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Abstract

In this day and age of data innovation, vast amounts of data are being
generated daily, much of it is useless to the general public unless it is correctly
handled. This year has seen a huge increase in social networks’ relevance,
resulting in vast quantities of data provided by users. This vast amount
of information is gathered from a variety of sources, including company
websites, customer blogs, and item reviews. The text outline is probably
the most significant point of view in daily life. Analysis of text sentiment
is a method for assessing, summarising, and drawing conclusions about the
most important content. In the field of sentiment analysis, attention methods
have been crucial since they make use of sentiment lexicons to gather a
huge amount of sentiment polarity information. With an attention mechanism
that acts as a link between linguistic information with a strong emotional

Journal of Mobile Multimedia, Vol. 184, 1281-1300.
doi: 10.13052/jmm1550-4646.18415
© 2022 River Publishers



1282  B. Rajalaxmi Prabhu and S. Seema

component and deep learning algorithms, it may be possible to boost text
sentiment significantly. In the LSTM model, word sequence addictions can
be captured over the long term. For the first time, scientists have developed
an attention model that combines LSTM with an incredibly deep RNN model
to tackle the problem of sentiment analysis in the real world. The iterative
method trains the first set of word embeddings using a Word to Vector
technique. With the Word2Vec algorithm, text strings are converted into a
numerical value vector and distance between words and comparative words
based on meaning are calculated. Using the attention strategy has the added
benefit of potentially enhancing machine learning’s ability to learn sentiment
representations. The attention model is more scalable and adaptable than pre-
vious approaches. The major objective of this work is to assess feelings and
develop an abstracted content outline, decide on the semantic summarization
of different materials and effectively process the data.

Keywords: Polarity, encoder, decoder, attention model, summarization.

1 Introduction

These days, a huge number of data is created and acquired as a result of
the vast amount of data, and the most helpful information and wonderful
overview of data can be found these days. Attention-based deep learning
procedures are one strategy that has seen increased use in recent years. By
focusing on relevant sections of a sequence, attention mechanisms can help
neural networks perform better in a variety of tasks, such as sentiment analy-
sis, emotion detection, machine translation, and speech recognition. Using
recurrent neural networks (RNNs), we test the effectiveness of attention-
based models in a variety of sentiment analysis scenarios. Many deep learning
models, techniques of training as well as numerous hyper-parameters are
used to examine self-attention, global attention, and hierarchical attention.
Instead of using a long-term memory network to analyze sentiment, the
suggested approach uses attention processes in a short-term memory network
to extract the words with embedded word vectors. Model execution can
be improved by applying a unique text count technique based on dynamic
sparse encoding [1]. Dynamic attention encoder techniques are commonly
used to encode sentiment subjectivity among the constituents. A dynamic
attention encoder model and an attention-based model are used to evalu-
ate large texts. Using the relevant association, the model is given polarity
information. What we’re trying to do here is extract as many useful and
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thoughtful words from the model’s input as possible. Using attention-based
embeddings, we separate the features of the phrase into a set of word vectors,
which we then feed into the classifier [3]. This paper [2] uses a dynamic
attention encoder model in conjunction with BILSTM to deal with issues
caused by extended sequence dependence, as well as to extract the sentiment
polarity from user reviews. Modified Using text summarization, the goal is
to reduce the amount of text while still protecting the most important parts
of the message. Only a few sentences from the given sentiment are taken
into consideration while extracting text using an extraction approach. This
method of abstractive text summarising aims to provide the reader with the
most relevant information while yet maintaining a high level of semantic
precision [5, 6]. As a result of its design, RNN with encoder and decoder
models works better when dealing with data and text that have varying
lengths. To summarise the text, we’ll use a brief version of each of the data’s
big word sequences. To summarise long sentences, bidirectional RNN and
LSTM are employed as encoder and decoder, respectively [7]. In this study,
film reviews are categorized as either positive or negative, impartial to some
degree. One or two methods for conducting thorough research have been put
forth in recent years [4]. These traditional methods have yielded excellent
results, but text sequence is also important when it comes to component
design [8]. Due to their ability to understand knowledge without manual
component construction, deep learning approaches have emerged as effective
strategies.

