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Abstract: Cross Domain Sentiment Analysis (CDSA) is a method that uses rich and quality-labeled source domain
data to identify the sentiments of poorly or without labeled target data. In the past decade, ample research studies
have focused on this topic to solve and propose efficient CDSA methods. However, an extensive investigation of
these past studies is required to find a window of improvement. The main aim of the study is to figure out
considerable developments, methodologies, and SOTA techniques in the recent past. This research study presents
a systematic literature review to analyze the CDSA studies published from 2017 to 2023. The authors have selected
34 articles overall and categorized them into seven different CSDA techniques. The extensive analysis of these
studies’ results (in the form of graphs and tables) into different parameters that impact the performance of the
CDSA. The survey finds out that major research studies tried to create a relationship between pivots and non-pivots
to gain accuracy. This paper presents a synthesized review of CDSA and explores the current methods and potential
future directions. It also addresses the challenges and opportunities presented by these emerging trends and their
significance for researchers and practitioners in the CDSA field.
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1. Introduction

Textual data has become ubiquitous on the internet and provides numerous opportunities for analysis
and interpretation. With 5.18 billion people using the internet in 20231, we can expect this number to soar
to 6 billion by 20282. Humans increasingly rely on social media and the internet as a primary means of
connecting with the outside world. People trust online posts, reviews, and tweets for information sharing
and accepting the truth behind them.

An ever-increasing amount of data is being generated on the web servers daily, with users generating
approximately 402.74 million TB daily®. However, this raw user-generated data only becomes valuable
when processed to gain actionable information for decision-making. Data Mining and text modeling are
gaining success in using digital data in many knowledge engineering areas like classification, clustering,
machine translation, entity relationship extraction, prediction [1], and social media analytics. These studies
were conducted to extract useful information from blogs, user reviews, posts, and news on social media.

1 https://www.broadbandsearch.net/blog/internet-statistics

2 https://www.statista.com/statistics/278414/number-of-worldwide-social-network-users

3 https://www.explodingtopics.com/blog/data-generated-per-day
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This information is heavily utilized by people and institutions for decision-making. The classification task
is considered a significant role player in artificial intelligence research, whether by capturing image features
[2] or linguistic features
Sentiment analysis (SA) evaluates the emotions or opinions conveyed in the product reviews to classify

them as like or dislike or as positive or negative. SA captures the underlying tone behind the reviews [3, 4].
Natural Language Processing (NLP) offers a statistical approach to SA using Machine Learning (ML). The
performance of SA approaches relies on higher occurrences of Labeled Data (LDa) within the same domain.
For instance, a SA classifier trained on the camera domain will give accurate results if future reviews come
only from the camera domain. The classifier built for the Book domain may not provide good results for the
baby product domain because the same word and expression may have different polarities in variant
domains. It can be seen from below example:

a) Baby product domain - It is easy for her to hold. - Positive polarity.

b) Book review domain - The conclusion of this book is easy to predict. - Negative polarity.

The word easy conveys different polarity in different domains [5]. This problem is caused by the
variation in the data distribution and feature space across cross-domains, called domain shift or domain gap.
When there is a variation in the data distribution, the SA model has to be built from scratch with a new
collection of LDa. However, capturing, annotating, computing, and modeling this data repeatedly for
different domains involves huge costs. The challenge is to exploit the great volume of the existing LDa
across domains, identify the polarity of the Unlabeled Data (ULDa), and treat the situation of domain shift.
In the last decade, the dominance of literature has aided in addressing the domain shift issue through domain
adaptation. This whole process is comprehended as Cross Domain Sentiment Analysis (CDSA).

Domain

Independent
Domain Features/
Adaptation Invariant
Features/ Pivots

Terminology of
CDsA

Domain Spedfic
Lexdcon Features/ Mon
Pivots

Feature
Angmentation/
Expansion

Figure 1. Terminology used in CDSA

2. Important Terminology

The basic terminology used in the research paper is mentioned in Figure 1 and described below:
¢ Domain: Domain is a collection of data having similar characteristics. For example, the camera,
baby product, and electronics domain.
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¢ Domain-Independent Features/ Domain-Shared Features / Common Features/ Invariant
Features/ Pivots: These features occur frequently and carry the same sentiment polarity in all
domains. For example, “good”, “fast” and “low”.

¢ Domain-Dependent Features/ Domain-Specific Features/ Non-Pivots: These features convey
emotions within a specific field. For example, “soft” is a characteristic of fabric.

