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Abstract

In Natural Language Processing (NLP), Sentiment Analysis (SA) is a fun-
damental process which predicts the sentiment expressed in sentences. In
contrast to conventional sentiment analysis, Aspect-Based Sentiment Anal-
ysis (ABSA) employs a more nuanced approach to assess the sentiment of
individual aspects or components within a document or sentence. Its objective
is to identify the sentiment polarity, such as positive, neutral, or negative,
associated with particular elements disclosed within a sentence. This research
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introduces a novel sentiment analysis technique that proves to be more
efficient in sentiment analysis compared to current methods. The suggested
sentiment analysis method undergoes three key phases: 1. Pre-processing 2.
Extraction of aspect sentiment and 3. Sentiment analysis classification. The
input text data undergoes pre-processing through the implementation of four
typical text normalization techniques, which include stemming, stop word
elimination, lemmatization, and tokenization. By employing these methods,
the provided text data is prepared and fed into the aspect sentiment extraction
phase. During the aspect sentiment extraction phase, features are obtained
through a series of steps, including enhanced ATE (Aspect Term Extraction),
assessment of word length, and determination of cosine similarity. By follow-
ing these steps, the relevant features are extracted on the basis of aspects and
sentiments involved in the text data. Further, a hybrid classification model
is proposed to classify sentiments. In this work, two of the Deep Learning
(DL) classifiers, Bi-directional Gated Recurrent Unit (Bi-GRU) and Long
Short-Term memory (LSTM) are used in proposing a hybrid classification
model which classifies the sentiments effectively and provides accurate final
predicted results. Moreover, the performance of proposed sentiment analysis
technique is analyzed experimentally to show its efficacy over other models.

Keywords: Sentiment analysis, NLP, text processing, aspect sentiment
extraction, and dl based sentiment classification.

1 Introduction

The relation between our actions and sentiments plays a crucial role in our
daily lives. The process of sentiment analysis is regarded as a vital procedure
for understanding the manner in which a text, such as a review, tweet, or
article, conveys its expression [10]. This procedure has attention over a broad
range of applications in various fields like social media, marketing, business,
healthcare, etc. In terms of social media, understanding the emotions of
people is beneficial for Social Networking Site (SNS) in several ways [1].
For instance, it aids in creating more space for users by engaging them
in SNS platforms via recommending the posts, items or contents based on
user interests [3]. It also helps platforms to understand the public opinion in
terms of public figures, political campaigns and businesses. These benefits are
achieved by empathetic and user-friendly human-computer interaction sys-
tems in the context of the social media [8]. This is why, sentiment analysis has
been a subject of growing interest in various research domains over the years.
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Examples for application involves analyzing diverse public data across social
media platforms are Reddit, YouTube, Facebook, Twitter and others [9]. The
exploration and utilization of such data have garnered considerable attention
from researchers due to its both theoretical and practical significance [5].

Sentiment analysis [25] has received substantial attention from
researchers over the last decade due to its numerous practical applications. It
involves the automated extraction of emotions, attitudes, and opinions from
online content [2]. Many individuals actively utilize online review platforms,
forums, comment’s sections on news websites, SNSs, and personal blogs
to express their views, which can encompass both positive and negative
sentiments towards individuals, locations, and events. These expressions of
attitudes can be categorized as sentiments [7].

The increasing prevalence of social media and online social networks has
led to a massive proliferation of publicly accessible user-generated data on
the web. However, only a small fraction of this data is readily usable [6].
Extracting valuable insights from an extensive dataset is a challenging yet
highly important task in today’s world [4]. As a result, a novel sentiment
analysis method enabled by aspect-based feature extraction is proposed. The
proposed sentiment analysis technique is effectively implemented by making
two important contributions which are as follow:

• Proposing an enhanced way of aspect term extraction in aspect senti-
ment extraction phase by using Term Frequency – Inverse Document
frequency (TF-IDF) vectorizer technique.

• Implementing a novel classification model by hybridizing the common
Bi-GRU and LSTM classifiers to analyze sentiments.

