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Abstract

Belief analysis or the classification of texts based on the feelings and opinions of users on websites and social
media helps people, companies and organizations to make important decisions. Belief mining includes a system
for analyzing people's opinions and feelings about an entity such as products, people, and organizations,
according to the opinions, messages and tweets of users in social media. In this article, the belief analysis of
Persian texts based on the messages, comments and tweets of users in social media and websites of four
datasets using two deep learning methods, CNN, LSTM, taking into account the sense of the word, in two
poles, positive and negative with intervals -2 and +2 are classified. In the proposed method, first the process of
data pre-processing based on character to number conversion, removing the list of extra words and multi-word
analysis is done, then for belief analysis and classification of Persian texts CNN, LSTM machine learning
algorithm with word sense separation (WSD) is used to recognize the intensity of emotions according to the
words. We call the proposed model CNN_WSD and LSTM_WSD. In the proposed method, the Persian Twitter
dataset is used for evaluation and then it is compared with other machine learning and deep learning methods,
DNN, CNN, LSTM, in the implementation of this method, python software is used. The accuracy rate of the
proposed method for LSTM-WSD and CNN-WSD is 95.8 and 94.3%, respectively.
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Parameters: n(w, j) is the jth node in the binary tree. L (w) is the
path

length in the tree. ch(n) is a child node. o (x) specifies a sigmoid
function.

Input: Set of words in a sentiment lexicon w= {w1,w2,...,wn.{
Output: Well-trained sentiment- word embeddings Et
Initialization

w embed(w) // Equation (1)
i =0, n=total number of documents
whilei<ndo

if P(Wo|Wi(
vw is the vector marker of the input words and v'w represent
the vector marker of the output words.
x= Softmax(Wt + j) // Equation (2)

If x is integer, [[x]] = 1; Otherwise [[x]]

-1.
If x is correct, [[x]] = 1; Otherwise [[x]] =—1.

end if where (Wij weight of each n-gram in the document) //
Equation(y)

Repeating number or using the frequency product of each word
tf_idf // Equation (4)

i=i+1
Obtain well-trained sentiment- word embeddings(WSD): using
synoumym Word and the words of the context around it.
end while
return.
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hidden layer
hidden layer
document representation T
(average word embeddings, ;
( R —
sentiment polarity and sentiment -
intensity per document) T

word-sentiment
representation

lexicon-based
sentiment intensity

lexicon-based
sentiment polarity
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review text

embedding weight matrix
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2 Mini-batches
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: A set of words in Vocabulary = (W1,W2,W3,... WV)

: A dictionary of input words and their corresponding sentiment polarity

: I/ Get sentiment polarity of words based on SentiWordNet and
Sentipers lexicons

: Sentiment_class = {3} // Dictionary of words and their corresponding
polarity class

5: for each W in Vocabulary:

6: Score =0

7

8

wWN -

S

: Word = Lemmatization(W) //Lemmatize the word
: Synsets = GetSynsets_SentiWordNet(Word) // Obtain the sysnets of a
word from SentiWordNet
9: if length (Synsets) > 0 do // That means the word exists in
SentiWordNet lexicon

10: Score = Average( Synsets.positive_scores) - Average(
Synsets.negative_scores)

11: else

12: Score = getPolarity_SenticNet(Word)

13: if Not Score do // That means the word does not exist in the SenticNet
lexicon

14: Score = getPolarity_VVADER(Word)

15: end if

16: end if

17: /1 Assign sentiment class based on the score obtained before

18: append (W: “Strong Negative™) to Sentiment_class if Score <= -1

19: append (W: “Negative”) to Sentiment_class if -1< Score < 0

20: append (W: “Neutral”) to Sentiment_class if Score == 0

21: append (W: “Positive”) to Sentiment_class if 0 < Score < 1

22: append (W: “Strong Positive™) to Sentiment_class if Score >=1

23: end for return Sentiment_class
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embedding_50_input: InputLayer

!

embedding_50: Embedding I

convld_4: ConvlD

l max_pooling1d: MaxPooling1D I

convld_5: ConvliD

I max_poolingld_1: MaxPooling1D l

convld_6: ConvlD

global_max_pooling1d_41: GlobalMaxPooling1D I

dropout_457: Dropout
dense_48: Dense
dense_49: Dense

LSTM-WSD (soliciiun oo 55 sasy jLsle § JSb

Ranked -2 -1 0 +1 +2

Sentences | 5394 | 93998 | 425084 | 294538 | 180986
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_ “target” is the polarity of the tweet;

_ “id” is the unique ID of each tweet;

_ “date” is the date of the tweet;

_ “query_string” indicates whether the tweet has been collected
with any particular query keyword
(for this column, 100% of the entries labeled are with the
value “NO_QUERY™);

_ “user” is the Twitter handle name of the user who tweeted,;

. “text;’ is the verbatim gext Of; the t\éveet. .

