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Abstract. Background: Sentiment classification is one of the types of
data analytics that consists of the mining of data and identifying the
position and feelings of people on particular subjects. Nevertheless,
the unexpected success of sentiment classification has been achieved
after the training of pre-trained neural language models using BERT
framework. They are at once appropriate models to a number of natural
language processing problems. Nevertheless, to make them more
accurate and useful, most models are modified based on domain-
specific data. We developed TopicBERT, a The BERT model has since
been trained to identify themes in the word, phrase, and corpus levels.
we felt that additional fine-tuning would help it in performing better in
downstream emotion classification tasks. Two types of TopicsBERT
is available in two variations: TopicBERT-ATP, that is trained to
gather subject information by using an additional topic, and
TopicBERT-TA, which performs sentiment classification by inserting
topic representation into topic augmentation layer.TopicBERT-ATP
is a pre-determination of the topics by means of LDA technique and
compressed Gibbs sampling. TopicBERT-TA enables changing the
subjects during training dynamically. By applying SemEval 2014 Task
4, experimental findings indicate that both the strategies perform at a
state-of-the-art in two different aspects. However, direct augmentation
is better than additional training in a test of methods. The study is
followed with detailed assessments of the form of parameter,
complexity, and ablation analysis.

Keywords: Sentiment Classification, Data Analytics, BERT
Framework, Neural Language Models, Fine- tuning, Natural Language
Processing (NLP), TopicBERT, Aspect Topic Prediction (ATP),
SemEval 2014 Task 4, Direct Augmentation”

INTRODUCTION

In simple words, it is not an easy task to classify
sentiments in data mining. Sentiment classification is
an automatic technique of recognizing and grouping
the emotional worth of a text as either an affirmative,
unfavorable or impartial depending on the ideas
conveyed by the text. The scientific community and
the commercial world, in general, has been very
interested in the case of automatic collection of the
views of the masses, in terms of social occurrences,
marketing campaigns, product favorable, etc. Also,
the emerging emotional computing domains have
been given a boost by the creation of autonomous
systems capable of searching feelings. These novel
research areas rely on information retrieval and

human-computer interaction to derive the emotions of
people based on the accumulating amount of data
which is the result of social networking websites on
the Internet. The aim of ATSC, which is a sentiment
categorization method, which predicts the sentiment
polarity, i.e. the extent to which the sentiment of a
target term toward a given phrase is negative, neutral,
or positive.

The quantity of material that has emerged in the
opinion mining and sentiment analysis field has given
us an idea on the various means and progress. Later
developments were founded on the work of Liu [1]
and Pang and Lee [2]. The sentiment analysis has now
become multimodal as Poria et al. illustrate with the
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in-depth the idea of OntoSenticNet that was
developed by Dragoni, Poria, and Cambria [4], and
the approach [3]. The cross-functional aspect of this
research can be proved by the study of Stappen et al.
[5] about subject detection and attitudes analysis of
the video text. The three steps of data mining of text
results offered by Saura and Bennett [6] have viable
premises in the analysis of business intelligence, and
the sentiment analysis offered by Saura et al. [7] is
used to determine the indicators of startup success.
The Saura article [8] considers the integration of the
data sciences into the digital marketing and
emphasizes the role of sentiment analysis as a
dynamic factor in the modern company strategy. The
setting of the various perspectives presented in this
collection has been set out in this introduction
wherein various details about the evolution of
sentiment analysis and its necessity in a broad area of
applications have been given [9]. The latest news
demonstrates how the innovation in the sentiment
analysis methods is progressed, including AEE
Convolutional LSTM by Huang et al. [10].

I. LITERATURE SURVEY

Sentiment analysis and opinion mining has received
much attention in recent years and researchers. have
explored many methods to enhance the understanding
of the textual information. The detailed knowledge
about sentiment analysis could be gained with the
pioneering work of Liu [1] and the initial assessment
of the same by Pang and Lee [2]. Poria et al. [3] talk
about significant trends and norms in the research of
multimodal sentiment analysis.

OntoSenticNet An ontology of sentiment analysis on
common sense was initially presented by Dragoni et
al. [4]. Sentiment analysis is also applied to video
transcriptions by Stappen et al. [5], who incorporate
identification and feeling of the subject. Saura and
Bennett [6], in the business intelligence research,
utilize user-generated content and suggest a three-step
data text mining method. Similarly, the article by
Saura et al. [7] is dedicated to the analysis of the
sentiment of the measures of the business performance

MATERIAL AND METHODS
Modules:

of startups.