2 Literature Review

Beginning in the early 1900s, sentiment and opinion mining became a well-
established field of research. They finally became a significant study topic
after synthesizing the data audits requested and opened in 2000. In 2005, just
101 publications were distributed on this topic; by 2015, that number has
risen to roughly 5,699 pieces. Over the past 10 years, this means that the
estimated study has expanded about tenfold, making it the fastest-growing in
recent years. A person might seek advice from friends, neighbors, and family
members before deciding in the early days of the internet [9]. Associations
conducted assessments on its objects and administrations, including tests,
evaluations, and population-wide assessments. Since the advent of the World
Wide Web, particularly Web 2.0, where customers place a greater focus on
substance, the way people share their opinions and viewpoints has drastically
changed. Individuals can post their opinions, judgments, and sentiments
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in the form of Web diaries, social stages, dialogues, and surveys on their
websites. and surveys. As a result of the wealth of data offered by Web
2.0 applications, evaluation mining has advanced at a rapid pace. Long-term
interpersonal communication between Twitter and Facebook, for example,
is more focused on the most recent items between 2014 and 2016 [10].
Various subjects became popular in the ongoing exchanges of mobile phones,
financial and human emotions. In 2012, the importance of big data grows, and
in 2013, Big Data Analytics becomes increasingly well-known. Cutting-edge
information preparation techniques with huge dimensions, greatly extended
capabilities, and sophisticated information designs generate extreme amounts
of information [11]. Large-scale data requires new approaches and strategies
to deal with unique computer opportunities for obtaining useful infor-
mation without suffering from a delicate disaster. Since recently, another
rapidly expanding exploration sector has been iterative: the use of artificial
intelligence to solve these problems.

In this section, we present brief data on the various types of computations
that were employed in the assumption study. The most beneficial research is
distinguished by the judgment and subjectivity of the text in the study [12].
This article describes methods for a few hypothetical exams [13] that are
based on deep learning methodologies, such as learning word implantation,
slant characterization, and assessment extraction, that are based on deep
learning methodologies. In this text, it is iterative that artificial intelligence
be submitted for a sentence. Both studies made use of components of gram-
mar as well as the TF-IDF to determine the loudness of the words under
investigation [14]. In this paper, multiple techniques (namely CNN, RNN,
and LSTM) to the problem of phrase polarity have been investigated and
contrasted [15]. As a result, this paper [16] eliminated from the Word2vec
device the highlights of several sources of information, customer data, and
user information. In a nutshell, comparable tactics were applied in both
cases. The use of an LSTM model that is dependent on the detection of
feelings [17] is another approach that mixes assumptions with semantical
highlights. Using the Amazon food dataset [18, 25], this paper conducted
an in-depth investigation of how opinion research for a recommendation
framework is conducted. The great majority of models are used to moni-
tor information in the English language; however, just a small number of
models monitor tweets in a variety of dialects, including Spanish, Thai,
and Persian. Former experts have investigated tweets using a variety of
models of extremes and profound learning, which they developed themselves.
Models such as DNN, CNN, and crossbred methods are examples of such
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approaches [19]. Deep learning models are used in a variety of works that
are focused not only on the concluding extreme of literary content but also
on the investigation of viewpoint assumptions. In this research, angle-based
notion inquiry was carried out using Senti-WordNet [20], which was based
on semantic explanation to identify points of view and was based on angle-
based notion inquiry. There were considerable degrees of item perspectives
in the assurance of views in this article [26] which was included in the assur-
ance of opinions assessments as well. In an independent experiment [21],
three deep learning techniques, specifically CNN, RNN, and LSTM, were
tested on a variety of datasets using different learning algorithms. The
three techniques that were employed in this study were not compared, even
though this was stated. The Word2vec device [22] is used to extract textual
highlights from a variety of information sources, which are then converted
into word implanting. There is a single window that contains both the
global network degradation window [23, 24] and the neighbourhood setup
window.

3 Proposed Methodology

To assess the feelings associated with the customer review, we developed a
model that makes use of a neural network with a closed recurrent unit that
has learned how the vector word2vec of the surveys affects the vectors. The
item review data is initially used as a fixed-length preprocessed by a variety
of different ways before being used. These words of review are transformed
into vector embeddings, which are then combined and arranged. Vector
embedding, which is a technique for forming vectors in the hidden RNN
layer, has been employed. The close association between the data corpus is
maintained by these vector embeddings of the data.

