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while i <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)
/I Equation(3)
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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1: A set of words in Vocabulary = (W1,W2,W3,...,WV)

2: A dictionary of input words and their corresponding sentiment
polarity

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

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

5: for each W in Vocabulary:

output layer
with softmax . .
()

hidden layer

hidden layer
x
document representation
(average word embeddings, - e 6
{ @
sentiment polarity and sentiment e O
intensity per document) T

word-sentiment
representation

lexicon-based
sentiment intensity

lexicon-based
sentiment polarity

r

review text g

embedding weight matrix

o e e .. 6
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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. ¢ (x) specifies a
sigmoid

function.

Input: Set of words in a sentiment lexicon w=

{wi,w2,...,wn.{
Output: Well-trained sentiment- word embeddings Et
Initialization
w embed(w) // Equation (1)
i =0, n=total number of documents

1 mini-batches
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6: Score = 0

7: Word = Lemmatization(W) / /Lemmatize the word

8:Synsets = GetSynsets_SentiWordNet(Word) // Obtain the
sysnets of a word from SentiWordNet

9:iflength (Synsets)>0do // 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_VADER(Word)

15: end if

16: end if

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

18: append (W: “Strong Negative”) to Sentiment_class ifScore <= -1

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

20: append (W: “Neutral”) to Sentiment_class ifScore ==

21: append (W: “Positive”) to Sentiment_class if0 < Score <1

22: append (W: “Strong Positive”) to Sentiment_class ifScore >=1

23: end for return Sentiment_class
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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 text of the tweet.
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However, as we said, the GoPro HD Hero Sport Camera s
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| embedding_50_input: InputLayer |

'

| embedding_50: Embedding |

convld_4: ConvlD

max_pooling1d: MaxPooling1D |

convld_5: ConviD

max_poolingld_1: MaxPooling1D |

convld_6: ConvlD

global_max_pooling1d_41: GlobalMaxPooling1D |

dropout_457: Dropout

dense_48: Dense

dense_49: Dense
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Layer (type) Output Shape Param #
arbedding L (Enbsdéing)  (lone, 42, 320) 1500300
convlid 1 (ConvlD) (None, 4@, 64) 57664
convid_2 (ConviD) (None, 4@, 32) 6176
max_poolingld_1 (MaxPoolingl (lone, 13, 32) 2]
convld_3 (ConviD) (None, 13, 16) 1552
convld_4 (ConviD) (None, 13, 8) 264
global_aversge_poolingld_1 ( (None, 8) 0
dense_1 (Dense) (none, 1) 9

Total params: 4,565,965
Trainable params: 65,665
Non-trainable params: 4,508,380
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Experiments TF-IDF Word Embedding
CNN- LSTM- CNN- LSTM-
WSD WSD WSD WSD
ACC 0.910036 | 0.934178 | 0.943248 | 0.958863
F-Score 0.727000 | 0.772000 | 0.871000 | 0.907000
AUC 0.814408 | 0.864623 | 0.868279 | 0.881397

L, ACC:LSTM_WSD 35, slp oldS anw b
0.864 L ,.|,, AUC 40.907 L ,I, F-Score 4 os,s 95.8
F- 505,094.3 L 51, ACC LCNN_WSD 35, 5 el
<w!0.889 L, AUC 40.871 L o, Score
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.3,ls F-Score,

12
1
L 08
mACC L 06
m F-Score
- 04
AUC
- 0.2
-0
CNN-WSD LSTM-WSD CNN-WSD LSTM-WSD
TF-IDF Word Embedding

Baos 5500
Model AUC Acc [%] F-score Testing
time [s]

LSTM_WSD 88.13 ¢ 0.958 + 0.907 = 10.398 +
(this study) 0.91 0.011 0.009 0.226
CNN_WSD, 86.82 + 0.943 + 0.871 £ 8.012+

(this study) 0.91 0.005 0.006 0.131

LSTM 84.05+ 0917+ 0.841 + 2.042 +
Alikarami 0.28 0.003 0.002 0.128

et al.

CNN 84.29 + 0.921 + 0.844 £ 8.139+
Alikarami 0.17 0.001 0.003 0.286

et al.

DNN 84.14 + 0.842 + 0.828 £ 8.14£ 0.
Alharbi et 0.71 0.002 0.005 31

al.

Tree-LSTM 86.06 = 0.867 + 0.851 4.15+0.
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Experime TF-IDF Word Embedding
nts

DNN- LSTM- DNN- LSTM-

WSD WSD WSD WSD

ACC | 0.757757 | 0.934178 | 0.790962 | 0.958863

F-Score | 0.763832 | 0.772000 | 0.788766 | 0.907000
AUC | 0.764996 | 0.864623 | 0.788166 | 0.881397
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! Tang, D., Qin, B., Liu, T.

Model AUC Acc [%] F-score Testing
time [s]

and 0.28 0.006 0.003 11

Discourse-

LSTM

Kraus et al.

GRU, and 85.29 + 0.851+ 0.854 + 11.2+0.

hybrid 0.16 0.002 0.006 31

approaches

Do et al.

RNN 84.74 £ 0.850 + 0.838 + 9.16+ 0.

Abid et al. 0.91 0.003 0.008 21

Coattention- 87.52+ 0.891 + 0.871 £ 5.032+

LSTM + 0.19 0.002 0.003 0.18

Location

Yang et al.

Bi-LSTM 84.85+ 0.871+ 0.841 + 3.042+

Wu et al. 0.06 0.002 0.003 0.45
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The belief of Persian text mining based on deep learning with

emotion-word separation
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,
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 4 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.

Keywords: Belief mining, natural language processing (NLP), deep learning, text mining.



