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Abstract: The increasing prevalence of the Internet and the advent of Web 2.0 have led to a heightened focus on sentiment analysis of freely
expressed opinions in different social media platforms. Sentiment analysis plays significant role in various applications such as review-based
product recommendations and opinion mining. This study presents cross-domain-labeled Web sources (Amazon and Tripadvisor) in a unique cross-
source cross-domain sentiment categorization approach. We propose a novel architecture named the Deep Learned Model with Integrated binary
embedding. This model combines the strengths of Bidirectional Long-Short Term Memory (Bi-LSTM), Bi-Gated Recurrent Unit (GRU), and
Convolutional Neural Network (CNN).. The proposed approach achieves an accuracy of over 80% in sentiment analysis of Facebook and Twitter
datasets.

Index Terms - Convolutional neural network; cross-domain data; sentiment analysis; social media; Facebook; Twitter; Amazon;
Tripadvisor.

1.Introduction

Technological advancements, like the proliferation of the Internet, the Web 2.0 phenomena, and widespread usage of mobile phones, have enhanced
the accessibility of liberally prejudiced script (e.g., blog assessments, social network remarks). The utility of sentiment assessment, also known as
opinion mining, that employs computer methods to systematically assess individual views, feelings, and assessments regarding objects (e.g., goods,
facilities, companies) [1], is enhanced by this big data source of unorganized texts. Numerous researches [2-4] have looked at the patterns of
opinion in social media and their possible influence on judgement. As a result, sentiment assessment is a critical component of current decision
support systems, assisting with judgments in a variety of real scenarios, including hotels, financial markets, [7], and road mishaps [8].
Recognizing the prominence of social media sites (like Facebook, Twitter), supervised machine learning algorithms for sentiment assessment of
online network messages have indeed been developed [9]. Developing an effective machine learning classifier for certain sentiment domain and
data source, on the other hand, necessitates a significant amount of work from data analysts and the implementation of computation trials.
Furthermore, as compared to other areas, few contain fewer dataset (such as maximum Amazon feedback are regarding electronics). These 2
challenges are addressed utilizing cross-domain sentiment assessment,[10], [11], current transfer learning research area which tries utilizing
sentiment types that have already been adapted to certain domains (e.g., electronics) to forecast sentiment of messages by different domains (e.g.,
volumes).User-labeled contributions are frequently requested on current Online sites. Amazon and Tripadvisor, for instance, encourage people to
write feedback using a 5-star review system. Other social networks, on the other hand, have a scarcity of sentiment-labeled information. Facebook,
for instance, is prominent networking sites with over two billion active users, but a tiny portion of Facebook sites enable tagged evaluations.
Furthermore, with 330 million active monthly users, Twitter is a relevant networking site which has been utilized for communicating thoughts
regarding a broad variety of subjects, such as goods [12] or financial sectors [13]. However, Twitter-labeled information is significantly harder to
obtain, frequently necessitating arduous human labor. There may also be disparities in the sorts of writings published on various Web sites. Twitter,
for instance, limits the maximum length of text words, although Facebook will not. The bulk of cross-domain research uses a solitary Web data, as
indicated in Sec. 2. (e.g., Amazon assessments). As seen in Refs. [14] And [15], combining datasets can be beneficial in terms of improving data
accuracy and reducing bias. As a result, analyzing that which we call "cross-source cross-domain” sentiment categorization, wherein cross-domain
information through 1 or additional labelled source materials is utilized for generating sentiment assessment methods which are then utilized to
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categorize non-labeled cross-domain texts by another sources, has probable improvement and study profit. We suggest such a method in this work,
with subsequent primary offerings:

1) We use several datasets and domains for developing and evaluating the systems in cross-source cross-domain sentiment categorization. To train
the sentiment classification systems, we use cross-domain big data labelled resources from several Web sites (Amazon and Tripadvisor). The learnt
models are then utilized to forecast sentiment on 2 unlabeled social media resources, Facebook and Twitter datasets.

(2) This paper offers the Deep learned model, which is a system that relies on Bidirectional Long-Short Term Memory (Bi-LSTM), Bi-Gated
Recurrent Unit (GRU), and Convolutional Neural Network (CNN) using a 3-phase innovative embedding architecture and attention network that
is compared to prior research.

