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ABSTRACT. There have been numerous applications for expression
evaluation of public assertions made on social media platforms like
Twitter and Facebook; however, many obstacles exist to overcome. With
increasingly complicated learning algorithms, hybrid approaches have
proven to be effective models for lowering impression errors. The main
aim to enhance the accuracy and efficiency of sentiment classification by
integrating multiple deep learning architectures, such as Convolutional
Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long
Short-Term Memory (LSTM), and Transformer-based models (e.g.,
BERT, GPT). Our research paper emphasizesComparing the accuracy,
precision, recall, and Fl-score of hybrid models against standalone deep
learning approaches (e.g., LSTM, CNN, BERT). Eight linguistic retweets
and evaluation samples by a wide range of disciplines to build and test
mixed-depth sentiment classification learning approaches that integrate
support vector machines (SVM), convolutional neural networks (CNN),
and long short-term memory (LSTM). SVM, LSTM, and CNN are three
single models against which the two technologies are contrasted. In
assessing every method, calculation time and accuracy were taken into
account. Across all varieties of datasets, hybrid models improved
sentiment classification accuracy in comparison to base classifiers, notably
when deep learning algorithms and SVMs were combined, and python
experiment and Google Cloab and dataset took by Sentiment140 (10%)
160.000, Tweets Airline 4.726, IMDB movie reviews (1) 50.000 and
IMDB movie reviews (2) 25.000
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1. INTRODUCTION

Nowadays, the researcher on data sentiment analysis through social media platforms like
Twitter and Facebook are gaining popularity. In the sentiment analysis, also known as
opinion mining, plays a crucial role in understanding public sentiment across various
domains, including politics, marketing, and social behaviour. Even though extensive work
has already been done in this field, there are numerous problems that need fixing, like the
rising simulation dependability, speeding up execution, and using methods that were
designed specifically for specific kinds of information and data domains [1]. The machine
is clear that learning models have been widely used while discussing sentiment analysis
recently, and their enormous capability has been discovered. Many studies, such as those on
marketing tactics, financial planning, and healthcare analysis, are solely concerned with
creating a single component from a single dataset(s) in the relevant area. Sentiment
polarity-based machine learning algorithms used to tweet be extensively discussed for
social media network usage. CNN models and recurrent neural networks (RNN) were
shown by Mohamed and Hussain [2] to be capable of overcoming the limitation of brief
models that use text for deep learning. In addition, the research of Qian et al. [3] revealed
the efficacy of LSTM on Twitter, climate, and emotion at various text levels. After
reviewing several recent studies, we discovered that RNN and CNN outperform techniques
with comparatively high overall efficiency—any value basic neural network models and
CNN.

In contrast to shallow neural network models, deep neural networks benefit from extracting
features while training from large datasets. The main reason for this is that deep models can
remove and develop better characteristics than shallow models, and they do this by using
intermediary nested loops. Deep neural networks have the potential to be significantly more
computationally and parameter-efficient while maintaining the same level of precision.
Considerable emphasis is placed on this; deeper neural networks develop various,
increasingly abstract data representations at each layer. Every deep learning strategy has
benefits and drawbacks, even if a specific machine learning technique can be successfully
applied in several areas. CNN needs fewer parameters and less supervision than LSTM, but
processing takes longer and typically produces worse outcomes. The LSTM, on the other
hand, takes longer to comprehend but improves performance for a long prison sentence.
The concept of merging multiple (or more) procedures is presented as a way to take
advantage of both their benefits and address some of the drawbacks of existing approaches.
Alftjani et al. [4] coupled machine learning and linguistic knowledge, improving sentiment
analysis's precision on evaluations.