¢ Domain Adaptation: This knowledge learning and transferring approach uses LDa present in
one domain, namely source domain (SD), using or not some data from another domain, target
domain (TD), to annotate unlabeled instances in the target domain automatically.

e Feature Augmentation/Expansion: Some features are present in the SD but absent in TD.
Feature augmentation is the method of expanding the feature space by adding more related
features to it.

e Lexicon: Lexicon is a list of words carrying emotions behind them: positive, negative, neutral.

3. Research Questions

The research paper presents a comprehensive survey of research studies published on CDSA from 2017
to 2023. This survey employed baseline methods and aimed to uncover the insights that would answer the
following questions:

1)  RQ1: How does CDSA impacted by data distribution between SD and TD?

2)  RQ2: How does the performance of the CDSA varies with different techniques?

3)  RQ3: What are the most relevant parameters considered while performing CDSA?

4)  RQ4: Which newly developed methods have been proven to become the baseline methods for
comparing CDSA results in the future?

The exploration of the above research questions is crucial for improving the performance and accuracy
of CDSA functionality in further research endeavors.

4. Literature Work

CDSA is a prominent topic in the research community in the realm of ML, NLP, image processing, and
Data mining. This research paper explores the existing review articles to understand how other authors
analyzed the recently developed approaches with the aim of enriching the CDSA, as explained below and
depicted in Table 1.

Table 1. Existing review articles of CDSA

Author | Year No. Of Papers Studied in Detail | Duration No. Of Approaches Mentioned for CDSA
[6] 2017 28 2010-2016 12

[6] 2017 32 2007-2017 | 7

[7] 2018 6 3

[8] 2019 28 11

[9] 2020 11 2010-2019 10

A survey [10] is mentioned that studied 28 research articles about CDSA, classified various techniques
used in literature into 12 types, and discussed their advantages and disadvantages. Another review was
done [6] on 32 research articles in detail from 2007 to 2017, and CDSA approaches were analyzed in terms
of techniques used, dataset (DS) used, and accuracy measured. Apart from that, the author found that the
accuracy of CDSA lies between 50% and 85%. Three groups (SFA, SCL, JST) [7] are created for CDSA
techniques. Techniques used in the reviewed research paper lie in either of the groups. The main issues in
CDSA are 1) Sparsity, 2) Polysemy, 3) Feature Divergence, and 4) Polarity Divergence [8]. The author
summarized that the performance of the CDSA approaches relies on the LDa in the SD. The author
highlights that apart from the problems mentioned above in CDSA approaches, a few more factors need to
be taken care of to gain the performance: linguistic diversities, cultural variations, and availability of real-
world data sets from different industries. It has been found [9] that SFA is a considerable State-Of-The-Art
(SOTA) methodology.
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These review articles lack answers to the research questions mentioned in the above section. Non-clarity
on the answers from the existing literature reviews on the CDSA led us to perform this literature work,
which is different from earlier work regarding systematic review methodology, analysis, findings, and
comparison with SOTA methods. The novelties of this literature review are mentioned:

1. The PRISMA 2020 [11] methodology is used for the first time to perform the systematic
literature review on CDSA.

2. This is the first study to determine the variation in accuracy of different established techniques
for CDSA.

This study is the first to analyze the validation process from the selected studies to get the most
favorable conditions so that the best accuracy can be achieved in future research.

5. Review Process

The survey process started with searching databases and digital libraries such as ScienceDirect,
SpringerLink, and IEEE Xplore.

5.1. Search Criteria

Taking in mind the research questions, the search process started with keywords related to the CDSA,
such as “sentiment”, “cross domain”, “opinion mining”, and their synonyms. Since the CDSA is relatively
a new area of research, these keywords provide so many irrelevant studies. So, the search is refined many
times to increase the possibility of capturing the most relevant articles. We used queries to search for all

relevant studies related to the CDSA from the years 2017 to 2023. The search queries are shown in Figure 2.

ScienceDirect SpringerLink IEEE Xplore

((sentiment OR opinion) ((sentiment OR opinion) (("All Metadata": sentiment
AND ("cross domain” OR AND ("cross domain" OR OR "All Metadata":
"domain adaptation" OR "domain adaptation” OR opinion) AND ("All

"multi domain")) "multi domain")) Metadata": "cross domain"

OR "All Metadata":
"domain adaptation" OR
"All Metadata":"multi

domain"))

Articles

related to
CDSA

Figure 2. Digital libraries and databases with search queries.
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5.2. Review Methodology

The methodology used for systemic review is the PRISMA 2020 model [11] because this model ensures
a transparent and full systematic review with meta-analysis. This research is the first time studying the
existing literature on CDSA by following the PRISMA 2020 model, as mentioned in Figure 3.