2.LITERATURE REVIEW

Dipak Patel and Kiran [16] Amin developed a novel multi-source sentiment analysis approach in 2021, which contains 6 steps for domain
customization. Higher order statistics dependent on text characteristics are used to examine for similarity between assertions. The modified cross
entropy statistic is used in the higher order statistics dependent characteristics collection. The residual characteristics are then supplied to suggested
classifier, which estimates polarity of particular domain. Neural Network (NN) is used to classify the data. The parameters of NN are optimized
utilizing the Improved Grey Wolf Optimization (IGWO) method that is a more advanced variant of the GWO procedure. Lastly, the model's
efficiency is evaluated to that of many other domain modification methods, and it is found to be superior given the growth is 28% over 6% precision.

Miguel et al. [17] published a paper in 2019 that describes a new strategy for improving a collection of current Sentiment Analysis (SA) algorithms
in ensemble classifier centered on input text domain. The domain adaptation problem has been alleviated using a specific set of SA approaches.
Finally, the results demonstrated the usefulness of the selected approach by demonstrating improved sentiment analysis perfor mance.

Xing et al. [18] proposed new technique in 2019 for concurrently training word polarity and a vanilla sentiment classifier on objective area. The
incorrectly anticipated phrases, in particular, were logged consecutively and used as inspection. The selected model improved with regards to
sentiment classification for multiple domains employing emotive lexicons, according to research findings from array of well-known datasets.

Yin et al. [19] proposed new "CITK approach for cross-domain sentiment categorization™ in 2019. The selected strategy used a capsule network to
encode domain invariant information, which helped to overcome the data barrier between the destination and origin domains. Furthermore, BERT
was used to convert phrases to similar sizes, a process known as pre-training that resulted in a better standard model embedding model. In the
conclusion, the investigative results showed that the chosen model outperformed the old models.

Bollegala et al. [20] showed "embedding learning" and built 3 processes which collected: (a) pivots characteristics (i.e., typical features which arise
in both the objective and origin domains), (b) label specifications in source documents, and (c) geometric characteristics in both the destination
and source domains. As a result of the selected "joint optimization" method, embeddings that were amenable to SA classification were found.
Furthermore, the results of this technique have shown that the provided model performs better in regards of SA cataloguing.

Manshu and Bing [21] designed a HANP framework for completing CDSC activities in 2019. By taking into account prior information, the offered
technique was able to get both domain particular and domain individual features. Furthermore, the HANP incorporates an attention-based method,
allowing for the recording of relevant phrases and words connected with moods. Finally, tests on "Amazon review datasets" revealed that chosen
HANP accomplished significantly compared to current systems.

Manshu and Xuemin [22] suggested an end-to-end model in 2019. There were two subcategories in this strategy: one was a "CTN," and the other
was a "CHAN." Based on the attention focused approach, the later one caught relevant phrases relating sentiments. Finally, "Amazon review
datasets" were utilized for validating improvement of projected strategy.

3. Dataset and Pre-Processing

3.1. Sentiment Analysis Data

Here, we look at 2 sentiment output label collections, each having two categories (“negative and positive"). The datasets (except Twitter dataset)
used in the study are open source and may be found at https://github.com/paolazola/Cross-source-crossdomain-sentiment-analysis. Texts are
derived by 4 primary data sources:

This repository contains two Python pickle dictionaries with labelled data for cross-source and cross-domain sentiment assessment. 2 folders are
connected to English texts. The following items make up the Dataset:

1. Amazon: It comprises a collection of 75,000 ratings published in English from January to February 2018 on various Amazon goods (such
as electrical gadgets, kitchen items, clothing, and homewares). Every comment includes the date, a brief title, and the sentiment (stated as
a 5-star rating) expressed by the individual who wrote it. The user’s name has been removed for reasons of confidentiality.

2. Tripadvisor: It comprises a collection of 75,000 English comments on hotels, restaurants, and cities that were obtained between January
and February 2018 from Tripadvisor.com. Every comment includes the date, a brief title, and the sentiment (conveyed as a 5-star grade)
expressed by the individual who wrote it. The user’s name has been removed for reasons of confidentiality.