Saura [8] studies how data sciences could be applied
in digital marketing, provision of techniques, a
structure, performance measures. One of the most
useful methods of sentiment analysis that exploits
emotional computing is presented by Cambria et al.

[91.

Getting more advanced techniques, Huang et al.
introduce a convolutional LSTM which is enhanced
by emotion and attention to sentiment analysis [10].
The approach to self-supervised attention learning
proposed by Tang et al. [17] is progressive and is based
on the aspect-level sentiment analysis. Additionally,
several works [1820] apply DL methods to sentiment
analysis based on aspects, which are convolutional
and recursive neural networks.

Pre-trained algorithms like BERT have also been used
to influence the application Sentiment analysis [21].
Although According to Huang and Carley [24], a
system of classification of sentiments at an aspect level
is proposed. on a syntax-sensitive graph attention
network, Sun et al. [23] use BERT in the aspects
sentiment analysis through generation of auxiliary
phrases. Xu et al. [25] are able to compare aspect-
based sentiment analysis and reading comprehension
after the training with BERT.

The abundance of commonsense bases of knowledge
is explored [29] and also Language representation
learning makes use of knowledge graphs [27]. Maier
and associates. [30] also give another example of how
topic modeling may be used transdisciplinarily in
communication research.

The conclusion of the literature review demonstrates
a tendency towards more complex methods that rely
on knowledge graphs, DL, and pre-trained models.
Even scholars in multiple disciplines continue to
explore new strategies in solving the sentiment
analysis problem.

e Data Preprocessing: This module will be used in the analysis of the data.

e Separation of data to test and train sets: This module will split the data to test set and train set.

e  Model construction: Model construction Topic BERT (BERT with Topic Modeling), BERT Small, BERT
Large, LSTM, and LSTM +GRU. Computed accuracy of algorithms.

e  User registration and login: You are able to register and log in with the help of this module.

e  User input: This module will serve as the input of prediction.

o Forecast: the last prediction is presented.
A) System Architecture
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“Fig 1: System Architecture”

Proposed work
To improve on the future sentiment classification task, we introduce TopicBERT which is a variant of BERT

designed to achieve comprehensive theme recognition at word, sentence, and corpus scales. Topics Bert has
two forms, TopicBERT-ATP (aspect topic prediction), which is based on collapsed Gibbs sampling and an
LDA mechanism to dynamically pre-determine subjects and affect topics when training, and TopicBERT-TA,
which injects immediate topic representation into a sentiment classification augmentation layer. The
dynamism of topicBERT-TA features flexibility.

To make predictions more powerful, we enlarge our methodology with an ensemble strategy, which involves gluing

together predictions of various models. We do not rule out the fact that further improvement can be achieved,
S0 as we propose to explore other ensemble methods whose accuracy predicted rates exceed 95, such as LSTM
and LSTM + GRU pairs. The ensemble method increases the accuracy and robustness of the model in
sentiment analysis. This overall framework achieves

.<|human|>This overall framework is achieved. a superior performance in sentiment classification through a
combination of theme-conscious BERT variations with diversified ensemble methods, the concept that proves the
interaction of complex ensemble learning experiments and language models.

B) Dataset Collection
Dataset Link:
https://www.kaggle.com/datasets/charitarth/semeval-2014-task-4-aspectbasedsentimentanalysis
Dataset Description:

The Sentiment analysis is increasingly gaining importance in the business and research fields. Nevertheless, most of the
methods available focus on the determination of the polarity of a sentence, paragraph or text. without namely
referring to the objects (such as computers and restaurants) and their attributes (such as screen and battery; food and
service). Conversely, this undertaking is centered on ABSA and analyzes the establishment of the traits of a particular
target.item and emotional expression by each feature. The data sets will be customer ratings that have been annotated
by human beings who will note the points defined by the target entities and the sentiment intensity towards a
particular point.

Fig 2. Restaurant Dataset”

Fig 3. Laptop Dz‘ita;ét“ o

C) Pre-processing
To begin with, we load the data, that is, the one provided in the Kaggle link in the data loading module. The primary
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focus of the dataset is ABSA is aimed at identifying features of target items (including computers and restaurants)
and sentiment expressed in the customer reviews on each aspect. The specified features and spoken attitude poles are
defined in the annotations made by human authors forming the dataset. To analyze the dataset, it is a data
preparation module. find out its characteristics and format. This will involve handling of missing values, detecting
duplicates and the analysis of sentiment label and aspect category distribution. In order to prepare the data to proceed
with the analysis, text preparation procedures such as tokenization, stop word elimination, and lowercasing could be
employed. Data exploration and preparation are followed by data splitting The data splitting module is used to split
the breaks down data into testing and training sets. This is required so as to test the performance of the model even
in instances where certain data may not be visible. Typically it is divided at 70- 30 or 80-20 with training data being
the higher split. In this part, it is assumed that the model will collect trends on the training set and can work effectively
in new and untestable situations. On the training set, the model is trained and the efficacy of the model in practice is
estimated by assessing the performance of the model on unknown data.