Identification of new studies via databases

Identification of new studies via other .

and registers methods
Records
Records removed before
identified from™ seeTing
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Databases i
Hasss Duplicate identified from:
Springerlink s removed
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g Sciencd}uect asindigibleby =)
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(n=103) searching (n=23)
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Total: 459 removed for
other reasans (n
=)
Rerords Records
soraenad (ttle | ecduded™ (=
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459)
J. h 4
A
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E forretievd (I |—p Re]:rcu't;‘td:_ - sought for l—w| refrieved
; 93) retievad (n=7) refrieval (n=0)
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Reports assessad Reports Reports Reports
for | exdudsd: Not assessal for - exduded: Not
eligibility(re=86) Relevant (n = 64) ligibility Rdevant (n=
(n=12) 16)
1 |
v
E Studies include in review (n= 34)
=
E Reports indude in review (n=34)

Figure 3. PRISMA 2020 flow diagram for CDSA

5.3. Inclusion and Exclusion Criteria

Some sets of rules are taken into account to include only relevant articles and exclude irrelevant studies
from the collection of papers captured from digital libraries and databases. These set of rules, as mentioned
in Table 2, will help this study to aligned the papers to fulfill the research objectives.

Table 2. Inclusion and Exclusion Criteria

S.No. | Inclusion Criteria Exclusion Criteria

1 Date ranges from 2017-2023 | Articles that don’t focus on CDSA.

2 Reputed journals Lacks in providing results for proposed method.
3 Reputed conference Lacks in achieving the mentioned objectives

4 English language articles Lacks in evaluating performance measures.

The inclusion criteria for this systematic literature review started from the year ranging from 2017 to
2023. Following the inclusion criteria of dates, only those articles that are part of reputed journals and
conference proceedings (indexed in SCOPUS, Web of Science, DOA]J, etc.) are included. All the articles are
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relevant to CDSA only. The exclusion criterion started by going through first the title, abstract, and finally,
the full text of each research paper by excluding those not focusing on the CDSA.
6. Extraction and Analysis of Research Studies

A total of 34 papers were chosen for an extensive review, as mentioned in Table 3. The table includes
the methodology, validation, and limitations of the recent year’s literature.
7. Different techniques of CDSA

The techniques identified after studying the 34 research papers are classified into seven groups,
explained below and mentioned in Figure 4.

TRAINIG BASED

!

LEXICON BASED

!

R2, R7,
R12, R4, R9, R3,
R19, RS, R18 R5,
R28 R16 R16 R33
FEATURE STRUCTURED INSTANCE
CAPSULE
ALIGNMENT CORRESPONDENCE AETWORK BASED REWEIGHTING
BASED LEARNING BASED BASED
[ TECHNIQUES FOR CDSA J
ADVERSARIAL THESAURUS/ DEEP TRANSFER

LEARNING BASED

e

R1, R10, R14,
R6, R21, R15,
R13, R23, R22,
R17, R29, R24,
R20, R31 R26,
R25, R27,
R34 R30,

R32

Figure 4. Techniques for CDSA

7.1. Feature Alignment-Based Approaches

The SFA approach was introduced by Pan, Ni, Sun, Yang and Chen [12] to rectify the cross-domain
problem in the SA field. The space between both domains was reduced utilizing the Bipartite Graph (BG)
and Domain-Independent Features (DIF) while creating clusters of the Domain-Specific Features (DSF) and
DIF with the help of a co-occurrence matrix. The SFA algorithm consists of four major components: 1) DIF
selection, 2) BG Construction, 3) Spectral Feature Clustering, and 4) Feature Augmentation. The SFA was
extended by Jia et al. [13] through learning in-direct mapping rules, which were present in DIF and DSF
features with the help of a graph-based Apriori algorithm [14]. The author used the graph to get the indirect
mappings of DSF in both domains by taking the help of DIF. These mapping rules have improved the
performance of CDSA with a rich feature set to get better accuracy than baseline SFA. Later, a necessary
extension of SFA was again attempted [15], for feature extraction along with merging the synonyms and
processing the negation words to capture the DIF. TD specific features were captured using BG and proved
to have better accuracy than SFA.

On the other hand, the CrossWord algorithm [16] was suggested, where the main idea was to use the
stochastic neighbor embedding method [17] and overcome the spectral approaches where embedding space
didn’t hold desired information accurately because those methods preserved neighbor features poorly. The
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authors extracted pivots and non-pivots, the most repeatedly co-occurring features in the same domain.