The purpose of implementing the hybrid approach of Bi-GRU and LSTM
classifiers can be explained with the help of an example. Consider a movie
review, “The movie started off boring, but the ending was fantastic”. When
analyzing the review, Bi-GRU captures the word context in both forward and
backward directions to determine the overall sentiment. Long-term depen-
dencies within the text can be preserved by the LSTM component, such as the
sentiment conveyed at the start of an extended review. Thus, the hybrid model
could provide a nuanced classification by efficiently balancing the conflicting
views.

The implementation of the proposed sentiment analysis technique is
structured as follows: Section 2 reviews existing works. Section 3 outlines the
complete process of the proposed sentiment analysis technique, encompass-
ing preprocessing, aspect sentiment extraction, and sentiment classification.
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Section 4 provides in-depth details of various experimental analyses. The
research work is concluded in Section 5.

2 Literature Review

This section covers the contribution of various researchers in the field of
sentiment analysis. Table 1 discusses the comparative analysis of existing
work.

In 2023, P. Demotte et al., [1] developed capsule networks-based social
media content analyzing technique using Twitter data. This technique did
not rely on linguistic resources but instead utilized the Crowd-Flower US
Airline dataset and the Twitter Sentiment Gold dataset, achieving accuracy
rates of approximately 82.04% and 86.87%. Consequently, the experimental
results of the developed capsule networks-based social media content analysis
technique demonstrated improved accuracy. Processing brief sequence of text
from social media platforms with inconsistent context and background will
be difficult.

In 2021, Ahmed Alsayat [2] implemented a sentiment analyzing tech-
nique using an ensemble model. This technique was implemented on an
LSTM network which trained on LSTM network and underlying meaning
behind words on emergency circumstances like COVID-19 pandemic. The

Table 1 Comparative analysis of existing work
Author Approach Used Dataset Used Performance
Demotte et al. [1] Capsule network Crowd-Flower US

Airline dataset
82.04

Twitter Sentiment
Gold dataset

86.87

Ahmed Alsayat
et al. [2]

Ensemble deep
learninglanguage
model

Twitter coronavirus
hashtag dataset

92.65

Amazon Reviews 96.87
Yelp Reviews 97.5

Selvi Munuswamy
et al. [3]

Support Vector
Machine Algorithm
with N-Grams
Techniques

YELP websites 92

Liang-Chu Chen
et al. [4]

LSTM Militarylife PTT board
of Taiwan’s messages

84.08

Bi-LSTM 85.4
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implemented technique was evaluated using Twitter coronavirus hashtag
dataset, as well as datasets from Amazon and Yelp, across various analy-
ses. It consistently demonstrated enhanced performance compared to other
methods. It has been observed that after applying ensemble model, the
performance on some of the dataset found to be low.

In 2021, Selvi Munuswamy et al. [3] developed a recommendation system
named sentiment-based rating prediction approach which worked on social
user reviews. This approach evaluated a user’s sentiment on an item using
sentiment dictionary. Then, the item’s popularity was evaluated in accordance
with three sentiments to predict and result accurate recommendations. In
addition, the n-gram technique was used to improve the accuracy of the
approach by adding new feature in syntax and semantic analysis accompanied
by Support Vector Machine (SVM) to classify social media data effectively.
By considering sentiments and semantics for predicting user interest, this
developed approach has resulted with more accurate recommendations.

In 2020, Liang-Chu Chen et al. [4] introduced a methodology for sen-
timent analysis by proposing a self-developed military sentiment dictionary
to classify sentiments from social media. The introduced methodology was
analyzed with various DL models in terms of several parameter calibra-
tion combinations. The introduced methodology achieved superior results in
terms of accuracy and F1-measure. The author utilized LSTM and Bi-LSTM
model and achieve a maximum accuracy of 92.68%.

In 2020, Mary Sowjanya Alamanda [5] developed an aspect-based sen-
timent analysis framework which was developed on the basis of extraction
of sentiment from sentiment and polarity classification. In this paper, com-
plex polarity aspects preferred by users were extracted automatically by
Machine Learning (ML) and DL approaches. Additionally, a search engine
was developed to reply on tweets and reviews based on user’s interests.