3. Facebook: There are 5,782 English Facebook postings in total. Only particular public sites with a 5-star rating scheme are mentioned in
the posts. Colleges, gatherings, renowned individuals, residents, celebrations, businesses, and towns are among the themes included in the
sampling evaluations conducted from January to February 2018. Every piece in the group is associated with the user's determined
sentiment (represented as a 5-star grade). The user’s name has been removed for reasons of confidentiality.
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4. The twitter dataset is made up of multimodal user postings published on Twitter between 2014 and 2017 [23] [24]. Every one of the
entities fall into one of four categories: Person, Place, Organization, and Other Information

3.2 Pre-Processing

Facebook, Trip Advisor, and Amazon datasets have been updated to operate with the Deep Learning Architecture that has been designed. Pickle
is the file format for the datasets that are accessible. As a result, they're transformed to text form. The information is then preprocessed in the
following way:

e The rating of every comment is regarded for categorizing them as positive and negative classes.

e [Ifrating > =4, then review is ‘positive’,

e [Ifrating <4, then review is ‘negative.

e Stopwords are detached

The Twitter dataset is labelled with three values: 1, 0, and -1. Because we are working with two courses, the following reviews are taken into
account:

o Ifthe label is 1, the review is favourable.
e Ifthe label is -1, the review is not favourable(negative)

4. Embedding Patterns

4.1. Embedding Schemes

Because it is simple to design, the bag-of-words model was employed to represent text for sentiment categorization. However, because the data is
so large, the sizes of features are enormous. This will result in a shallow representation of the word vector matrix, perhaps resulting in overfitting.
This prompted Mikolov et al. [25] to propose the word embedding model, which aids in the learning of vector representations of words. Word
embedding [26] is a technique for representing sentences that involves mapping words into low-dimensional vectors. The vectors are denoted in
constant space, and words are charted onto nearby locations as well. It is accomplished with the aid of neural network and language model which
has been pre-trained with corpus data. This will aid in the extraction of words' semantic and syntactic interpretations from unstructured information.
Collobert et al [27, 28] presented architecture for natural language analysis that focuses on the similar embedding for multiple purposes. Other
study [29] suggested utilizing neural word embedding to predict sentiments.

For embedding, predictive approaches such as Probabilistic Language Models (NNLM) [30], N-grams, and Word2Vec [31] are utilized. A feed
forward network is used by Word2Vec. It contains stages for input, projection, and output. Continuous Skip-gram Model (Skip-gram) and
[Continuous Bag-of-Words Model] are 2 methods utilized for forecasting (CBOW). In order to maximize the categorization of words, skip gramme
considers the texts in the phrase.

Caiand Wan [32] presented a multi-domain neural sentiment categorization system that can be used to grasp and learn domain-aware word
embedding entirely. It is accomplished from exchanging word embeddings from multiple domains in order to obtain domain-specific data. For
NLP purposes, a novel word format called GloVe [33] has been proposed. The benefits of local context window approaches and global matrix
factorization are combined in this method. FastText and WordEmbed are two more word embedding models.

4.1.1. Proposed Polarity Score based Binary Pattern Vector (PSBPV)

The power of rule-based sentiment lexicons, particularly VADER (Valence Aware Dictionary for Sentiment Reasoning), is used for
building bit binary pattern for word embedding in this research. VADER[34] is particularly responsive to microblogging situations. It converts
lexical aspects of a text into sentiment ratings, which are measures of emotional intensity. This application calculates the sentiment value of a text
by adding intensity of every word in text. It gives a grade for each of the four forms: positive, negative, neutral, and compound. It gives a rating
oscillating between -1 to 1, with -1 as the most negative and 1 as the most positive. Compound rating is used to construct the embedding bit pattern
in our technique. The phrase is broken into words after it has been pre-processed, like stop word removal, stemming, and so on. The polarity rating
for every word is calculated using VADER.

In this approach, a compound rating is computed for every word, and a sequence is formed dependent on whether or not this number falls inside a

certain limit. The preceding table 1 shows how to create a Polarity Score dependent Binary Pattern.
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Pseudo code
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For Instance:
Let us contemplate the input sentence is like this

| love this beautiful Place

After subsequently eliminating stop words, it will be

Stopwords love beautiful Place
Vader’s
Compound 0.3612 0.413 0.0
score

Polarity score

based Pattern {0,1,0,0,0} | {0,1,0,0,0} | {0,0,1,0,0}

Aside from state-of-the-art embeddings like Glove, FastText, and Word2vec, the suggested embedding assigns coefficients to every word to
differentiate its sentiment lexicon. This sentiment score-based word layer embedding aids model in cross-domain sentiment forecasting. Every
word has their own rating and significance, but depending on the domain and adjacent words, it might reflect a variety of sentiments. As a result,
this embedding, alongside the BiLSTM model, is included in this suggested Tri model network to increase sentiment analysis effectiveness across
domains.