Pivots were selected by pivot polarity graph, whereas non-pivots were selected by co-occurrence BG.
Stochastic word graph preservation extracts the semantic information of words and creates alignment
between the SD and TD. The authors used a stochastic neighbor embedding technique to preserve similarity
structures and a mapping function was used to reduce the algorithm bias with single-layer NN.

Table 3. Methodology, validation and limitation of selected research studies

Research | Proposed Technique Key

Paper Method Validation
Limitation

[18] Adversarial | The method was created to automatically extract pivots. This model contains four | R1
Memory components: word attention, sentiment classifier (SC), domain classifier (DC), and regularizer.
Network The joint learning model shares parameters and visualizes the quality features extracted from
(AMN) both domains.

The method was validated on 12 cross-domain pairs of Amazon review DS [19] and achieved
an average accuracy of 87.21%. Another variant called AMN-NA depends on the LDa in the
SD.

Lacks in considering non-pivots as they also contain important information.

[20] AE-SCL-SR The author has extended SCL incorporation with Neural Networks (NN), an unsupervised | R2
DA, and exploits the power of autoencoder for pivot extraction in CDSA. The author has
created two versions of this method: 1) First model autoencoders, and 2) The second model
integrates the first method with Similarity Regularization.

The results were tested on ARD and proved that AE-SCL-SR gives better accuracy for the
generalization of CDSA.

It avoids structure-aware classification and generates only one representation vector for each
input.

[21] Prediction A novel technique minimized the gap between the SD and TD by a reweighting strategy based | R3
Reweighting | on convex optimization techniques [22] and signed distances to increase the adaptability of
approach for | the classifier.

Domain It has been validated that the geometry structure and point-wise reweighting scheme make
Adaptation the method more adaptable.
(PRDA)

[23] Significant The new method captured the SCP as transferable knowledge from across domains using the | R4
Consistent Chi-square test and cosine similarity so that baseline SCL methods can be improved. A cross-
Polarity domain SC was built, trained on SCP words in the labeled SD, and injected into unlabeled TD
(SCP) to improve the CDSA.

The results proved that the gold standard SCP words do the CDSA more accurately than the
other standard SCL algorithms and provided 85.75 % accuracy.
Pivots are selected manually.

[24] Domain The author has proposed cutoff and fillup strategies combining DSF with domain-in-variant | R5
Specific features to enhance the power of homogeneous feature space and make the CDSA
Feature incomparable without using auxiliary information. The method utilized Maximum Mean
Transfer Discrepancy so that the distribution gap in both domains can be reduced and DIF can be
(DSET) mapped with DSF.

The results validated that DSFT gave a good accuracy of 80.47% and proved that conversion
of heterogeneous DA into homogeneous DA increased the accuracy of the CDSA task.
Covariate shift exists due to using the original feature span to process the DIF.

[25] Hierarchical | The HATN is a higher variant of AMN and captures the pivots via P-net and non-pivots via | R6
Attention NP-net automatically. The HATN training process learns essential information in two modes:
Transfer individual attention learning and joint attention learning.

Network The method is validated on the real-world DS and proved that the pivots and non-pivots are
(HATN crucial for CDSA. This method pays attention to those sentences that contain non-pivot
features and raises the accuracy level.
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Hierarchical positional encoding has increased the complexity, and the contextual meaning of

the sentence is ignored.

[26] Transferring | The author used a capsule network for the first time to solve the CDSA task. This method | R7
Capabilities | compressed the capsule to make the routing faster.
of Capsule The ablation study is conducted with some baseline methods, and it is proved that the
network performance of the capsule network improved by using three strategies: leaky softmax as
(TL- Activation Function (AF), orphan category, and coefficients amendment strategies for the
Capsule) CDSA task.

Lacks in capturing latent features of documents.

[27] Pivot Based | Anew model was created to increase the accuracy of CDSA by taking care of 1) NN modelling, | R8
Language 2) Pivot-based modeling, and 3) Structure awareness of the task classifier.
Model Two variants of PBLM were experimented on two DS, and the performance of pivot-based
(PBLM) models with integration with NN was significantly improved. The results showed that PBLM

gave better accuracy when there was a larger difference in domain and data distribution.

Selects numerous pivots, which made the model complex and not robust enough to be applied

to various domains since hyper parameter and tuning were biased.