In [16], the authors constructed a hybrid model of CNN and BiGRU for
Aspect based Sentimental Analysis.

The proposed model is then compared with Long-Short Term Memory
model (LSTM), Convolutional Neural Network model (CNN), and Convolu-
tional Neural Network (C-LSTM) model and it was found that there was an
improvement of 12.12% of accuracy as compare to other models.

The authors in this paper [17] compared the different text embedding
techniques for aspect term extraction and utilized Long Short-Term Memory
(LSTM) model with Conditional Random Field (CRF) on SemEval datasets.
According to the experimental findings, Bi-directional Long Short-Term
Memory (BiLSTM) outperformed the other models. The authors in [18]
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implemented deep learning model for named entity recognition (NER). They
used hybrid model of CNN and LSTM on CoNLL03 and ACE05 datasets for
feature extraction and proved to be the best in terms of accuracy as compared
to other models.

The authors [19] categorized the sentiment from financial news using
a combination of stacked Bi-LSTM, Bidirectional LSTM (Bi-LSTM), and
Doc2vec with LSTM. The Twitter API has been used to gather coronavirus
tweets from Twitter. The proposed model achieved the accuracy score of
96.37% and comparison was made with other classifiers like kNN, Naı̈ve
Bayes, CNN-RNN, Random Forest and AC-BiLSTM. The author in the
paper [20] classified the sentiment of financial news using a combination
of stacked Bi-LSTM, Bidirectional LSTM (Bi-LSTM), and Doc2vec with
LSTM. The model stacked Bi-LSTM has achieved the maximum accuracy
score and precision score of 96% and 92% as compare to other models.

3 Systematical Procedure of Aspect Term Extraction
based Sentiment Analysis with Hybridized Bi-GRU and
LSTM Model

Sentiment analysis, essentially an opinion mining strategy, aims to analyze
how a person’s emotional or sentimental tone is conveyed within a piece of
text. Employing deep learning techniques, it assesses text data to classify
it as neutral, positive, or negative, or to provide a sentiment score. In this
sentiment analysis research work, the raw text data ix is given as an input.
Initially, the raw input text data undergoes a series of pre-processing steps,
including stemming, stop word removal, lemmatization, and tokenization.
These processes are commonly employed in natural language processing
(NLP) for text data preparation, as they are widely recognized for their
ability to reduce dimensionality. Subsequently, the sentiment-based feature
extraction process is executed to extract complex features from the pre-
processed text. These complex features are obtained by identifying crucial
aspects and sentiments through improved Aspect Term Extraction (ATE),
word length analysis, and cosine similarity. Then, the analysis on sentiment is
effectively carried out by the hybrid classification model which is proposed
by the integration of Bi-GRU and LSTM classifiers [21, 22]. The retrieved
complex features are concatenated into a whole feature set, which is then fed
into this hybrid classification model for analysis. Further, the average of the
resultant intermediate scores obtained from the hybridized classifiers is the
final predicted results of the proposed sentiment analysis technique. Figure 1
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Figure 1 Architecture of proposed aspect-based feature extraction enabled sentiment analy-
sis technique.

provides the detailed description of the processes involved in the proposed
sentiment analysis technique.

3.1 Pre-processing

In general, pre-processing is a technique that involves cleaning and convert-
ing raw data into a suitable format for subsequent processing. This research
focuses on sentiment analysis, where raw text data serves as the input. In
the proposed sentiment analysis technique, the input raw text data is sub-
jected to the following phases: stemming, stop word removal, lemmatization,
and tokenization, which are considered normalizing techniques [9]. These
pre-processing phases are elaborated as below.

3.1.1 Stemming
This technique is used to transform all words in the raw text data, ix into
their root or base forms, known as stem. The procedure utilizes with a
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lookup table to locate words and their corresponding base forms. This proves
advantageous by reducing the need for extensive count computations. For
instance, words like ‘talk,’ ‘talks,’ ‘talking,’ and ‘talked’ all share the common
base word ‘talk’.