4.1.2 GloVe Model

By producing the relationship among these, this model uses the frequency of incidences of words, that is key source of accessible data.
Utilizing this data, a latest method for encoding words known as GloVe was developed (Global Vectors). Contemplate the letters | j, and k. Number
of times these terms appear together is N ijandN jk. The co-occurrence of | and j is N iji, while co-occurrence of j and k is N jk. In GloVe, word
embedding is made possible by combining this information with its probability.

4.1.3 FastText Model

In the year 2016, Facebook Al suggested FastText. It's a natural language processing (NLP) package for word embedding. With a
hierarchical system classification, FastText employs the Continuous Bag of Words (CBOW) model to represent words. By anticipating category,
CBOW may anticipate the word. Softmax layer is replaced by hierarchical softmax in this case.
When the emphasis is on words and phrases, sentiment categorization produces greater results. The researchers employed the attention mechanism
[35-38] to achieve this aim through collecting the distance dependence. For boosting the value of words and sentences, hierarchical attention
networks [39] have been proposed at both the sentence and word levels. For multitasking, another attention model [40] was presented that shared
the feature extractor. Shareable sentence representation learning [41] generates alternative representations via an attention mechanism and task-
independent query vectors. Cai and Wan [42] developed a domain-aware attention mechanism-based multi-domain neural sentiment cataloguing
system. Zhang et al. [43] presented an collaborative attention transfer network and investigated impact of aspect network and sentence network
attention.
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5. Proposed Architecture —Deep Learned Model with Polarity Score Based Embedding

Long short-term memory (LSTM) is kind of Recurrent Neural Network (RNN) which can understand how order affects sequence
prediction. The outcome of text categorization utilizing LSTM was significant. When using LSTM, the sparsity of the text data leads to a high
level of difficulty. Bidirectional LSTM (BiLSTM) was offered as a solution to the algorithm's complication when employed for text categorization.
This paper presents an integrated architecture that includes a BiLSTM [44], BiIGRU [45], and CNN attention mechanisms, as well as novel word
embedding to improve pre-trained word embedding. Figure 2 depicts model architecture that has been suggested.

There are 3 types of models in this suggested network. The Glove embedding method is utilized in the first model to produce embedding
patterns, that are subsequently injected into a BiLSTM tier having 256 nodes, succeeded with Average pooling tier having pool capacity of 2 and
a Context Attention tier having loss of 0.5. Eventually, from this initial model, 100 dense features are retrieved. The next model is built by aid of
BiIGRU, which has 128 nodes and uses Fast Text embedding. The successive layers are deployed in the same way as the first model, and 100 dense
features are extracted at the end. Three types of convolutional levels with variable number filters and kernel sizes make up the third integrated
model. The first convolutional layer is made up of 100 filters having a kernel size of 3 and relu activation on glove embedding, while 2nd and 3rd
convolutional tiers are made up of 6 and 300 filters, correspondingly, with kernel sizes of 3 and 5. On suggested polarity score-based embedding
and FastText embedding, Relu and softplus activations are implemented after 2nd and 3rd convolutional tiers, respectively. Every convolutional
tier was input into a 2-pool average pool tier. Using a concatenation layer, the mean pool from the 2nd convolutional tier on PSBP is merged with
the average pools from the 1st and 3rd convolutional regions, resulting in Integrated Polarity Score Dependent Binary Pattern Embedding (IPSBPE)
with Glove and Fasttext CNN model.

Attention layer, trailed by Dropout layer, and dense level with 100 pieces, effectively processes the output from those 2 concatenation tiers. With
the aid of the Softmax tier, every one of the characteristics from the 4 types of dense tiers is fused to generate an efficient deep feature to describe
the emotion polarity of a phrase.

The suggested PSBP in this model is a five-bit word embedding that efficiently retrieves the spatial data of a phrase. Both the previous and
following context descriptions are accessed utilizing BiLSTM. The data provided by the underlying tiers of BiLSTM, BiGRU, and the integrated
model of CNN is given varied emphasis utilizing the attention mechanism. Lastly, the dense layer employs the softmax classifier to categorize the
collected context data. This architecture can capture both the spatial information of phrases and the universal semantics of sentences.