[28] Capsule The author has devised this method for exploiting the part-whole relationships with DIF to fill | R9
network the gap in both domains. The Base network and Rule network are two significant parts of this
with the method. The base network handles pivot selection, whereas semantic rules are incorporated
Domain with the rule networks.
Adaptation The experimental results showed the approach preserves the intrinsic correlation in the
scenario sentence and fills the gap between the domains with weight initialization and sentence
with structure.
semantic The model is complicated due to iterative routing with poor generalization and visualization.
Rules
(CapsuleDA
R)

[29] Lexicon- A lexicon-based method was created that uses SentiWordNet to extract the polarity of features | R10
based and map by using LDa from both the domains and ULDa from the TD. Stanford POS tagging
Method was used with a maximum entropy classifier to solve the CDSA task.

The experimental results showed higher accuracy than the baseline methods where book,
camera, and movie domains consist of common features and words that are granularized.
Results have also shown that using BGs to create clusters has reduced the difference between

non-pivots in different domains.

External resources add complications.
[30] SRI The author proposed a method that utilized the Sentiment Related Index (SRI) to fill the space | R11
between DIF and DSF. The method uses UDa from the TD to power up the unbiasedness of
the task.

The method is validated on two DS and achieved the highest accuracy compared to all other
baseline methods, which are biased towards the infrequent feature while considering the

shorter text.

Multiple SDs are required to achieve a good performance.

[13] Words The algorithm was constructed to reduce the distribution by using cross-domains to create a | R12
Alignment relationship between DIF with the help of extracted mappings between DIF and DSE.
Based on The validation proved that using the Apriori algorithm [14] improved the effectiveness of the
Association | suggested method as compared to baseline methods.
Rules Lacks in dealing with diversified sentiment orientation in pivots.
(WAAR)

[31] CCHAN CCHAN was created with the combination of a cloze task network (CTN) and Convolution | R13

hierarchical attention networks (CHAN) based on two staged attention mechanisms. CTN was
used to extract features, and CHAN classified ULDa of the SD.

The author created twenty pairs for validation of the method, which improved the test results

of existing attention-based CDSA methods. It has been reported that this model can be allied

to other domains easily since it doesn’t require labeled pivots.
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Sentiment factors are ignored for extracted features.

[32] CNN_FT The author has created an inductive transfer learning approach using the multi-convolution | R14
layers called CNN_FT. The five-layered network structure was the same for both domains,
where weights were shared at the convolution layer to transfer the features from the SD to TD
using a few LDa from the TD. A drop out layer [33] was added to avoid the overfitting
problem, and a maximum pooling layer was introduced so that essential features could be
extracted and transferred.

The method was tested on the famous Amazon DS with supervised ML methods (SVM, NB,
and LR) and DANN and proved that CNN_FT gave better results since it did not require

manual pivot selection in any case. Another advantage of performance improvement was fine-

tuning with the small amount of the labeled TD to reduce the gaps between domains.

It is not emphasized that extracting attentive semantic features and context of the text is

important.
[34] Mutltihead A new framework was proposed based on a pertained architecture to solve CDSA tasks | R15
attention without a huge amount of LDa using transformers (BERT and XLNet). Multihead attention
method was used to learn the features that occurred in more than one place. BERT and XLNet are fine-

tuned on LDa from the SD and used to identify the class of the ULDa in the TD.
The results were compared with alternative methods like AMN, HATN, and HANP. It has
been found that the BERT and XLNet outperform the SOTA techniques. It was also found that

XLNet performed better than BERT in capturing context information.

XLNet is more data-hungry.

[35] Task The method was created as an extension to PBLM to make the representation learning more | R16
Refinement robust by clustering the pivots according to the information they contain. The proposed model
Learning predicts the clusters instead of pivots iteratively. The gradual training process of this network
(TRL) gave smoother convergence so that the input sequence structure could be exploited in a more

satisfactory way.

TRL was tested on the Amazon review DS, and validated that the method improved the
performance of the representation learning with NN by preserving the information in the

cluster of pivots.

Two stages are involved in accomplishing the task, which works independently and makes

architecture more complex.

[36] Hierarchical | The proposed study has incorporated the dis-pivot selection to the attention network with | R17
Attention CNN to improve the performance of CDSA. A hierarchical layer with the attention technique
Network has been incorporated to identify the essential words and sentences so that pivots and non-
with Prior pivots are extracted at the same time. A Dictionary-based approach (Sentiwordnet 3.0) [37] is
knowledge used to inject prior knowledge into the NN to increase the accuracy level.

information | The model was tested on 20 pairs of Amazon review DS, and prior knowledge positively
(HANP) impacted the CDSA task. The author analysed the accuracy of the CDSA as directly
proportional to the count of pivots, non-pivots, and dis-pivots. It has been concluded that
HANP has effectively differentiated the polarity of the same feature.