3.1.2 Stop word removal
This technique eliminates frequently occurring words from the raw text data,
ix since these words provide limited information for sentiment analysis. For
instance, words like ‘a,’ ‘an,’ ‘the,’ ‘is,’ ‘are,’ ‘was,’ ‘were,’ and so on fall
into this category. This enhances the model’s capacity to extract significant
information and connections within the text by allowing the Bi-GRU and
LSTM layers to concentrate on more significant terms. By lowering the
quantity of tokens the model must process, it also expedites training.

3.1.3 Lemmatization
This technique converts all words in the raw text data, ix into their respective
base form known as lemma. This approach represents an improvement com-
pared to the stemming technique. For example, “The morning light streamed
through the window, filling the room with warmth” and “Her smile was
like a ray of light on a gloomy day”. While considering these two phrases,
the lemmatization technique will treat the word ‘light’ differently depend
on its usage in these phrases. It also converts different word variations,
such as changing ‘tore’ to ‘tear,’ ‘woke’ to ‘wake,’ ‘much’ to ‘more,’ and
so on. This method operates by taking into account context and language
information, making it a more beneficial choice for enhancing the efficiency
of the proposed sentiment analysis approach. By doing this, the vocabulary
is condensed and semantically related words are handled similarly, which
enhances the model’s capacity to identify patterns and connections in the
data.

3.1.4 Tokenization
This technique transforms a sentence within the raw text data, ix into a
collection of words called ‘tokens’ which serve as the essential building
components. Subsequently, the analysis is conducted on these tokens. This
technique generally interprets the way the word expressed by analyzing the
sequence of words.

Through these steps, the raw text data ix is subjected to processing, result-
ing in pre-processed text data referred to as iPx . As a result of pre-processing
on raw text data, the resultant pre-processed text data is now normalized, with
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noise removed and dimensions reduced. Since both the Bi-GRU and LSTM
models depend on the sequential sequence of tokens, accurate tokenization is
essential for accurately capturing the temporal dependencies.

3.2 Aspect Sentiment Extraction

The extraction of aspect sentiment is an important step in this research
work because it aids to retrieve essential aspects and sentiments involved in
pre-processed text data, iPx . The relevant features to classify sentiments are
extracted using essential aspects and sentiments which retrieved from iPx . The
retrieval of essential aspects and sentiments is done by following three steps.

(1) Extraction of improved aspect term
Conventionally, the aspect terms [13, 34] are extracted from the text data on
the basis of Named Entity recognition (NER) task. First of all, the given pre-
processed text data, iPx is prepared based on Inside-Outside-Beginning labels
(IOB) tagging strategy which is a strategy used to annotate and tag sequences
of tokens. The terms which are used to denote the IOB labels of the aspect
term are represented as A,B and C where A denotes the beginning label,
B denotes the inside label and C denotes the outside label. For example,
the phrase ‘The price is affordable although the service is poor.’ Will be
organized as a sequence of tokens, s = {v1, v2, v3, . . . , vn} where v denotes
a token after tokenization and the total number of token is denoted as n = 10.
However, the traditional approach to aspect and sentiment extraction proves
inefficient due to certain drawbacks, including the identification of implicit
aspects instead of explicit ones, token misalignment, the presence of multi-
word aspects etc. By considering these disadvantages, the conventional way
of ATE is improved by the involvement of TF-IDF vectorizer technique-
based aspect term extraction [28] which effectively extracts the required
aspect terms from the pre-processed text data, iPx . The TF-IDF vectorizer
technique [15, 35] transforms the text data into vector format i.e., it fitted the
pre-processed text data, iPx and transformed into TF-IDF vectors. Further,
the resultant vectors are used as a computing metrics to calculate cosine
similarity [10]. Cosine similarity is a metric used as a feature in sentiment
analysis by measuring the similarity between the word vectors of individual
words and a reference vector representing sentiment and its formulation is
expressed in Equation (1) by adding cv in it.

cossi =
(V1 · V2)

∥V1∥∥V2∥
+ cv (1)
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where, the coefficient of variance, cv = σ
median in which σ and median

indicates the standard deviation and median of TF-IDF vectors. But, conven-
tionally, cv = σ

µ in which µ indicates the harmonic mean. This replacement
is occurred to evaluate the cosine similarity between the TF-IDF vectors in a
more precise way by which required aspect terms are extracted.