Another example is the hybrid approach. Gupta and Joshi [5] suggested using Twitter's
sentiment analysis. It mixes lexicon and machine learning. Hence, the best solution is a
hybrid system with built-in approved material equipped to handle any potential drawbacks
linked to a single system, if any exist. Depending on the task, the combined models'
efficacy may change. Machine learning lexical analysis CNN with RNN and e-CNN
supplemented by SVM enhanced outcomes throughout the board. When analysing the
mood of various areas and kinds of datasets, the mixture of CNN, LSTM, and SVM intends
to benefit from the two deep network structure models and SVM algorithms. Also, other
sorts of input information are gleaned through social media platforms, including ratings and
comments. The data required also incorporates distinctions within and between different
kinds, such as the proportion of tweeter and comment durations, the variation of themes in
every data, the response rate, and the degree to which expressed emotions and extraneous
details are present. Several techniques could have been more accurate or performed better in
sentiment analysis across diverse domains. This researcher proposes a Hybrid Deep
Learning-based Model that leverages the strengths of multiple deep learning architectures to
enhance sentiment classification accuracy.
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As a result, some methodologies could not work well or be challenging to use with particular
kinds of input information. Our study raises the question without regard to the dataset's
characteristics. As a result, our research investigates how particular hybrid models respond
to various datasets from multiple areas. In this paper, the three models, LSTM, SVM, and
CNN, were combined and assessed. Many existing hybrid deep learning models perform
well on specific datasets (e.g., Twitter, Reddit) but struggle to generalize across platforms
due to differences in linguistic styles, slang, and context. Social media sentiment analysis
faces challenges such as data sparsity, context ambiguity, sarcasm detection, and multimodal
inputs (text, images, emojis).

1.1. CONTRIBUTION OF PAPER

®  Clarify whether techniques from image processing (e.g., CNNs for
feature extraction) have been adapted for text-based sentiment analysis.

®  justify their inclusion by highlighting shared challenges in sentiment
classification across languages (e.g., noisy data, dialectal variations).

2. RELATED WORK

The project aims to create a hybrid approach to the sentiment analysis method to
increase accuracy. The approaches suggested and utilized in other studies that
have initially been looked at are detailed below. Hybrid models can be created in
various ways—the researchers integrated an SVM and CNN model to improve the
precision of image processing. SVM serves as a recognition system, while features
are extracted using a convolutional network layer. Softmax functions are utilized
with the original CNN. For the textual categorization of negative and positive
attitudes, Srinidhi et al. [6] suggested a definition like a model that combines
elements of both incorporated SVM and LSTM with such a radial foundation
function kernel. A mixed model was assessed on the IMDB book review datasets.
These models include many deep learning techniques for identification using
SVM. Several of them are used in picture-based face recognition. Our study
performs classification using SVM or ReLU after combining two deep learning
algorithms.

A blended deep-learning framework developed by K.Paulraj et al. [7] is very
effective for sentiment analysis in languages with limited resources. They
employed CNN to learn sentiment embedding vectors and SVM to classify
sentiment. Four samples in Hindi representing different topics were used to test the
model. A multilingual LSTM-CNN model was used by Vo et al. [8] to analyze
sentiment in comments and feedback from e-commerce websites. Rehman et al.
[9] also use hybrid CNN-LSTM models to study the sentiment in film reviews.
The same methods are applied in numerous publications, for instance. A technique
known as a hybrid heterogeneous support vector machine was created by Kaur et
al. (H-SVM). They conducted sentiment classification on COVID-19-related
Twitter data. Three deep learning models, including CNN, LSTM, and CNN-
LSTM, were used by Kastrati et al. [10] to categorize Facebook comments about
the COVID-19 epidemic.

They used the contextualized word immersion model BERT and a classifier word
embedding technique dubbed FastText to understand and create vector
representation. Both studies rated Tweets and comments as favorable, negative, or
neutral.
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Such approaches were only tested on a small number of sample datasets or diverse
datasets from a single domain. Hence, their authenticity has only sometimes been
established by Offering a generalized model for sentiment analysis; Jnoub et al.'s
[11] study focuses on fusing CNN with a unique technique to convert reviews to
vectors. IMDDb, reviews, and a personal database compiled from customer reviews
were used to assess the program. A hybrid deep learning model that includes
LTSM and CNN was proposed by Ombabi et al. [12]. The Arabic language also
uses FastText for word embedding and SVM for identification. For embedding,
our research utilized both BERT and Word2Vec both used.