The information in this article is derived from around two lakh customer
reviews on websites. Each review contains information on the item, the user,
the profile name, and the content of the review. During the preparation phases,
information cleaning and highlight extraction have been carried out on the
data. Several profound learning models were utilized during the prepara-
tion stage, and detailed outcomes in the following field were introduced.
Comprehensive approaches for improving results and capturing semantic and
syntactic data have been developed by this concept. The DL model is used to
develop a pre-processed word embedding model, which is presented in this
paper. The objective of this effort is to gain insight into specific words when
the prior data does not provide enough information.
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Algorithm: To compute the optimized weight values of the context

Input: Weight values of Deep Learning Modified Neural Network
Output: Optimized weight values

Start:
Computing the population of dragonflies as Z, = (el, e, ..., el)
Computing the step vectors
while the ending step is not met
Determine the Objective function for all Z,,
Determine T}, B,, D;, B, and E,.
Modify the near hood radius
if the present dragonfly has at least one near dragonfly
Choose two crossness and carryout mutation
else
Update the step of the vector using equation
AMt+ 1= (sTp+qBIl1+cDh+ fBr+eEr)+ WAZt
Update the state of the vector using variables
Yt+1=Yt+AYt+1
end if
end while
Stop
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The vast amount of effort has resulted in the acceleration and expansion of
the scope of numerous new research initiatives in the area. Specially created
word embedding has been recommended as a result, and it is available to the
wider community. Because of the mixing of several text sequence models, we
were able to produce the well-known pre-prepared word embedding that was
employed in the estimated phrases.

4 Experimental Results

To evaluate the performance of the model, several metrics were utilized,
including accuracy, precision, recall, and F-score, as well as average mea-
sures such as macro, micro, and the weighted average score in some
multiclass problems. Accuracy and precision were the most important metrics
used. Precision recall, accuracy, and other measures are used to assess the
model’s overall performance. To determine how many of them accurately
forecast that they belong to a particular class of the text, precision is used.
When there is more data, the recall is better, and vice versa. In our investi-
gations, we make use of two different datasets customer reviews as well as
medicine care reviews are also available.

For both the item reviews and the medicine reviews, experiments are car-
ried out using a variety of baseline models, including multinomial, Bernoulli,
and logistic regression models, among others. The AUR-ROC curve is used
to compare the performance of the models in the item reviews, as shown in
Figure 2 of this document. If the AUC value is high, it indicates that the model
will be able to distinguish between positive and negative reviews with ease.
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Figure 2 Roc comparison of item review data with baseline and other methods.
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Figure 3 Roc curve comparison for Medicine reviews with baseline and other methods.
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Figure 3 depicts a comparison of the performance of the models utilizing
the AUR-ROC curve for medicine care reviews in comparison to one another.
When comparing item reviews with medicine reviews, it is demonstrated that
the logistic regression model performs significantly better in both instances.

The Matrix value is primarily responsible for explaining the classification
performance of the classifier concerning some test datasets. Figure 4 shows
the matrix.

To evaluate the performance of a baseline algorithm, it is important to
collect data. Figure 5 depicts the ROC curve of the basic model.
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When applied to medicine reviews, the AUC ROC curve for the basic
model reveals that the area under the curve, as shown in Figure 7.
Figure 8 depicts the Matrix value for the true and false classes for the
basic model for item.
When analyzing data visualization, it is necessary to check the area under
the curve (AUC) or receiver operating characteristic (ROC) curve. Figure 9

depicts the AUC ROC curve obtained from the suggested model for item
reviews data set.
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Figure 10 depicts the Matrix value relating to true and false classes for
the iterative model using medicine reviews. Figure 11 depicts the AUC ROC
curve obtained from the suggested model for medicine review data.

Figure 12 depicts the accuracy of the model when using the iterative
approach on medicine data. Both datasets were processed using two layers
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Figure 10 Matrix data value of Medicine reviews using iterative iterative model.

of bidirectional LSTM in conjunction with the attention encoder neural
network and the dynamic attention model. The suggested bidirectional model
is equipped with an encoder, which allows for efficient execution. Based
on medicine data, Figure 13 depicts the model loss caused by the iterative
approach.

The experimental results obtained through the use of the iterative method-
ologies are shown in the following section.

When compared to other simple basic models, the performance of the
iterative model outperforms them, according to the findings. The accuracy
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Figure 12 Accuracy with the medicine data using iterative method.

value obtained using the basic approach on Item data is depicted in above

figure.

Figure 14 depicts the accuracy of the suggested approach based on item
evaluation data for 100 epoch’s model of basic in terms of accuracy and
precision. Figure 15 shows the model loss value with Iterative approach on

Item reviews.
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Figure 15 Shows the model loss value with Iterative approach on Item reviews.
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Figure 17 Shows the ROC value on real time medicine reviews using Iterative approach.