(2) Evaluation on word length

The word length [14, 33] of extracted aspect terms is then evaluated.
This evaluation provides the aspect terms’ verbosity or complexity in pre-
processed text data, iPx . This evaluation is carried out by evaluating the
number of characters that a particular aspect term has. Basically, this metric
quantifies the size of the word.

(3) Finding cosine similarity

At last, the cosine similarity between the vectors is once more evaluated
using the conventional cosine similarity equation which is formulated in
Equation (2).

cossi =
(V1 · V2)

∥V1∥∥V2∥
(2)

From these steps, the essential aspects and sentiments are effectively
extracted from the pre-processed text data, iPx . And the essential aspects and
sentiments as a whole are represented as feature set, iFx which is used to
analyze sentiments by hybrid classification model.

3.3 Sentiment Analysis via Hybrid Classification Model

The sentiment analysis is carried out using the hybrid classification model
introduced in this study. This hybrid classification model is formed by
combining two deep learning [30] classifiers, namely Bi-GRU and LSTM.
Bi-GRU effectively gathers contextual information from past and future
sequences, while LSTM manages long-term dependencies to boost perfor-
mance and flexibility in sequential data jobs. Since previous existing model
like SVM models lack a memory system, these models handle each instance
on its own without taking into account inputs from the past or the future
[31, 32].

The rationale for combining these classifiers lies in their contrasting
characteristics. The choice to hybridize them is driven by their divergent
traits: Bi-GRU exhibits low memory usage, whereas LSTM consumes more
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memory. Also, LSTM excels in capturing long-range dependencies, while Bi-
GRU may not be as effective in this regard. Hence, the hybridization serves
the purpose of enhancing the efficiency of the proposed sentiment analysis
technique

3.3.1 Bi-GRU approach for sentiment analysis
Bi-GRU [12, 23, 24] is a neural network model that represents a variation
of the GRU. It is structured by the combination of two individual GRUs in
forward and backward direction. The feature set, iFx is provided as an input
to Bi-GRU in which the given input is processed by both the forward and
backward GRU simultaneously. The input sequence to be inputted into the
forward and backward GRUs is represented as iFx = [iF1 , i

F
2 , i

F
3 , . . . , i

F
t ].

This approach is advanced due to ability to store the past and future data
at any time, t. In forward direction, the hidden states in the forward GRU
are computed and in backward direction, the hidden states in the backward
GRU are computed. In forward GRU, the given input sequence, iFx =
[iF1 , i

F
2 , i

F
3 , . . . , i

F
t ] is processed from left to right with update gate and reset

gate. The update gate in GRU has a control over hidden state in terms of
which information to be added to it. The computation on update gate using
sigmoid activation function is carried out by considering the input, (iFt ) and
previous hidden state (Ht−1) and it is formulated in Equation (3). And the
computation on reset gate is represented in Equation (4).

Ut = σ(zU · [Ht−1, i
F
t ]) (3)

Rt = σ(zR · [Ht−1, i
F
t ]) (4)

where, the weight matrices of update and reset gates are zU and zR cor-
responding. The computation on hidden state (Ht−1) and new memory
content is performed by using the candidate cell state which is formulated
in Equation (6). The term zH in the Equation (6) represents the weight of the
candidate state.

Ht = (1− Ut)×Ht−1 +Ht−1 × H̃t (5)

H̃t = tanh(zH · [Rt ×Ht−1, i
F
t ]) (6)

The computation of forward GRU (
−→
Ht) and backward GRU (

←−
Ht) are

expressed in Equations (7) and (8). Then, the both forward and backward
GRU are concatenated to obtain the output of Bi-GRU approach and it
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represented as mathematically in Equation (9). Thus, the intermediate score
of Bi-GRU approach obtained from Equation (9) and it is indicated as Sbi-gru.