For identifying combined retweets and comments, we suggested four different
Algorithms for hybrid deep learning: SVM, LSTM, and CNN. Moreover,
additional studies integrate emotion words and polarity-changing devices with
Analysis based on machine learning and a lexicon. The "customer and material
sentiment classification" issue is addressed in Sanchez-Rada and Iglesias' study
[13]. A hybrid model that combines characteristics from many social context
levels was proposed by %ey. The model is assessed using various datasets. In a
study by Samih Amina et al. [14], a hybrid strategy was described in which a
preliminary recommendation list produced by combining data mining techniques
and content-based algorithms was improved by using sentiment analysis of movie
evaluations. Wang Q et al. [15] suggested using a sentiment classifier generated as
a secondary filter following content-based filtering from movie reviews using the
same methodology. These studies employ conventional methods for sentiment
analysis. Our research uses deep learning methods to increase sentiment
categorization accuracy. Recognition systems have already been successfully used
in sentiment analysis, where lower bandwidth layers are trained on elevated
controlled datasets like XLNET [16] and BERT [17], which were proposed by
researchers at Google Al

3. TECHNIQUE

This research assesses four hybrid models in light of all the benefits and potential
of these models to enhance sentiment analysis methods. The three primary focuses
of the technique are the data to be used, the procedure for creating feature vectors,
and the development of Hybrid techniques for an appropriate answer to sentiment
analysis.

3.1. DATASET

Our study is concentrated on evaluating generic application models rather
than fixing an issue in a specific field. Rather than creating and
categorizing fresh datasets for a particular application domain for this
investigation, we used several publicly available datasets. The choosing
process considered several factors, including the ability to protect personal
information acceptability in educational institutions, variety of resources
and themes, and size. The chosen datasets allow for a thorough evaluation
of the sentiment analysis techniques explored in this work. The research
aims to determine if the models consistently deliver reliable data
regardless of the kind and size of the dataset.

Eight datasets were used in the studies. Five datasets feature evaluations,
whereas three (Sentimentl140, Tweets Airline, and Tweets SemEval)
contain tweets.The largest of the three Twitter datasets, Sentiment140,
contains 1.6 million tweets with labels for negative or positive sentiment.
At the same time, Tweets SemEval and Tweets Airline each have 15,640
and 18,650 tweets with neutral, negative, or positive labels. 125,000
remarks from user ratings of literature, audio, and movies—Ilabeled as
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either positive or negative—are included in the five review datasets
(IMDB movie reviews, IMDB film reviews, Cornell movie reviews, and
IMDB book and music reviews. Further information on them is provided
in [1]. After reviewing the acquired data, we discovered that seven of the
eight data sources have starting labels of positive and negative, with a
roughly equal proportion of each Airline and Twitter SemEval data
source, including neutrality labeling and positive and negative labels.
When learning models and performing classification, it is crucial to have a
neutral classification performance to prevent posterior probabilities from
being skewed. We focus on either positive or negative polarity sentiment
analysis in this study. The neutral labels were eliminated to decrease the
size of these databases. The balance between the remaining negative and
positive classes is evaluated. We also used a k-fold bridge on the data to
assess the models.In this manner, bias against a certain portion of the
information is avoided, and the tests cover all occurrences of the datasets.
Table 1 shows the number of samples (both positive and negative) taken
from each database for investigations.

3.2. DATA PREPROCESSING AND CHARACTER VECTOR CREATION

The content, the statement, and the component or feature can all be used as
stages of separation for sentiment categorization. In our trials, we used word
embedding methods and document-based sentiment classification on eight
databases of tweets and reviews. Text-training data must be cleaned before
being used as a source for classification methods in sentiment analysis. White
space, punctuation, and line breaks are all examples of unnecessary text or
phrase data that are deleted. TF-IDF and embedding are two approaches that
are frequently used for this task. Since it produces superior results to TF-IDF,
our suggestion uses the latter [1]. The feature vector was then constructed
using BERT and Word2vec word embedding models in Table 1.

TABLE 1 LISTS THE NUMBER OF DATASET SAMPLES.

Number of samples # Datasets

20.000 IMDb movie reviews (2) 5 IMDB movie reviews (1)
11.662 Cornell movie reviews6 Tweets SemEval

2.000 Book reviews7 Tweets Airline

2.000 Music reviews8 Sentiment140 (10%)

Developers at Google Al Language released the BERT language model for natural
language processing [17]. Following Word2vec in development, BERT has some
improvements over Word2vec, including support for out-of-vocabulary (OOV)
terms.