Tngrat Toxd Reviews

{ Glove | Viadut Scary Patters ‘, | FemTem ‘
I
| T - - T
‘ X - |
o [owid | [oid | [Gwid | [mcmvam]
STM (24 " st e BLGRL (128
BLSTME) | | yo0, 3 Reta | | 6,3, Rele {Jw..‘.s«aqln [ |™ '|
1] L3 L ] 8 L]
Averade Avege | Arerage Average l Average
Poeling.2 Poslisg 2 | Poaling 2 Proliagd | Postieg2
g | | B Aol | . - .
% . ¥ ) Y ¥
[ Attvstionaver ((mmu.| Comeatenaie | I Atenmon laver
- 1 L 1
‘ Aneanor later } Anencian bayer
S —— | |
. . + *
‘ Drogent Dropost | Dyvegarn | } Dropeat
| layer-0% byer-44 | laver-0.8 | layer 05
- | = T |
| L] | ) L]
Dease layee ] | DemseLayer | | DemmeLayer | Demetayer- |
190 l 108 | | e | 108 ‘
- J ‘ :
L] L.
1 { S
-~ Conratenan |
e
'
| Dewss layer 2
—

|  Softmax |

Figure 1: Architecture of Deep learned model

5.1. BiLSTM

For categorization, the suggested technique uses the BILSTM [44] model. A BiLSTM is a sequence computing type that consists of 2
LSTMs. The input is first collected in a forward direction by the LSTM. The 2nd LSTM works in the opposite direction. Glove is used to construct
word embedding, and the retrieved features are input into the BiLSTM tier, which extracts sentence level features to reflect each phrase's emotion
polarity. The Domain Exact Attention Method, in conjunction with the BiLSTM layer, is used to choose significant characteristics and increase
the approach's performance.
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Figure 2: BiLSTM Architecture

5.2. BiGRU
We utilize a bidirectional GRU [45] to generate word annotations by combining input by both directions for each word and including

contextual data into annotation. - _ )
Bidirectional GRU contains forward GRU [ and backward GRU j. The forward GRU f inspects sentence si by wii to wik as revealed in

Eqg. (2). Backward GRU }E inspects sentence s; by wit to wi as revealed in Eq. (3).
Kk = Wewi, k € [1,K], [1]
hie = GRU (xe), k € [1,K], 2]
hie = GRU(xy), k € [K,1]. 3]
L An explanation for a specified word wiis gotten via concatenating the forward hidden state Eik and backward hidden state.i’:z-k, i.e., hixk =
Ryl ], This type reviews the information of whole sentence wik as well.

GRU stands for Gated Recurrent Unit and is a form of Recurrent Neural Network (RNN). The forget gate and the input gate are combined
into a solitary update gate in GRU. At the very same time, GRU integrates the hidden state and the cell state. Figure 2 depicts the unit topology of

the system.
Ney | hy
X

X 1-

d =)
P
W,

x(!
Figure 3: GRU Coding Unit

Precise approximation process is achieved following Eqs (4) — Eqgs (7).
Zy = oWy * [heq, xc]) (4]

e = o(W; x [he_q, x¢]) 5]
hy = tanh(W, * [ry. he_1,x]) [6]

he =1 —2z).ceoq + 2. by [7]
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In which o is signified like sigmoid function.
- 1s signified like dot product.
Xt is signified like input vector at time t.
htis signified like hidden state at time t.
z1is signified like update gate.
ry is signified like reset gate.

The data streams into the following phase are controlled by this update gate. As a result, the control data is compromised. The concealed state's
output is determined by the reset gate.

5.3. Convolution layer
Every neuron function as a kernel in a recurrent layer, which is made up of convolutional kernels. When a kernel is symmetric, convolution
process develops correlation process [46,47]. Eq. (8) shows how to express the convolution process

@) = ZcZuy i y)-ef (wv)  [8]

In which ic (X, y) is signified as component of input tensor .

This input is component wise increased from value of E:k(u, V). E:k(u, v) is counted as index location of k™ convolutional kernel | k of
first tier. Output feature-map of k™ convolutional process is signified as Equation 9

F = o, @), o fE (P, Q). (9]

Usually, the sliding kernel idea is used to extract several sets of characteristics from an input. As a result, convolutional operations can be used
as a weight-sharing system. The CNN parameter in completely linked networks offers efficient results with similar collection of values on input,
which can be image, audio, text, or signal. The kind of padding, number of filters, and orientation of convolution are all used to classify convolution
processes [48]. 3 kinds of one-dimensional Convolution layers are employed in this study to remove cross-domain features with sufficient strength
to accurately depict every domain.2 Convolutional tiers get the embedding characteristics via the conventional embedding tier, and one
Convolutional layer gets the characteristics via the polarity dependent embedding and conventional embedding levels in the shape of correlation
mode.