−→
Ht = GRU forward (iFt ,

−→
H t−1) (7)

←−
Ht = GRU backward (iFt ,

←−
H t−1) (8)

Ht =
−→
Ht ⊕

←−
Ht (9)

3.3.2 LSTM approach for sentiment analysis
Among deep learning techniques, LSTM [11, 26] stands out as a modification
of the Recurrent Neural Network (RNN) architecture. It is widely employed
in scenarios where dealing with sequential data featuring substantial depen-
dencies is essential. The key components of LSTM include the input gate,
forget gate, output gate, and memory cell. For sentiment analysis [27, 29], the
LSTM processes the feature set, iFx attained from the feature extraction stage.
The feature set, denoted as iFx , is fed into the input gate (It), which takes into
account both the current input (iFt ) and the previous hidden state (Ht−1),
determining what information should be stored in the cell state (ct). The
weighted combination of the input and the previous hidden state is subjected
to a sigmoid activation function (σ), which yields values within the range
of [0, 1]. The mathematical expression for the computation of the input gate
using the sigmoid activation function can be seen in Equation (10).

It = σ(zI · [Ht−1, i
F
t ] + yI) (10)

Then, the information stored in a cell state (ct−1) is discarded or forgotten
by the control of forget gate (fot) by the way it processes previous hidden
state (Ht−1) and current input (iFt ). This gate also utilizes sigmoid activation
function to give values in the range [0, 1]. The computation on forget gate
using sigmoid activation function is formulated in Equation (11).

fot = σ(zfo · [Ht−1, i
F
t ] + yfo) (11)

Subsequently, the output gate has a control over cell state (ct) i.e., which
information in the cell state will be utilized for producing the output hidden
state (Ht). The output gate (Ot) also utilizes sigmoid activation function to
give values in the range [0, 1]. The computation on output gate using sigmoid
activation function is formulated in Equation (12).

Ot = σ(zO · [Ht−1, i
F
t ] + yO) (12)
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Memory cell is responsible for training and storing information at each
time step, t. It is associated with cell state which executes the overall sequence
by permitting it to store and retrieve information and tanh activation function
is applied to the cell state. The computation on cell state using tanh acti-
vation function is formulated in Equation (13) and the updation cell state
is expressed in Equation (13). This cell state updation is carried out by
integrating the new cell state (c̃t) and previous cell state (ct−1).

c̃t = tanh(zc · [Ht−1, i
F
t ] + yc) (13)

ct = fot · ct−1 + Itc̃t (14)

Then, the cell state’s (ct) filtered version is the output hidden state and it
is controlled by output gate which is formulated in Equation (15). It provides
appropriate information for the current time step from the cell state.

Ht = Ot · tanh(ct) (15)

In these expressions, the terms z and y indicates weight matrix and bias
factors. The weight matrices and bias factors of input gate, forget gate, output
gate and memory cell are represented as zI , zfo, zO, zc and yI , yfo, yO, yc,
respectively.

Therefore, the resultant intermediate score attained from the LSTM
approach is specified as Slstm . Finally, the intermediate scores of Bi-GRU
and LSTM approaches are averaged which is the final predicted result, Six

on sentiment analysis.

4 Results and Discussion

4.1 Dataset Description

The proposed sentiment analysis framework was simulated in Python. The
sentiment was analyzed using Coronavirus tweets NLP – Text Classification
dataset. There are 41157 reviews in this dataset. We analyzed sentiments
based on different sources, including the location, the tweet at and the original
tweet. The output labels are Neutral, Positive, Negative, Extremely Negative
and Extremely Positive.

4.2 Experimental Setup

The experimental platform is constructed for the implementation of this work.
Table 2 depicts the experimental settings used in the proposed approach.
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Table 2 Parameter settings

Parameters Value

Epochs 1

Batch size 1280

Validation split 0.2

Activation function Relu

Optimizer RMSprop

Drop out 0.2

4.3 Performance Analysis

An evaluation was carried out to assess the classification performance of Bi-
GRU+LSTM method and traditional approaches. This assessment involved
the consideration of a variety of performance metrics, including specificity,
Matthews Correlation Co-efficient (MCC), False Negative Rate (FNR), F-
measure, accuracy, False Positive Rate (FPR), precision, Net Predictive Value
(NPV), and sensitivity. Furthermore, the Bi-GRU+LSTM approach was com-
pared to conventional algorithms such as Recurrent neural network (RNN),
Long Short term Memory (LSTM), Deep Neural Network (DNN), Support
Vector Machine (SVM), and Bi-directional Gated Recurrent Unit (Bi-GRU).