Tomas Mikolov released Word2Vec in 2013 at Google. The training data for this
uncontrolled learning method came from a sizable corpus[18]. With a matrix NxD,
where N is the number of articles, and D is the degree of word embedding,
Word2vec has a substantially smaller size beyond one encoding. The skip-gram
and continuous bag-of-words (CBOW) models are included in Word2vec[19].
Such theories are based on the likelihood that words will appear close to one
another[20]. We can begin with such a syllable and use skip-gram to forecast the
words that will likely follow it. Unfortunately, one of the main problems with
Word2Vec is that it needs to handle terms that aren't commonly used[21]. We use
the unique token [UNK] for terms not in the dictionary to avoid this issue.
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Additionally, we reduce the usage of the special token by retraining the Word2vec
model using our vocabulary datasets and any terms that occur at least six
times[22]. The varied lengths of the database samples present a challenge when
modeling sentiment, whereas constant input vectors are necessary for deep
learning models [23]. Since being cleaned, the collections of ratings and comments
are shown as graphs in Figures 1 and 2. The size of the dataset is shown on the x-
axis, and the rate of occurrence is shown on the y-axis. Since we selected several
datasets from various sources, many graphs are pretty jagged [24]. It may be
possible to fit the models by standardizing the data and defining smooth borders
according to the sample size.

3.2.1. TEXT CLEANING

e Removal of special characters, punctuation, URLs, mentions
(@username), and hashtags.
e Conversion of all text to lowercase to maintain consistency.

3.2.2. TOKENIZATION

o Splitting text into individual words or subwords using word-based or
subword-based tokenization (e.g., WordPiece, Byte Pair Encoding).

3.2.3. STOP WORD REMOVAL

e Elimination of commonly used words (e.g., "the," "is," "in") that do not
contribute to sentiment detection.

3.3. HYBRID APPROACHES SEVERAL TECHNIQUES

A hybrid model for sentiment analysis. In this study, we experimented with
combining various effective strategies. As seen in Figure 1, we first generate the
feature vector using Word2vec or a retrained BERT model. The order of the
LSTM and CNN models used in the subsequent stages is then changed to either

(1)Word2vec/BERT->CNN->LSTM
(2)Word2vec/BERT->LSTM->CNN.

We also change the model's final phase, employing an SVM or a ReLU activation
function.

During our tests, feature vectors were created using two methods [25]. Word2vec
was initialized with respect to the weights to serve as the initial method for
learning the integration of all phrases in the learning set of data. We used BERT as
our second strategy because Word2vec does not include situational Analysis to
deal with complex semantic and syntactic or polymorphic instances in natural
languages. Inside this investigation, a pertained BERT model was used [26]. The
BERT model was utilized as a feature representation to produce raw data for such
suggestions of different models once the variables were adjusted. The comment
and rating data were loaded into the BERT model to create the feature vectors that
serve as the source for the other models that carry out the categorization.
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FIGURE 1: METHODOLOGY FOR CONDUCTING SENTIMENT ANALYSIS.

The following phase includes LSTM and CNN deep learning models, which are
employed due to their successful sentiment assessment and efficiency. They also
utilize the two network structures while doing sentiment analysis of data from
various domains. Given that it consists of numerous layers that analyze and
transfer data in one direction, from beginning to end, without cycles, a CNN is a
sort of feed-forward neural network. It utilizes a deep neural network design with
the usual starting point of convolution and pooling/subsampling layers that alter
inputs before feeding into a densely integrated classification stage. A single
convolutional neural network (1D CNN) was employed in this study. Among the
various variants of the RNN design is the LSTM. An LSTM block comprises the
output and input sections, the storage unit, and three so-called gates—the
forgetting gate, input value, and output unit. While RNNs are good at handling
temporal indicators, CNNs excel at handling vertically relevant data. Multilayer
CNN and LSTM can learn and remember both series data and specific details.
Hence, the combined system utilizes the best aspects of the two separate temporal
and spatial worlds.

3.4. RELEVANCE TO SOCIAL MEDIA SENTIMENT ANALYSIS

Explain why the chosen dataset is well-suited for your research, such as its real-
world applicability, diverse linguistic styles, or volume of labelled data.

4. PROPOSED HYBRID MODEL

Throughout this paper's scope, we present four different hybrid deep learning
models based on different ways of using LSTM and CNN in deep learning layers,
and different ways of using CNN and SVM in classification layers are presented.
Tables 2 and 3 display the hybrid models' architectural details, and the following
section goes into more detail.