| H c B A
tweet  place  name  usemame user_id timezone time date created_alconversatfid | 1
uteu, KHAMENIkhamenei_ 2 25E+09 UTC 11:15:25 #iHasHSE 1 59E+12 1 26E+18 1.26E+18 2
Uteu, KHAMENIkhamenei_ 2. 25e+09 UTC 10:48:01 #HHAsH# 1.59E+12 1.26E+18 1.26E+18 3
vela KHAMENIkhamenei_ 2.25E+09 UTC 10:18:23 #tikt 1.50E+12 1.26E+18 1.26E+18 4
o o KHAMENIkhamenei_ 2.25E+09 UTC 10:11:18 #sHatiss 1.59E+12 1.26E+18 1.26E+18 §
o§UEUT KHAMENIkhamenei_ 2.25E+09 UTC 10:05:55 #sHatiE 1.59E+12 1.26E+18 1.26E+18 €
#2:U°@”_U...@'0,U KHAMENIkhamenei_ 2.25E+09 UTC 09:55:25 Akt 1.59E+12 1.26E+18 1.26E+18 7
o®U,0E KHAMENIkhamenei_ 2.25E+09 UTC 19:01:56 #HtskE 159E+12 1.26E+18 1.26E+18 8
U,0:0¢Ut UEO*@§ KHAMENIkhamenei_ 2.25E+09 UTC 15:34:45 #stntis 1.59E+12 1.25E+18 1.25E+18 9
http://farsi.khamenei. KHAMENIkhamenei_ 2.25E+09 UTC 13:55:45 #HatEE 1.59E+12 1.25E+18 1.25E+18 10
#2:U..0 KHAMENIkhamenei_ 2.25E+09 UTC 17:41:10 #EHaRAH 1.59E+12 1.25E+18 1.25E+18 11
@:zUery KHAMENIkhamenei_ 2. 25E+09 UTC 12:20:20 #HHE5HE 1 59E+12 1.25E+18 1.25E+18 12
U..@-u KHAMENIkhamenei_ 2 25E+09 UTC 20:33:15 #sHnngE 1 59E+12 1 25E+18 1.25E+18 13
[VRRVAY KHAMENIkhamenei_ 2. 25E+09 UTC 20:21:50 #&HaHA# 1.59E+412 1.25E+18 1.25E+18 14
@ U0 KHAMENIkhamenei_ 2.25E+09 UTC 14:55:44 #ftnH 1.59E+12 1.25E+18 1.25E+18 15
UT@:Ut @@~ @§U,6 KHAMENIkhamenei_ 2. 25E+09 UTC 15:13:16 #HEsHE 1 59E+12 1.25E+18 1.25E+18 16
oV KHAMENIkhamenei_ 2 25E+09 UTC 10:30:18 #sHasHE 1 59E+12 1 25E+18 1.25E+18 17
@ o+ KHAMENIkhamenei_ 2. 25E+09 UTC 07:39:55 #HHasaAH 1.59E+12 1.25E+18 1.25E+18 18
U%e®e” @*Ute U KHAMENIkhamenei_ 2.25E+09 UTC 06:30:44 #Htss 1,50E+12 1.25E+18 1.25E+18 19
UtUcEU KHAMENIkhamenei_ 2.25E+09 UTC 19:02:11 #sHakiss 1.59E+12 1.25E+18 1.25E+18 20
UtU...@50eUTU Ut KHAMENIkhamenei_ 2.25E+09 UTC 07:00:52 st 1. 58E+12 1.24E+18 1.24E+18 21
#UtUo KHAMENIkhamenei_ 2.25E+09 UTC 04:57:21 Rt 1.58E+12 1.24E+18 1.24E+18 22
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CNN-WSD ‘ LSTM-WSD

mACC —

m F-Score

AUC

CNN-WSD | LSTM-WSD

TF-IDF Word Embedding

0815 asgosxo y Fues (5 mSOb gy (2b )yl sloges A S

&1 2WSD) ) lalS a5 e CNN LS Lo Cond (] 5o
Golpion gy 5o el odd oolaiul pnac 4SS slaaY
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Layer (type) Output Shape Param #
arbadding o (tebadéing) | (Nome, 48, 399) e
convid 1 (ConviD) (None, 48, 64) 57664
convld_2 (ConviD) (None, 40, 32) 6176
max_poolingld_1 (MaxPoolingl (None, 13, 32) 2]
convld_3 (Conv1D) (None, 13, 16) 1552
convld_4 (ConviD) (None, 13, 8 264
global_average_poolingld_1 ( (None, 8) (+]
dense_1 (Dense) (None, 1) 9

Total params: 4,565,965
Trainable params: 65,665
Non-trainable params: 4,508,300

CNN solpsioy oo jo sy Lsle Y o
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F-5 (AUC) oo ) Sl (ACC) 85 1050 g0 428 )5 Lo
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Aibgo Vo b plp K as ool oolawl cross validation

95.8 L i, ACC : LSTM_WSD s, sl lelS anes gl
5l 0.864 L 1 AUC 40907 L 1, F-Score 4 wo,s
l).]g‘).g F-Score PN 94.3 l.g)g‘ﬁ ACC LCNN_WSD &5)

<] 0.889 L i, AUC 40.871
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_ Experime TF-IDF Word Embedding
0ud 3l b golpsiion (shgy lino b Juw wlivbejl o ¥ Jeus nts
GPU Sél,§ CNN- LSTM- CNN- LSTM-
Experiments TF-IDF Word Embedding WSD WSD WSD WSD
CNN- LSTM- CNN- LSTM- ACC 0.910036 0.934178 | 0.943248 0.958863
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