria, experimental results and the performed comparisons are presented in the following subsections.

12

The Data sets

In this paper, a set of user opinions employed in [17]
(obtained from DIGIKALA website 1 ; an Iranian
commercial website selling various types of goods online) is used for evaluation purposes. As shown in Table 1, the dataset contains user opinions regarding
two distinct categories of products; laptops and cellphones [21]. It is worth noting that the dataset is in
Persian language.
1

http://www.digikala.com

First, all sentences associated with the understudy
products are normalized by Hazm and the conversational verbs are converted into formal ones. Next,
Hazm is applied once more to extract the syntactic roles and dependency graphs of all sentences. A
dataset is formed to be used as the input for the proposed method.
The proposed method acts on explicit features. To
evaluate the performance of the method, two expert
users were asked to read all comments and extract
the explicit features of each sentence (if any). The obtained features were then compared with the explicit
features extracted by the method. Therefore, there
are four possible states:
• TP parameter: The number of features that are
properly extracted by the model.
• FP parameter: The number of features that are
falsely extracted by the model.
• FN parameter: The number of explicit features
that their explicitness was not identified by the
model.
• TN parameter: The number of inexplicit features
that are not properly extracted by the model.

13

Evaluation Criteria

To evaluate the performance of the proposed method,
precision, recall and F-measure criteria have been investigated. To this end, the extracted explicit features
were compared to those identified manually and the
necessary calculations were carried out. In this study,
∂ threshold which has been used in the extraction process of explicit features is experimentally chosen 2.5.
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Performance Evaluation and Analysis

Table 2 compares the results of the explicit feature detection method presented in this research with those
derived by Baba Ali in [17]. As shown, the proposed
method enjoys a sizable lead in precision and recall
values. The method proposed by Baba Ali et al. [17]
is flawed in that it generates a large number of false
candidates; the problems which stems from two main
reasons: (1) lexically labeled nouns and adjectives are
selected as explicit features and sentiment words, respectively; and (2) word orders are ignored in the process of extracting multi-word features. Furthermore,
method 2 fails to propose a framework in which “adjective + noun” and “noun + adjective” pairs are
combined; thus, features such as “ ﻧﻤﺎﯾﺶ ﺗﺼﻮﯾﺮي/visual
display”, “ ﺳﯿﺴﺘﻢ ﺧﻨﮏ ﮐﻨﻨﺪه/cooling system” or adjectives like “ﮐﻢ ﻣﺼﺮف/low-energy” will be missed. This

9
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Table 1. Statistical Breakdown of the Opinions.

Category

Number of Reviews

Number of Sentence

Cellphones

394

1874

Laptops

168

665

Total

562

2539

Table 2. Explicit Feature Detection Criteria: The Proposed Method (Method 1) vs. Baba Ali Method [17] (Method 2).

Precision

Category

Recall

F-measure

Method 1

Method 2

Method 1

Method 2

Method 1

Method 2

Cellphones

0.88

0.79

0.92

0.74

0.90

0.76

Laptops

0.85

0.78

0.91

0.66

0.88

0.72

Total

0.87

0.79

0.92

0.70

0.89

0.74

drawback can be compensated using the method presented in this study.
The precision, recall and F-measure values calculated for the proposed explicit feature extraction
method are compared to those derived from the
methods developed by Bagheri [2] and Hu [9] in Tables ( 3) and ( 4), respectively. The proposed method
by Bagheri et al. in [2], mainly developed for English
documents, cannot identify multi-word features such
as “ ﺳﯿﺴﺘﻢ ﺧﻨﮏ ﮐﻨﻨﺪه/cooling system”. Moreover, it
does not address complex genitive cases. Thus, for
instance, in the sentence “ﮐﺮد ﻋﻤﺮ ﻓﻮقاﻟﻌﺎده ﺑﺎﺗﺮﯾﺶ اﺳﺖ
 اوﻟﯿﻦ ﭼﯿﺰي ﮐﻪ ﻧﻈﺮﻣﻮ ﺑﺸﺪت ﺟﻠﺐ/ the first thing that
caught my eyes was the battery’s extraordinary life”,
the adjective “ ﻓﻮقاﻟﻌﺎده/ extraordinary” is incorrectly
extracted as a sentiment word for “ ﻋﻤﺮ/ life“. Hu
et al. [9] extracted nouns / noun phrases and adjectives as attributes and sentiment words; respectively.
They believed that other components of a sentence
are unlikely to be product features. Therefore, their
method failed to extract features and sentiment
words such as “ﺳﯿﺴﺘﻢ ﺧﻨﮏ ﮐﻨﻨﺪه/cooling system” and
“ ﮐﻢ ﻣﺼﺮف/low-energy”.
On the negative side, since the proposed method
in the present study considers more conditions and
rules (e.g. extracting syntactic rules and dependency
graphs), it is not as fast as other algorithms mentioned in the literature. Besides, although it shows an
improvement compared to its previous counterparts,
cases of wrong identified explicit features can still be
found. The reasons for this can best be summarized as
follows: First, the number of syntactic rules in Persian
language is not high enough. Second, Hazm software
is not accurate in recognition of the dependency between the words of a sentence. Finally, unlike English-

language sites such as Amazon, the number of comments on the counterpart Persian sites is quite low
which in turn reduces the accuracy of explicit features
detection process.

15

Conclusions and Future Work

This paper proposed a novel method for extracting
explicit features from user opinions written in Persian language; consisting of three main parts: 1) distinguishing between adjectives as parts of nouns or
sentiment words, 2) identifying multi-word features
and 3) identifying complex forms of genitive cases.
The first part employed dependency graphs, syntactic roles in Persian and LRT value to identify explicit
features and sentiment words. In the second part, dependency graphs and LRT are used to identify multiword features. Finally the last part uses Persian syntactic roles for identification of complex forms of genitive cases. All three parts lead the accuracy of the
method to be higher than that of previous ones presented in the literature.
Avenues for future researches include improving labelling and stemming which directly impact opinion
mining results. Moreover, larger datasets consisting
of Persian language comments can be taken into account to improve the accuracy of dependency graphs
in feature detection procedures. Also, exploring how
opinion texts vary over time is another area of research. Finally, since opinions tend to change as time
goes by, identification of potential trends is also of a
great interest for most organizations and companies;
and thus is considered as a great potential for further
researches and investigations.
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Table 3. Explicit Feature Detection Criteria: The Proposed Method (Method 1) vs. Bagheri [2] (Method 2).

Precision

Category

Recall

F-measure

Method 1

Method 2

Method 1

Method 2

Method 1

Method 2

Cellphones

0.88

0.75

0.92

0.83

0.90

0.85

Laptops

0.85

0.72

0.91

0.81

0.88

0.80

Total

0.87

0.74

0.92

0.82

0.89

0.83

Table 4. Explicit Feature Detection Criteria: The Proposed Method (Method 1) vs. Hu [9] (Method 2).

Precision

Category

Recall

F-measure

Method 1

Method 2

Method 1

Method 2

Method 1

Method 2

Cellphones

0.88

0.70

0.92

0.72

0.90

0.73

Laptops

0.85

0.69

0.91

0.70

0.88

0.70

Total

0.87

0.70

0.92

0.71

0.89

0.72
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