4.1. SCENARIO COMBINATION 1.

In the first hybrid model, CNN and LSTM models are combined. Table 2 lists the

visualization of the model connection, the connection procedure, and the
information processing workflow. The hidden layer known as "%e function
encapsulation,”" which seems initialized using random weights, can discover the
embedding for every word inside the training sets. The CNN, the first level of the
hybrid model, is given the vector created by embeddings. It has several
convolution operations with kernel sizes of 3, each containing 512, 256, and 128
filters that take in and analyse data while supplying it to the following deep
learning layer.
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In the CNN-LSTM is computationally faster and more robust to noise, making it
ideal for real-time applications.

TABLE 2: A HYBRID CNN-LSTM MODEL.

Param # Layer (type) Output shape
129 dense_3 (dense) (None, 1)
16,512 dense_2 (dense) (None, 128)
622,720 flatten_1(flatten) (None, 128)

0 convld_6(ConvlD) (None, 500)
98,432 convld_5 (ConvlD) (None, 38, 128)
393,472 convld_3 (ConvlD) (None, 38, 256)
568,512 Istm_2 (LSTM) (None, 38, 512)
1,205,100 embedding_1(embedding) (None, 38, 100)

Nontrainable params: 2,108,720
Total params: 4,483,675
Trainable params: 2,785,386

In the LSTM-CNN performs better on long-form text but requires more
computational resources due to early sequential learning.

Table 3: A hybrid LSTM-CNN model.

Param # Layer (type) Output shape
129 dense_6 (dense) (None, 1)

16,512 dense_5 (dense) (None, 128)

622,720 dense_4 (dense) (None, 128)

0 flatten_1(flatten) (None, 500)
98,432 convld_6(ConviD) (None, 38, 128)
393,472 convld_5 (ConvID) (None, 38, 256)
768,512 convld_3 (ConvlD) (None, 38, 512)
1,202,000 Istm_2 (LSTM) (None, 38, 100)

1,808,900

embedding_2(embedding)
Total params: 5,910,687
Trainable params: 4,108,787
Nontrainable params: 2,608,700

The LSTM, the hybrid model's second layer, generates a 1500 matrix passed to the
classification. The hybrid model predictor comprises two uninterrupted,
completely interconnected layers with 128 nodes, multiple output layers, and an
activation function.

4.2. HYBRID DEEP LEARNING MODEL ARCHITECTURE

Our hybrid model combines Support Vector Machine (SVM) for feature-based
classification, Convolutional Neural Networks (CNNs) for feature extraction, and
Long Short-Term Memory (LSTM) networks for capturing sequential
dependencies in sentiment analysis. The detailed architecture is as follows:

4.2.1. CONVOLUTIONAL NEURAL NETWORK (CNN) FOR FEATURE
EXTRACTION

e Embedding Layer: Pre-trained word embeddings (GloVe/Word2Vec)
with a dimension size of 300.

e Convolutional Layer: 1D CNN with 64 filters, a kernel size of 5, and
ReLU activation to detect local sentiment patterns.

4.22. LONG SHORT-TERM MEMORY (LSTM) FOR SEQUENTIAL
DEPENDENCY LEARNING
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e LSTM Layer: 128 hidden wunits to capture long-range
dependencies. Dropout (0.3) to prevent overfitting.

4.2.3. FULLY CONNECTED (DENSE) LAYER FOR CLASSIFICATION

e Flatten Layer: Converts feature maps into a one-dimensional vector.
Dense Layer (Intermediate):
o 128 neurons with ReLU activation.
o Dropout (0.3) for regularization.
e Output Layer:
o Softmax activation for multi-class sentiment classification
(positive, negative, neutral).

4.2.4. SVM FOR FINAL CLASSIFICATION (HYBRID APPROACH)

e Regularization parameter (C): 1.0 for balanced complexity and
accuracy.

5. RESEARCH FINDING

That section covers the tests done to evaluate the effectiveness of the suggested
hybrid models. In addition, we investigate additional prevalent deep learning
models (SVM, CNN, and LSTM). The pre-trained word embeddings (GloVe,
Word2Vec, or Transformer-based embeddings) . All of these were evaluated using
the eight samples presented in subsection 3.1 that had undergone character
recognition pre-processing. Reliability, AUC, and F-score were used to assess the
models' effectiveness across all trials. We also display memory and accuracy
because those are the two metrics from which the F-score is built. Sections 5.2 and
5.3 present, examine, and comment on the findings.