5.4. Average Pooling

To decrease measurement of feature of depiction while keeping significant properties, the pooling approach [49] is applied. It's also
referred to as a non-linear down-sampling technique. As a result, after obtaining the hidden state interpretations of sentences, the pooling technique
is used in this approach. Pooling may be done using a variety of non-linear functions. Pooling is the most effective of the functions. Lastly, using

the following Eqg., the sentence pooling vector (i.e.,hi) is calculated throughout Eqg. (9).
hg = Xiziha/n [10]

5.5. Context Attention Layer

The contributions to the portrayal of the essential to the sentence interpretation are not distributed evenly throughout the works. To
represent the phrase, we use the Attention mechanism approach to determine the most dominating characteristic vector of words. A sentence vector
is created using the representation of those informative words [50].

u; = tanh(W,, h;y + by,) [11]
. exp(u;’;uw)

it = S rexp(ug) 'S

Si = Xt Kyt hyg [13]

The term annotation h is supplied constantly via a single tier MLP to produce ui, which is a concealed representation of hi. Word level context
vector uy is used for determining significance of word resemblance of ui. This approach uses a softmax method to produce a normalized
significance weight. According to the weights, the sentence vector ait is computed utilizing a weighted amount of the word annotations. At elevated
description of set query, context vector uy is provided. "What is the informative term," for instance, may be the inquiry. This approach may be
found in almost all memory networks [51], [52]. During the training method, the word context vector uy is mistakenly introduced and jointly learnt.

5.6. Dropout Layer

In this suggested work, dropout is used to avoid the problem of overfitting. After the attention method, the dropout procedure is carried out
by assistance of a dropout layer, having 50% dropout degree. As an alternative to avoidable variables, this dropout level is used to focus on
distinguishing forthcoming variables [53].
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5.7. Dense Layer

A thick tier is made up of network layer neurons. The input from every level is collected in the dense layer, which is made up of neurons.
Weight matrix w, a bias vector b, and authorizations from proceeding level an are all elements for every dense layer. Eq. (14) represents the dense
layer.

y = (a(x.w) +b) [14]
In which a is signified as element-wise argument, w is signified as weights matrix and bias is signified as bias vector created from layer [54].

5.8. Softmax Layer

The Softmax layer represents output layer of every Neural Network (NN). Nature of input text and functionalities of hidden layer are
anticipated based on deep score. Sentiment polarity of reviews in cross domain [55] is predicted in the Softmax layer using the deep score. The
Softmax classifiers are given the review sentence illustration zs to imagine the probability distribution ¥, €RC of sentiment groups as indicated in
Eq (15).

95 = softmax(W;zs + by) [15]

In which c is signified as amount of sentiment groups, and allocated ¢ = 2. In this planned model, W, e B<**r and bs€RC is signified as weight
matrix and bias correspondingly.

6. Performance Evaluation

F-measure, Accuracy, Retention, and Efficiency are the quality measures used to assess outcomes. The True Positive (TP), False Positive
(FP), True Negative (TN), and False Negative (FN) values for provided classes are used for constructing these functioning measures.

True Positive (TP): These are the positive numbers that have been calculated accurately. Value of the real class is denoted as yes, and
value of the computed class is likewise displayed as yes, according to TP.

True Negatives (TN): These are the negative numbers that were computed accurately. The value of a genuine class is denoted as no, and
the value of a computed category is similarly displayed as no, according to TN.

False Positives (FP): Value of a genuine category is presented as no, whereas number of a computed category is presented as yes,
according to FP.

False Negatives (FN): Value of a genuine class is presented as yes, whereas result of a computed category is presented as no, according

to FN.
6.1. Precision
Itis called as proportion of precisely computed positive annotations to whole computed positive annotations. This is specified from Eq.16
Precision = TPT-:’FP [16]

6.2. Recall (Sensitivity)
It is called as proportion of precisely calculated positive annotations to every annotation in actual class. This is known as Sensitivity as
well. This is specified from Eq. [17]

TP
TP+FN

Recall = [17]

6.3. F1 Score
It is called as weighted mean of Accuracy and Recall. It is bench mark metric. Therefore, this score contemplates both False Positives
(FP) and False Negatives (FN) into relation. This is specified from Eq. 18

2x(Recall*Precision)

