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Abstract

With the appearance of Web 2.0 and 3.0, users’ contribution to WWW has created a huge amount of valuable

expressed opinions. Considering the difficulty or impossibility of manually analyzing such big data, sentiment

analysis, as a branch of natural language processing, has been highly considered. Despite the other (popular)
q languages, a limited number of research studies have been conducted in Persian sentiment analysis. In this
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study, for the first time, a semi-supervised framework is proposed for Persian sentiment analysis. Moreover,
considering that one of the most recent studies in Persian, is an algorithm based on extracting adaptive
(dataset-sensitive) expert-based emotional patterns. In this research, extraction of the same state-of-the-art
emotional patterns is proposed to be performed automatically. Moreover, application of the HMM classifier,
by utilizing the mentioned features (as its states) is analyzed; and additionally, HMM-based sentiment analysis
is upgraded by being combined with a rule-based classifier for the opinion assignment process. In addition,
toward intelligent self-training, a criterion for evaluating, the high reliability of output is presented by which
(assuming satisfaction of the criterion) the self-training process is performed in “lexicon-extraction” and
“classifier,” as learning systems. The proposed method, by being applied on the basis dataset, provides 90%
of accuracy (despite its expert-independent lexicon generation nature), which in comparison with the
supervised and semi-supervised methods in the state-of-the-art has a considerable superiority. Moreover, this
semi-supervised method is evaluated by a 10/90 ratio of train/ test and its reliability is demonstrated by
providing 80% of accuracy.

Keywords: Opinion Mining, Self-training, Self-constructed Lexicon, Hidden Markov Model, Adaptive
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% Sentiment analysis
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(Figure-1): An example from a comment
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(Tabel-1): Fixed patterns, extracted for Opinion Mining [11]
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(Tabel-2): Overview of literature on SSL for tweet sentiment
analysis [25]
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(Figure-2): Conceptual model of the proposed method
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(Table-5): Examples of the generated n-grams in the adaptive
dictionary
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(Table-6): The determined ranges for labeling n-grams in the
Adaptive Dictionary
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Input = myNGram, myNGramTag, previousWord
pos,neg=
findPolarityFromDics(myNGram);
score = (pos - neg) / (pos + neg);
if (previousWord in Negation)

score *=-];
if(score>0.2 and score<(.6)
myNGramTag = “Pos’+myNGram;
else if(score<-0.2 and score>-0.6)
myNGramTag = “Neg ™+ myNGram;
else
myNGramTag = “Neu+myNGram,

Output = myNGramTag
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(Pseudocode-2): Algorithm of determining n-grams polarity,
based on observations frequency in the Adaptive Dictionary
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2 Hidden Markov Models (HMM)
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(Figure-5): A schematic view of classification in
Kernel-based SVM

b gyl —Y-F

Sz 5l ieen (nl 5o oleian b, (2b5) u
Sbee gOB S ) FT e T leS Sods e

Cawloads solazwl (V) Jouz llas 7 Kisy j02,0 e yilo

2 §lR s S Jos oo (Koo WY (V- Jguz)
FP ( ciowo oLl FN cCodio Sy TP (oo Gy TN) aiilo
(anto obd!

(Table-7): Possible cases for output validity of a classifier in

each class (TP: true positive, TN: true negative, FP: false
positive, FN: false negative)
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(Figure-4): A simple example for HMM application in solving
POS-Tagger problem
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(Table-8): Details of the utilized dataset
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(Figure-8): Sustainability of the proposed semi-supervised
method with decreasing training data ratio
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