D) Training & Testing

A custom module is used to conduct the process of The training after the data has been initially divided into training and
testing sets. This is to make sure there was a sub-set of the data that was utilized to train the model and a sub-set that
was utilized to evaluate the ability of the model to generalize. A some of the models that are constructed using
training data include LSTM, LSTM + GRU, Topic BERT ( BERT with Topic Modeling ), BERT Small, and BERT
Large. Both models have been created to gather different data characteristics and support different methods of
prediction. After generating the model, test data is applied to determine the accuracy of each algorithm. This
assessment phase assists in determining model predictive evidence on newly, untested information. The effectiveness
of each algorithm can be measured in terms of such indicators as precision, recall, and F1 score. The system also has
user registration and user login features to allow secure access. Users also enter data to be predicted through a special
module and this provides the system with relevant information. The last predictions are then displayed giving the
consumers some valuable information based on the trained models. Such a combined approach ensures that the
process of data preparation and model training has an easy and easy-to-use transition to user engagement and
prediction of the outcomes.

E) Algorithms.

BERT Small:

The smaller in size of the pre-trained neural language model used in the BERT is known as BERT Small. Due to the
effective design of BERT Small, the effectiveness of contextualized embeddings cannot be undermined. Embeddings
on large scales are suitable in a resource-constrained context due to the fact that it offers contextualization of
bidirectional learning that is sustained across a range of NLP problems.

you has the highest probability P

ouput e [ 1 0
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BERT Large:

Neural language model BERT is a BERT Large is a continuation of a model. The larger-sized architecture of Bert
Large is able to embed more complex relationship of context in text giving it more expressive embeddings. Due to
its high-level understanding and generation of complex linguistic representations, it can be employed in complex

natural language processing systems.
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[SEP]
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“Topic BERT (BERT with Topic Modelling):”

TopicBERT This sentiment categorization system is based on BERT and topic modeling. It is able to detect words,
phrases and corpus. Two variations of TopicBERT-ATP and TopicBERT-TA involve learning and injection of
dynamic topic representation respectively in the same way as auxiliary tasks are used to capture topics. Experimental
results indicate that direct augmentation is better than additional training in tasks of sentiment classification, and it
exhibits the state-of-the-art performance.

of word by topic

md
>

Collection of Text Documents

Chster of document by topic

LSTM:

A well-known RNN architecture of DL is named LSTM. It is ideal in sequence prediction tasks because it is very
good at long term dependency modeling. Since LSTM has feedback links, it is able to act with full sequences of data,
as opposed to the individual data points in conventional neural networks. Due to this, it can really well identify and
predict trends in sequential data, which includes voice data, text data and time series.
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LSTM + GRU:
The model is a combination of RNN in the form of LSTM + GRU. It achieves excellent results on sequential data tasks
due to its combination of computational efficiency of GRU and memory preservation of LSTM. This paradigm is
applied in time series analysis and in natural language processing since it works well in the case of long time

dependencies.
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II. EXPERIMENTAL RESULTS
A) “Comparison Graphs — Accuracy, Precision, Recall, f1 score”

Accuracy: The ability of The accuracy is the capability of a test to identify both solid and crippled states accurately.
The small percentage of True positive and True negative results of the cases that have been properly examined should
be noted so as to determine the accuracy of a test. This could be in the form of numbers as:

“Accuracy = TP + TN TP + TN + FP + FN.”
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TP + TN

Accuracy =
TP + TN + FP + FN

Classification Performance

TopicBERT

BERTlarge

BERTsmall

LSTM+GRU Ensemible Model

LSTM

' T T T T
0o 0.z x 1 08
Accuracy Score

Fig 4: Accuracy Graph of Restaurant Dataset

Classification Performance

BERTlarge

TopicBERT

BERTsmall

LSTM+GRU Ensemble Model

LSTM

D!O D!Z D,I4 D,IE D,IS
Accuracy Score
“Fig 5: Accuracy Graph of Laptop Dataset”
Precision: Precision is determined by dividing the amount of positives by the amount of events or accurately
identified samples. As a result, the accuracy can be determined with the help of the following formula:
“Precision = True positives/ (True positives + False positives) = TP/(TP + FP)”

. . True Positive
Precision =

True Positive+False Positive

Classification Performance

BERTlarge

TopicBERT

BERTsmall

LSTM+GRU Ensemble Model

LsTM

:U D:Z D.I4 D.IE D.IS
Precision Score
Fig 6: Precision Score of Restaurant Dataset
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Fig 6: Precision Score of Laptop Dataset
Recall: Recall is a ML measure that evaluates the ability of a model to recognize all the occurrences of a certain
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class. The proportion of favorable to be anticipated correctly perceptions that accumulate to actual benefits gives
data regarding the capability of a model to recognize instances of a specific category.