F1Score = [18]

(Recall+Precision)

6.4. Accuracy
It is called as utmost insightful functioning amount. This is described as proportion of precisely computed annotation to whole annotations.
This is specified from Eq. [19]

TP+TN

v 119l
TP+FP+FN+TN

Accuracy =
6.5 AUC
The Area Under the Curve (AUC) is brief of ROC curve which evaluates classifier's capability to discriminate among classes. As a consequence,
better classifier's AUC score is, better it is at differentiating amongst positive and negative categories.
AUC is among the most essential assessment measures for assessing a categorization model's performance. It is a metric for evaluating the
performance of a classification issue at various thresholds.
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7. Results
The experimental outcomes are revealed below in Tablel and Table 2. The Notation Dataset1->Dataset 2 represents that the model is trained on

Dataset1 and tested on Datset2.

Table 1 displays outcomes of proposed technique related to other method using CNN [45], with regards to AUC, Accuracy, and F1 score. The
CNN model is trained on both Amazon and Trip advisor (TA) to test on facebook or Twitter reviews. We trained our Deep learned model with
integrated pattern (DLMIBP) model on Amazon samples only and validated it on Facebook and Twitter. From the table below, we can see that
our technique outperforms other technique based on CNN model [45] in all the three cases in terms of AUC, Accuracy, and F1 Score.

Table 1: Comparison of overall functioning Performance among DLMIBP and CNN[45]

Cawe | AUC Acouraey Fl Seme
Traning dain | Testing ilasa
Atmazon— Faceboodi DLABP) 1% 2 )%
Amazon TA-~ Faceboak(CNN) 1% Kl %
Case 2 Auc Acourany F1 Scoce
Amadie - Trip AvborDEMIET) 2% b "I
Amain— Trip Adviss (CNN) B "6t o
Cawe U Aroaracy Fl Scmre
Amamn— Twitter DLMIRF 1% 5y, 6%
Amazen - TA— Twitter(CNN) 8% 6% oy

The proposed Deep learned model with integrated pattern (DLMIBP) model’s AUC is compared to the other method, CNN[45]. Our strategy
outperforms CNN with Amazon as source reviews and target as other social media reviews. Better results of AUC are observed . The difference
in AUC between the presented technique and CNN is shown in Figure 4.

AUC

Amazon [ TA=Twitter(CNN) mﬁﬁ%
Amazon-Twitter(DLMIBP) 71%
mAUC

Amazon-Trip Advisor(CNN) mﬂ%
Amazon-Trip Advisor(DLMIBP) B2%

Amazon,TA-»Facebook({CNN) B1%
Amazon-+Facebook(DLMIBR) 81%
T T T T T

0% 0% 40% 60%  80%  100%

Figure 4: Comparison of AUC among DLMIBP and CNNJ45].

The proposed DLMIBP model’s Accuracy is compared to the other method, CNN[45]. Our strategy outperforms CNN with Amazon as source
reviews and target as other social media reviews. Better results of Accuracy are observed. The difference in Accuracy between the presented

technique and CNN is shown in Figure 5.
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Accuracy

Hymazen (T3 TwitzCn) I ¢
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Ararn/TA-3TzcebookiNN) I G 1

Amzeon->FaccbocdDUNER] I 3
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Figure 5: Comparison of Accuracy among DLMIBP technique and CNN[45]

The proposed DLMIBP model’s F1_Score is compared to the other method, CNN[45]. Our strategy outperforms CNN with Amazon as source
reviews and target as other social media reviews. Better results of F1_Score are observed. The difference in F1_Score between the presented
technique and CNN is shown in Figure 6.

F1 Score

Amazon [ T23Twded () I 0%
Amzzon—TwmzrDUMIEP] I 555

BF1Score
Anazon-¥Trip AdvisoriCheY) I ¢

‘mz2onTrip Advisor{DUMiAP) I 73

Amzeon/TA-FacebockiCn) I 2%
Amacon-3Tacebook{DLVNIEe) I 755

Gk % 2® 3% 4% S® 6%k W% B%

Figure 6: Comparison of F1 Score among DLMIBP technique and CNN.

Table 2 displays outcomes of DLMIBP in comparison to another technique, CNN [45], in terms of AUC, Accuracy, and F1 score. Here, The CNN
model is trained on both Amazon and Trip advisor reviews to test on facebook and Twitter reviews. We trained our model on Trip advisor samples

only and validated it on Facebook and Twitter reviews. From the table 2, we understand that our technique outdoes former system CNN[45] with
regards to AUC, Accuracy, and F1 Score in case 3.