When applied to item review data sets, the iterative approach results
in a model loss value as depicted in Figure 15. It demonstrates that, as
compared to the baseline models, the validation loss is reduced in the case
of the suggested strategy. The accuracy findings and the value of the ROC
curve for the real-time medicine review data set are depicted in Figures 16
and 17 respectively. The sentiments summary, as well as polarity detection, is
obtained in this paper. Summary and polarity detection values are identified
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I have been on this for just over 3 weeks and am not really well on it. The first 4 days I had a very persistent headache that it laste
d continuously. BM’s are still not quite normal but nothing super uncomfortable. The first mght was when I experienced the jaw ¢
lenching, and the only reason I knew that happened was because when I woke up my jaw was tired and sore (T'm not a grinder/cle
ncher normally). The jaw chatter is so slight I have to concentrate to notice it and it’s oceurring continuously. The nausea was als
o very severe and gone for many days. I have noticed that my dreams at night are much more vivid and more frequent than norma
1, and a little on the weird side but not nightmarish or anything like that. As far as helping with my anxiety, this started troubling
with that within the first week. I feel scared, iam not able to focus, and am just all around feeling not good about things. Isee a
lot of people say they are emotionless robots on this medication but T am not experiencing that af all.

Summary

T've been on 1f for 3 weeks and am not doing well. The first 4 days I had a constant headache, BM's are still not completely norma
1 but not unbearable. The first night, I woke up with a fatigued and hurting jaw (I'm not a grinder/clencher generally). The jaw cha
tter is so subtle I have to focus to notice it. The nausea was strong and lasted days. My dreams are considerably more vivid and fr
equent than typical, and a touch odd. but not scary. Concerning my anxiety. 1t started bothering me within the first week. I'm scar
ed, unable to focus, and generally uneasy. Many people on this medication claim to be soulless robots, but I am not.

Time taken to generate summary is: 6.3s

Polarity scores

Negative Score: 34.2% Neutral Score: 28.9% Positive Score: 36.9%
Sentiment polarity: Positive

Figure 18 Summary and polarity value using basic method.

I have been on this for just over 3 weeks and am not really well on it. The first 4 days [ had a very persistent headache that laste
d continuously. BM's are still not quite normal but nothing super uncomfortable. The first night was when I experienced the ja
w clenchmng, and the only reason I knew that happened was that when I woke up my jaw was tired and sore (I'm not a grinder/c
lencher normally). The jaw chatter is so slight I have to concentrate to notice it and it's occurring continuously. The nausea was
also very severe and gone for many days. I have noticed that my dreams at night are much more vivid and more frequent than n
ormal. and a little on the weird side but not nightmansh or anything like that. As far as helpmg with my anxiety, this started tro
ubling that within the first week I feel scared. 1 am not able to focus, and am just all around feeling not good about things. I se
2 a lot of people say they are emotionless robots on this medication but I am not experiencing that at all

Summary

Tam on 1t for 3 weeks and not happy. I had severe headaches for 4 days. For the first time, my jaw hurt. My jaw chatter require
s concentration. It was a week-long bug. My dreams are vivid, strange, and not much scary. My nervousness began in the first
week. [ am scared, distracted, and anxious. I am not a soulless robot on thus substance.

Time taken to generate a summary is: 2.4s

Polarity scores

Negative Score: 54.6% Neutral Score: 18.3% Positive Score: 27.1%
Sentiment polarity:: Negative

Figure 19 Summary and polarity value using iterative method.

for both baselines as well as the proposed method shown in Figures 18
and 19. It is observed that the proposed methods give good results in terms
of summary generation and the polarity scores concerning positive, negative,
and neutral values.

Conclusion

To derive the sentiment from the reviews and evaluate summary from the
text, this study examines the embedding’s of the words with deep neural
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network-based algorithms for item medicine review and real-time datasets.
The results are presented in a table format. The purpose of this study is
to examine the performance of several models and decide which model
performs better on particular datasets, among others. Identifying the polarity
of the reviews’ sentiments is a key part of this paper’s methodology. Senti-
ment classification is improved by including sentiment information into our
embedding layer and employing the encoder in conjunction with the attention
model, as demonstrated in the following experiments: Following that, we
employ the Bidirectional LSTM layer with a forward and backward pass
for encoding and decoding the text in question. Based on pre-trained word
embedding and feature re extraction, we investigated how these techniques
could improve the overall model performance, as well as classification out-
comes. Finally, improved accuracy was obtained with the suggested model,
demonstrating that BI-LSTM with the encoder and attention model worked
well when compared to basic model, which was previously reported.
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