5.1. PERFORMANCE EVALUATION

The essential hardware components, library services, and relevant variable setup
were completed before the investigations. With the GPU Tesla P100-PCIE16GB
or GPU Tesla V100-SXM2-16GB, the Keras and TensorFlow libraries and Google
Colab Pro were used. In all trials, we set the parameters for our code to echoes 4,
k-fold 10, batch size 32 for ratings, and batch size 128 for tweeting. The K-fold
validation method has three typical choices: k=4, k=6, and k=11. When applying
machine learning to assess models, K=10 is the most widely used value. The latter
value is used whenever the dataset is large enough for the subgroups to have many
instances. The case is present in the datasets used in this investigation. For each of
the 10 validations, one part acts as the testing set and nine parts serve as the
training set to be sure that every train or sample solution is sizable enough to
reflect the dataset and that a value of k is selected. Importantly, this process
guarantees that the k setups in all verifications have the same size as the k models
in the cross-validation, which are both generated from training sets that are
identical in size. It is advised to divide the data into similar groups to compare the
predictive accuracy.

5.2. RESULTS

The results of eight experiments in each set are displayed, with three baseline
models (SVM, CNN, and LSTM) and four hybrid models (CNN-LSTM-SVM,
CNN-LSTM-CNN, and LSTM-CNN-SVM, respectively), as well as three baseline
models (SVM, CNN, and LSTM). In a comparative analysis that is also included,
the outcomes of the suggested hybrid methods are compared to those of the
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previous methods. Our tests were carried out twice: using Word2vec to train word
embedding and once using a pertained BERT model. Tables 4-8 explain the trial
outcomes using Word2vec and BERT, since BERT consistently produced good
outcomes. The comparison findings between Word2vec and BERT are shown
using side-by-side bar charts in Figures 4-8. When a pertained BERT model is
used to retrieve a feature vector, the calculated values for all samples and
classification models are very good (around 90%), with Tweets Airline and IMDB
movie reviews showing particularly high accuracy (92.9% and 93.4%,
respectively) (1). Also, the results show that hybrid models (SVM, CNN, or
LSTM) are more accurate than standalone deep learning models (SVM, CNN, or
LSTM) for seven out of eight datasets. The reliability scores for CNN for using
Word2vec in the music evaluation and book review databases are 76.4% and
76.5%, respectively. When the LCNN-SVM model is used, the results increase
dramatically to 83.7% and 82.7%, improving 7.3% and 6.2%, respectively.

In seven out of eight datasets for the F-score (Table 7), hybrid models created
greater (or equal) results than pure deep learning models. Compared to the single
deep learning model, the hybrid models outperform the AUC value in Table 8; in
six of eight datasets employing Word2vec, hybrid models using SVM for
categorization produced the best performance. The datasets with the best ratings
for all metrics in all scenarios are the Twitter Airline Database and IMDB Movie
Ratings (1). With hybrid LSTMCNN and LCNN-SVM algorithms, ratings of
books and music perform well. All algorithms' reliability for the %e Sentiment140
dataset is low. Figures 1 and 2 show how the average number of samples in the
dataset varies with the duration of sample data. Furthermore, unique compared to
the other datasets is the "%e Sentiment140" dataset. The length data samples have
many different measurement samples in show figure 2,3,4,5, and 6.

5.3. DISCUSSION

As shown in Figure 2, pre-trained BERT outperforms Word2vec for sentiment
analysis across all models and datasets.

TABLE 4 ACCURACY OF COMPARES CORRECTNESS FOR VARIOUS DATASETS.

Datasets LC-S CL-S L-C CL LTSM CNN SVM LC-S CL-S L-C C-L
L

LTSM- CNN

Music reviews  83.9 83.5 84.1 84.0 84.1 84.0 824 799 80.6  79.9

80.1 80.3 79.7

Book reviews 92.7 92.9 928 92.8 92.8 92.9 920 878 88.6 875
88.0 87.1 86.8

Cornell movie reviews 91.8 ~ 91.7 91.8 919 91.8 91.9 912 85.7 856  86.2
85.0 86.4 84.4

IMDb movie reviews (2) 93.4 934 934 934 93.4 93.4 93.3 90.3 90.0 90.0
89.7 885 87.6

IMDb movie reviews (1) 90.7 90.7 90.7  90.7 90.6 90.7 90.5 89.4 984 894
89.2 851 87.3

Tweets SemEval ~ 87.1 86.9 87.0 869  86.9 87.0 853 75.9 762 764
73.0 76.1 72.4

Tweets Airline 91.0 90.4 91.1  90.7  91.0 90.7 89.9 83.7 78.7 835
758 712 76.2

Sentiment140 (10%) 89.2  89.5 89.1 89.0 892 89.2 87.8 82.7 76.6  82.1

200
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79.6 76.5

TABLE 5 RECALL COMPARES THE CORRECTNESS OF VARIOUS DATASETS.