Table 2: Comparison of overall functioning performance among DLMIBP and CNN[45]

Case | AUC Areuracy FI Scare
Tinining data | Testing data
Tripadvisor —Amazon (DLMIBF) Bl% 6% "I
Tripadisor —Amazon (CNN) BI% 7% "8
Case? ALIC Accuracy FI Score
Tripadvisor — Facebook{DLMIBFP) B . 1%
Tripadiisor Amazon -+ Facebook(CNN) 81% Bl "%
Cuse 3 AUC Accuracy F1 Score
Trigadviser — Twitter(DLMIBF) Ty 2% 62"
Trigadviser Amavea=> Tuiller(CNN) 08 s 6%
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The proposed DLMIBP model’s AUC is compared to the other method, CNN[45]. Our strategy outperforms CNN with Tripadvisor as source
reviews and target as other social media reviews. Better results of AUC are observed . The difference in AUC between the presented technique
and CNN is shown in Figure 7.

AUC

Tripadvisor/Amaton->Twitter[CNN| IRRIEEEEEEGE——_————_ 2%
Tripadvisor> Twitter{DIMIEP)  IEEEGEG—_—_—————— 0%

Tripadvisor-> Facebook|CNN)  IRIEEEEEEN———— 51%
Tripadvisor— Facebook{DIMIEP) NN 2%  mAUC

Tripadvisor<>Amaron|CNN) T 21%
Tripadvisor Amazon{DLMEP) I 22%

0% 0% 3R S50 M W0

Figure 7: Comparison of AUC among DLMIBP technique and CNN[45]

The proposed DLMIBP model’s Accuracy is compared to the other method, CNN[45]. Our strategy outperforms CNN with Tripadvisor
as source reviews and target as Twitter and Amazon. The difference in Accuracy between the presented technique and CNN is shown in Figure 8.

Accuracy

Trpadvisor/Amazan-Twitter{CNN)
Tripadyisor=->Twitter|DLMIBP)

61%
62%

Tripadvisor/Amazon->Facebouk(CNN) 81%

Inpadvisor—= Facebaok(DLMIBP) ]
Tripadvisor->Amazon(CNN| 5%
Tripadvisor->Amazon(DLMIBP) 76%

10% 20% 30% 40% 50% 6O% YO% 80% 50%
o Accuracy

Figure 8: Comparison of Accuracy among DLMIBP technique and CNN[45]

The proposed DLMIBP model’s F1_Score is compared to the other method, CNN[45]. Our strategy outperforms CNN with Tripadvisor as source
reviews and target as other social media reviews. Better results of F1_Score are observed with one exception on target Amazon reviews. The
difference in F1_Score between the presented technique and CNN is shown in Figure 9.

F1_score

Tripadvisor/Amaton-Twitter{CNN| SE—— 0%
Tripadvisor->Twitter[DIMIEP) FEEEEE———

Tripadvisor/AmaroaFacebook{CNN) 7%
Trigadvisor = Facebook [ DUMIBR) %

Tripadvisor2Amazon|{CNN) I 78
Tripadviscr->Amazon[DLMIEP) SEEEEEEEEEREE———— 7Y,

10% 20% 30% a0 5% &R OM BDN SO%

N F1_score

Figure 9: Comparison of F1_Score among DLMIBP technique and CNN[45]

8. Conclusion and Discussion

In this study, we conducted an investigation into a unique approach for cross-source cross-domain sentiment analysis. Our objective was to
efficiently categorize sentiment for different components, such as restaurants, hotels, books, and music available on various platforms. To achieve
this, we developed a sentiment classifier using labeled Web sources like Amazon or Tripadvisor, and then adapted the model to predict sentiment
of reviews in unlabeled social media feedback from platforms like Facebook and Twitter. The proposed model, called DLMIBP, incorporates
Bidirectional Long-Short Term Memory (Bi-LSTM), Bi-Gated Recurrent Unit (GRU), and Convolutional Neural Network (CNN) with a three-
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phase embedding architecture and attention network. This approach eliminates the need to create separate sentiment models for each data source
and simplifies the categorization of unlabeled texts. Finally, we compared the performance of our DLMIBP model with CNN in terms of AUC,
Accuracy, and F1 Score, and observed that our technique outperformed CNN, particularly when trained on Amazon reviews.
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