4.4 Validation on Positive Metric

Figure 2 reveals the evaluation of Bi-GRU+LSTM in comparison to Bi-
GRU, LSTM, DNN, SVM, and RNN regarding positive metric for sentiment
analysis framework. To achieve accurate sentiment classification, the model
needs to generate maximal positive metric ratings. At a training rate of 60%,
the Bi-GRU+LSTM scheme achieved an accuracy of 0.924. In contrast, the
conventional approaches exhibited lower accuracy scores, specifically Bi-
GRU with 0.8766, LSTM with 0.7992, DNN with 0.8198, SVM with 0.8209,
and RNN with 0.8487, respectively. Additionally, the greatest precision is
acquired using the Bi-GRU+LSTM methodology is extremely greater than
Bi-GRU, LSTM, DNN, SVM and RNN, correspondingly. Moreover, the Bi-
GRU+LSTM approach demonstrated a sensitivity of 0.9429 at the training
rate 90, whilst the Bi-GRU, LSTM, DNN, SVM and RNN offered mini-
mized sensitivity values. This serves to showcase that the Bi-GRU+LSTM
is unequivocally more successful at classifying the sentiment. This accom-
plishment is enabled by the Improved Aspect Term Extraction employing a
hybrid classification approach (Combining Bi-GRU and LSTM).
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(c) (d) 

Figure 2 Assessment on Bi-GRU+LSTM and conventional strategies regarding positive
metric.

4.5 Validation on Negative Metric

Figure 3 illustrates the comparative negative metric examination of Bi-
GRU+LSTM in contrast to Bi-GRU, DNN, SVM, LSTM, and RNN for
sentiment analysis framework. For accurate sentiment classification, it is
preferable for the model to generate lower negative metric scores. Fur-
thermore, when the learning percentage is set at 80, the FPR of the Bi-
GRU+LSTM methodology is 0.07609. In comparison, the FPR values for
Bi-GRU, LSTM, DNN, SVM, and RNN are 0.1738, 0.1387, 0.1500, 0.1490,
and 0.1587, respectively. In addition, in the training rate 90, the minimal FNR
is offered using the Bi-GRU+LSTM approach is 0.0629, even though the Bi-
GRU, LSTM, DNN, SVM and RNN scored higher FNR values. This suggests
that the Bi-GRU+LSTM approach excels in sentiment classification. This
enhanced performance can be attributed to the implementation of improved
aspect term extraction method coupled with a hybrid classification approach
involving both Bi-GRU and LSTM.
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(a) (b) 

Figure 3 Assessment on Bi-GRU+LSTM and conventional strategies regarding negative
metric.

4.6 Validation on Other Metric

Figure 4 illustrates the contrasting performance evaluation of Bi-
GRU+LSTM when compared to Bi-GRU, LSTM, DNN, SVM, and RNN in
the context of other metrics. Maximizing the value of these other metrics is
crucial for achieving effective sentiment classification. Similarly, when the
training rate is set at 60%, the F-measure of the Bi-GRU+LSTM scheme
reaches 0.920038, while Bi-GRU, LSTM, DNN, SVM, and RNN attain lower
F-measure scores. Mainly, the Bi-GRU+LSTM scored greater MCC values
than Bi-GRU, LSTM, DNN, SVM and RNN. Thus, the betterment of the
Bi-GRU+LSTM methodology is demonstrated and this is owing to Improved
Aspect Term extraction and Hybrid classification approach.