Datasets LC-S CL-S L-C CL LTSM CNN SVM LC-S CL-S L-C C-L
ITSM CNN
Music reviews  83.9 835 84.1  84.0 84.1 84.0 824 799 80.6  79.9

80.1 80.3 79.7

Book reviews 92.7 929 928 92.8 92.8 92.9 920 878 886 875
88.0 87.1 86.8

Cornell movie reviews 91.8 ~ 91.7 91.8 91.9 91.8 91.9 91.2 85.7 856 862
85.0 86.4 84.4

IMDb movie reviews (2) 93.4 934 934 934 93.4 93.4 933 90.3 90.0 90.0
89.7 88.5 87.6

IMDb movie reviews (1) 90.7 90.7 90.7  90.7 90.6 90.7 90.5 89.4 98.4 89.4
89.2 851 87.3

Tweets SemEval ~ 87.1 86.9 870 869 869 87.0 853 759 762 76.4
73.0  76.1 72.4

Tweets Airline 91.0 90.4 91.1  90.7  91.0 90.7 89.9 83.7 78.7 835
758 712 76.2

Sentiment140 (10%) 89.2  89.5 89.1 89.0 892 89.2 87.8 82.7 76.6  82.1

s 96 65

TABLE 6 COMPARES F-SCORES FOR VARIOUS DATABASE TYPES

Datasets LC-S CL-S LC C-L LTSM CNN SVM LC-S CL-S L-C C-L

ETESM— CNAL

Music reviews  83.9 83.5 84.1 84.0 84.1 84.0 824 799 80.6  79.9
80.1 80.3 79.7

Book reviews 92.7 92.9 928 92.8 92.8 92.9 920 878 88.6 875
88.0 87.1 86.8

Cornell movie reviews 91.8 ~ 91.7 91.8 91.9 91.8 91.9 91.2 85.7 85.6 862
85.0 864 84.4

IMDb movie reviews (2) 93.4 934 934 934 93.4 93.4 933 90.3 90.0 90.0
89.7 885 87.6

IMDb movie reviews (1) 90.7 90.7 90.7  90.7 90.6 90.7 90.5 89.4 984 894
89.2 851 873

Tweets SemEval ~ 87.1 86.9 87.0 869  86.9 87.0 853 75.9 762 764
73.0  76.1 72.4
Tweets Airline 91.0 90.4 91.1  90.7  91.0 90.7 89.9 83.7 78.7 835

758 772 76.2

Sentiment140 (10%) 89.2  89.5 89.1 89.0 892 89.2 87.8 82.7 76.6  82.1
9 Ay

200 e ES
B 7675

TABLE 7: COMPARING PRECISION FOR VARIOUS DATASET TYPES

Datasets LC-S CL-S L-C CL LTSM CNN SVM LC-S CL-S L-C C-L

LTSM NN

Music reviews  83.9 83.5 84.1  84.0 84.1 84.0 824 799 80.6  79.9
80.1 80.3 79.7

667
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Book reviews 92.7 92.9 928 92.8 92.8 92.9 920 878 88.6 875
88.0 87.1 86.8

Cornell movie reviews 91.8 ~ 91.7 91.8 919 91.8 91.9 91.2 85.7 85.6 86.2
85.0 86.4 84.4

IMDb movie reviews (2) 93.4 934 934 93.4 93.4 93.4 93.3 90.3 90.0 90.0
89.7 885 87.6

IMDb movie reviews (1) 90.7 90.7 90.7  90.7 90.6 90.7 90.5 89.4 98.4 894
89.2  85.1 873

Tweets SemEval ~ 87.1 86.9 87.0 869 869 87.0 85.3 75.9 762 76.4
73.0 76.1 724

Tweets Airline 91.0 90.4 91.1 90.7 910 90.7 89.9 83.7 78.7 835
758 712 76.2

Sentiment140 (10%) 89.2  89.5 89.1 89.0 892 89.2 87.8 82.7 76.6  82.1

B Ay 6

By emphasizing the hybrid model's results, we can see that these models
consistently produce the best results for every dataset. Word2vec or BERT solo
models did not perform as well as hybrid models, which did. When Word2vec is
used, the reliability results from hybrid models are better than those from single
models. While these algorithms have attained a pretty good degree of precision,
typically greater than 90%, the outcomes have also been enhanced using BERT,
but less significantly.