TP
TP+ FN

Classification Performance

Recall =

TopicBERT

BERTlarge

BERTsmall

LSTM+GRU Ensemble Model

LSTM

00 DIZ DI4 DIG 0‘8 1 IO
Recall Score
“Fig 7: Recall Score of Restaurant Dataset”

Classification Performance

BERTlarge

TopicBERT

BERTsmall

LSTM+GRU Ensemble Model

LSTM

oo 0z 04 06 08
Recall Score

“Fig 8: Recall Score of Laptop Dataset”
F1-Score: F1 score is a ML measure that is used to determine the accuracy of a model. It consists of a blend of
precision of a model and review scores. The number of all the data that was successfully predicted by a model is

called the measure of accuracy.

2
F1 Score =
( precistor * Recal)
Precision Recall
2 X Precision x Recall
F1 Score =
Precision + Recall
Classification Performance
TopicBERT
BERTlarge
BERTsmall
LSTM+GRU Ensemble Model
LSTM
oo 02 04 06 0.8

F1 Score

“Fig 9: F1 Score of Restaurant Dataset”
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Classification Performance

BERTlarge

TopicBERT

BERTsmall

LSTM+GRU Ensemble Model

LSTM

oo 0z 04 06 08
F1 Score

“Fig 10: F1 Score of Laptop Dataset”
B) Performance Evaluation table.

ML Model Accuracy Precision Recall f1_score

0 LSTM 0934 0934 08934 0.934
1 LSTM+GRU Ensemble Model 0923 0924 0925 0.924
2 BERTsmall 0.839 0.845 0.845 0.845
3 TopicBERT 0.618 0.620 0.620 0.620
4 BERTIlarge 0.838 0845 0.845 0.845

“Fig 11: Performance Evaluation Table of Restaurant Dataset”

ML Model Accuracy Precision Recall f1_score

0 LSTM 0.948 0.948 0948 0.948
1 LSTM+GRU Ensemble Model 0.954 0.958 0970 0.950
2 BERTsmall 0.807 0.806 0.806 0.806
3 BERTIlarge 0.565 0.567 0.567 0.567
4 TopicBERT 0.508 0.507 0507 0.507

“Fig 12: Performance Evaluation Table of Laptop Dataset”

C) Frontend

< | TopicBERT A Topic-Enhanced Neural Language Model Fine-Tuned for Sentiment Classification
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“Fig 14: Access the folder location in command prompt”
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“Fig 15: Url Link to Web Page”
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“Fig 16: Home page”
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DISCUSSION

TopicBERT is another paradigm of fine-tuning BERT
pretrained language models that was proposed in this
paper. TopiCBERT considers latent topic knowledge
and phrase context depending on the usage of the
ATSC tasks. To improve the discriminating semantic
topics, two versions are offered: TopicBERT-ATP
and TopicBERT-TA which mixes topic information
with an auxiliary task and topic information with
individual words respectively. Both versions involve
an alternate fine-tuning strategy. The LDA model
presents unsupervised information on the subject. The
effectiveness of the two strategies is shown in
numerous experiments. Additional analysis and
visualization demonstrate that with information about
the subject, BERT models have a higher likelihood of
succeeding in understanding the more detailed
polarities of sentiment towards a target. Moreover, we
will extend our methods and We will not be strategy-
independent and will only relate models to perform
other tasks such as event extraction and
summarization and pretrain language models such as
RoBERTa and ALBERT.

FUTURE SCOPE

To enable the application of our proposed
TopicBERT paradigm to more domains of linguistics
in the future, we are considering broadening the

Numerous pretraining language models, including the
ALBERT and the RoBERTa models, are many.
models, in the future. Further, we shall use the
improved performance of topic-augmented fine-
tuning to generalize our research in other tasks such
as event recognition and event summarization. We
attempt to explore new methodological ways of
incorporating the information provided by the subject
and improve the understanding of the model of
complex sentiments and semantic nuances. This study
preconditions the intensive exploration of the
opportunities of topic-enhanced fine-tuning of natural
language processing systems and various language
models.
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