4.7 Ablation Evaluation on Bi-GRU+LSTM

Table 3 presents the ablation study conducted on both the Bi-GRU+LSTM
model and the model utilizing conventional aspect terms for sentiment
analysis. The ablation analysis methodically examines how the inclusion
or enhancement of particular features within the Bi-GRU+LSTM approach
impacts its performance. This systematic process enables a comprehensive
understanding of the unique contributions these features provide towards
enhancing the overall effectiveness of the Bi-GRU+LSTM scheme. More-
over, the NPV of Bi-GRU+LSTM approach is 0.924987 and model with
conventional aspect term is 0.809683. Furthermore, the FNR of the Bi-
GRU+LSTM methodology = 0.081039 and model with conventional aspect
term = 0.139898.
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Figure 4 Assessment on Bi-GRU+LSTM and conventional strategies regarding other metric.

Table 3 Ablation analysis on Bi-GRU+LSTM and model with conventional aspect term
Metrics Model with Conventional Aspect Term Bi-GRU+LSTM
Sensitivity 0.88778 0.927899
Specificity 0.82188 0.924788
Accuracy 0.899379 0.932787
Precision 0.802877 0.921769
F-measure 0.81989 0.924909
MCC 0.847688 0.922981
NPV 0.809683 0.924987
FPR 0.153989 0.083789
FNR 0.139898 0.081039

4.8 Statistical Assessment on Accuracy

Table 4 provides a statistical evaluation on comparing Bi-GRU+LSTM to
Bi-GRU, LSTM, DNN, SVM, and RNN for sentiment analysis. This anal-
ysis focuses on evaluating the reliability of metaheuristic techniques. To
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Table 4 Statistical evaluation on accuracy
Statistical Metrics Bi-GRU+LSTM Bi-GRU LSTM DNN SVM RNN
Mean 0.938913 0.848404 0.880626 0.824308 0.856467 0.863956
Median 0.939387 0.853274 0.905158 0.824131 0.855535 0.857783
Std-Dev 0.010662 0.026043 0.047198 0.004434 0.035548 0.029809
Min 0.924899 0.810388 0.799279 0.81988 0.820909 0.82988
Max 0.951979 0.876679 0.912909 0.829091 0.893889 0.910376

ensure highly accurate estimations, each approach undergoes a meticulous
investigation. This comprehensive assessment involves the evaluation of key
statistical measures, including minimum, median, standard deviation, mean,
and maximum values. These metrics collectively provide a thorough insight
into the performance and reliability of the strategies under investigation.
Mainly, for the median statistical metric, the accuracy of the Bi-GRU+LSTM
scheme is 0.939387, though the Bi-GRU is 0.853274, LSTM is 0.905158,
DNN is 0.824131, SVM is 0.855535 and RNN is 0.857783, correspondingly.
Moreover, the accuracy of the Bi-GRU+LSTM method is 0.951979 under
the maximum statistical metric, whilst the Bi-GRU, LSTM, DNN, SVM and
RNN scored minimal accuracy ratings.

5 Conclusion

The proposed aspect-based feature extraction enabled sentiment analyzing
technique was more effective in analyzing sentiments than the state-of-the-
art models. Its effectiveness was proved by evaluating the proposed sentiment
analysis technique under various experimental analyzes. The enhanced per-
formance of proposed aspect-based feature extraction enabled sentiment
analysis technique was achieved by three fundamental stages such as pre-
processing, aspect sentiment extraction and classification on sentiment anal-
ysis. The input text data was processed by stemming, stop word removal,
lemmatization and tokenization techniques in pre-processing stage. Then, the
aspect sentiment extraction stage followed steps such as improved ATE, eval-
uation on word length and finding cosine similarity to extract relevant features
by retrieving essential aspects and sentiments from it. Finally, the sentiments
in input text data were classified by a hybrid classification model which was
proposed by hybridizing Bi-GRU and LSTM classifiers. In conclusion, the
efficiency of the proposed aspect-based feature extraction enabled sentiment
analysis technique was validated and proved as an effective technique.
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As the number of parameters grows when Bi-GRU and LSTM models are
combined, the model’s complexity and computational cost also get increased.
This overall results in longer training periods, particularly for large datasets.
The model could be further expanded to process multi-modal data, such as
image and audio combinations, to enhance performance on tasks.
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