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Applying Character-Level Neural Network-Based Sentiment
Analysis Model on Persian Comments of the Social Media-
Online Store Platforms

Omid Khalaf Beigi', Master’s Degree Student, Seyed Alireza Bashiri Mosavi®", Assistant Professor, Sina
Gharloghi®, Bachelor Student

! Department of Electrical and Computer Engineering, Kharazmi University, Tehran, Iran.

2 Department of Electrical and Computer Engineering, Buein Zahra Technical University, Buein Zahra, Qazvin, Iran,
abashirimosavi@bzte.ac.ir.

3 Department of Electrical and Computer Engineering, Buein Zahra Technical University, Buein Zahra, Qazvin, Iran.

Abstract: Nowadays, due to people being more willing to shop online through online stores and social
media, we are facing the growth of unstructured data like texts on the internet. Hence, text processing and the
development of optimal algorithms for extracting knowledge have drawn scholar’s attention to this field.
One of the aspects of the text processing field is classifying texts in the form of classes of various sentiments
using different algorithms. We propose a novel framework to classify the comments based on the user’s
sentiment performed in the character-level scenario. Hence, the proposed framework is mounted on the
architecture of embedding from the language model triggered by the quad-layer, namely embedding, one-
dimensional convolution, the map, and the recurrent neural network. In the proposed framework, first, by
using the embedding layer at the level of the character, a constant vector is assigned to them. Next, the
semantic and logical relation between the characters per word for surviving word-specific 128-dimensional
vectors is extracted by exerting the parallel-oriented one-dimensional convolution operators. After obtaining
vectors, based on two recurrent neural network architectures, the relationship between the discovered words
and the comment-specific sentiment is determined. The obtained results show that the proposed framework
has an Accuracy of 79.87% and a F-score of 79.9% for comments class labeling.

Keywords: Natural Language Processing, Sentiment Analysis, Context Based Model, Deep Neural Network,
Internet Platforms.

* Seyed Alireza Bashiri Mosavi, abashirimosavi@bzte.ac.ir
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2- Mapping Layer

4- Activation Function

6- Kernel
8- Long-Short Term Memory

10- Time Steps
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2- Gated Recurrent Unit
4- Update Gate

6- Feed-Forward
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5- Residual Connection
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2- Gated Recurrent Unit
4- Update Gate

6- Feed-Forward
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Rows: Number of words in sentence
Columns: 128

convolution=Conv1D(in_channels=50,
out_channels=conv_list[1][0],
kernel_size=conv_list[1][1])

i+=1

result=convolution(sent_embed)
result_ max=max(result)
result_ max=relu(result_max)
sent_conv.append(result_max)
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2- Generalization
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Model Base Accuracy  F-score Scale
CBRCMN  BILST 78.68%  78.76% Small
(64, 128) M
CBRCMN BiGRU 79.11%  78.93% Small
(64, 128)
CBRCMN  BILST 79.4%  79.43% Medium
(128, 256) M
CBRCMN BiGRU 79.87% 79.9%  Medium
(128, 256)
CBRCMN  BIiLST 78.95%  79.1% Large
(256, 512) M
CBRCMN BiGRU 78.5%  78.52% Large
(256, 512)
Word- BiLST 7497% 74.98% Medium
Based M
Word- BiGRU 74.15% 74.17% Medium
Based
Word- CNN 76.56%  76.74%  Medium
Based
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Optimization Algorithm Adam
Learning Rate le-4
Beta-1 0.9
Beta-2 0.999
Eps le-8
Epochs 10
Batch Size 32
Programming Language Python v3.7
Deep Learning Library PyTorch
CPU Intel® Xeon® 2.2 GHZ
GPU Tesla T4 (15 GB)
RAM 12.68 GB
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