Table .8.The AUC ratio for various dataset

Datasets LC-S CL-S L-C CL LTSM CNN SVM LC-S CLS LC C-L
TSM__CNN

Music reviews  83.9 83.5 84.1 84.0 84.1 84.0 824 799 80.6 799
80.1 80.3 79.7

Book reviews 92.7 92.9 928 92.8 92.8 92.9 920 878 88.6 875
88.0 87.1 86.8

Cornell movie reviews 91.8 ~ 91.7 91.8 919 91.8 919 912 85.7 856 862
85.0 86.4 84.4

IMDb movie reviews (2) 93.4 934 934 93.4 93.4 93.4 93.3 90.3 90.0 90.0
89.7 885 87.6

IMDb movie reviews (1) 90.7 90.7 90.7  90.7 90.6 90.7 90.5 89.4 98.4 894
89.2 851 873

Tweets SemEval  87.1 86.9 87.0 869 869 87.0 853 75.9 762 764
73.0 76.1 724

Tweets Airline 91.0 90.4 91.1  90.7  91.0 90.7 89.9 83.7 787 835
758 712 76.2

Sentiment140 (10%) 89.2  89.5 89.1 890 892 89.2 87.8 82.7 76.6  82.1

6 6
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FIGURE 3: DEEP LEARNING MODEL RECALL VALUES USING WORD2VEC AND BERT FOR
VARIOUS DATASETS

Given that reviews typically contain longer texts than tweets do, LCNN-SVN
outperforms other hybrid models on larger linguistic samples (Table 4). While
looking at the distribution of sample text lengths in some databases, the size of
reviews ranges from 1 to 800 words. The Cornell movie reviews, meanwhile, are
only 1 to 50 words long. A tweet can be between one and forty words long, yet the
variation in sample length in the Sentiment140 dataset is right-skewed. It has been
noticed that two databases, Sentiment140 and Cornell movie reviews, have poorer
findings than the other data sources.
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FIGURE 6: DEEP LEARNING MODEL AUC VALUES USING WORD2VEC AND BERT FOR VARIOUS

DATASETS

In this reference, we offer further studies using a single dataset of tweets or
reviews to classify sentiment. Remember that such hybrid models provide
significantly better operation speed and precision outcomes. Eight different
datasets were also used to assess the total effectiveness of such hybrid models,
providing an unbiased evaluation of their total efficiency [18].

6.

CONCLUSIONS
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In this research, we suggested using social media network hybrid deep learning
models data in Sentiment analysis. Using the Word2vec and BERT two-word
extraction methods, we looked at how well SVM, CNN, and LSTM work together
on eight literary comment and rating databases. Following that, we compared
various hybrid models to single models. These studies aim to investigate the
adaptability of hybrid models, specifically if hybrid methods can adjust to multiple
database kinds and sizes. We investigated the effects of different dataset types,
techniques for extracting features, and deep learning models on the accuracy of
sentiment polarity analysis. Our tests show that, for sentiment polarity analysis,
hybrid models consistently outperform all other models. Integrating deep learning
models with the SVM method yields more accurate outcomes than doing it alone
for conducting sentiment analysis. Hybrid models utilizing SVM are more reliable
than those without it in most of the databases evaluated; nevertheless, their
computing time is substantially greater. Researchers say that the datasets' quality
and quantity greatly affected how well the techniques worked. Researchers are
worried that the context of the information can greatly affect the choice of
sentiment analysis models to get a better understanding of a particular subject, like
trade, advertising, or healthcare, we plan to investigate the effectiveness of hybrid
methodologies for sentiment analysis on hybrid databases and numerous hybrid
contexts. Its relevance arises from linking sentiments to pertinent circumstances to
offer customers individually tailored suggestions and feedback in great detail.
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