Lacks while considering the necessary domain knowledge.

[38] Capsule A new method exploited the part-whole relationship in learning the DSE. The SCP words were | R18
network used to identify those features, and the model bridged the gap between the SD and TD to make
method with | the CDSA more accurate.

Identifying The results showed that CITK improved the model’s efficiency even when highly noisy data
Transferable | was present in the DS. The author also concluded that highly compatible domains were the

Knowledge kitchen and the electronics domain.

(CITK) Negative transfer is ignored.

[16] CrossWord The author has boosted the potential of embedding techniques using similarity relationships | R19
between the DIF and DSF employing the stochastic neighbor embedding [17] method to
preserve the polarity information accurately. The author has focused on the design complexity
and explored the simpler mapping method to reduce the computational cost as well as

preserve a similar structure accurately.
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Tested on Amazon review database and 12 pairs of cross-domain. Results proved that the
stochastic embedding method was superior to spectral embedding methods.

Neighborhood contains shorter area of feature.

[39] Wasserstein | A new method was constructed based on the Wasserstein Distance (WD) for CDSA. The | R20
based attention layer captured the essential features to fill the gap between both domains. The author
Transfer has extracted semantic knowledge from the text using BERT, whereas, feature extraction was
Network done via Gated Recurrent Units (GRU). WD distance was used to reduce the domain
(WTN). discrepancy and extract pivots.

Results were tested on 12 pairs of Amazon review DS and gave 91 % accuracy. It was also
proved that NN based and memory-based systems have improved the performance of CDSA
when compared to SOTA methods.

Study lacks in exploiting DSF.

[40] BCP The author proposed Bidirectional Conditional Probability (BCP) to measure the unbalanced | R21
cooccurred features and create the sentiment-sensitive thesaurus. The author has done a
comparative study of PMI, PMIsquare, Gmeans, and EMI.

Results showed that BCP outperformed other methods, and SVM gave better results than NB.
The method was experimented with seven pairs from SD to TD.
Negative transfer and noisy lexical elements can be added while feature expansion.

[41] Attention A novel method was an improvement of CNN_FT, combined CNN, BiLSTM, and attention | R22
Network mechanism to extract essential information: 1) local semantic features and 2) contextual
based on semantic relationships to provide good quality feature extraction and reduce negative transfer
Feature to improve CDSA task.

Sequences The viability of the method says CDSA performance is improved if the model transfers the
(ANES) network (parameter shared) trained by the SD to the TD and fine-tune it with little labeled TD.
Results are improved when TD contains 2.5 % LDa.

[42] DIL Domain Independent Lexicon (DIL) was constructed, which used sentiment lexicon for | R23
computation of sentence polarity of unlabeled samples in the TD with the help of the
multilayer perceptron model. Bing Liu’s sentiment lexicon [43], SentiWordNet2 [37] ,and
MPQA [44] were used to construct DIL.

This method proved that taking different vocabularies for a general sentiment lexicon gave
better results than taking a single lexicon-based dictionary.
Ample training time is required due to the extensive training corpus to achieve accuracy.

[45] Deep The DTLM was introduced to better utilize unlabeled data in the TD and improve the CDSA | R24
Transfer using BERT and Kullback-Leibler (KL) divergence. Unlabeled samples from the TD were
Learning processed via 1) entropy minimization, 2) KL divergence, and 3) consistency regularization to
Mechanism adjust the weights in both domains to capture the domain-invariant features.

(DTLM) Two DS were used, and performance was tested by analyzing the F-macro and accuracy to
verify the viability of the suggested method. It was concluded that KL divergence can
effectively map the various features into a unified embedding space to capture the pivots.
Lacks in handling diversified expressions.

[46] Graph An unsupervised CDSA method was developed to classify sentiments and domains via | R25
Domain unsupervised learning to lower the data distribution in SD and TD. DC uses the gradient-
Adversarial based backpropagation mechanism to extract the DIF, while SC uses a projection mechanism
Transfer to identify the DSF.

Network Results proved that differences between the domains were reduced with adversarial learning

(GDATN and complex relationships between words were extracted with the graph-based model.

A bidirectional mechanism alone was not sufficient to achieve good performance.

[47] Parameter The method is related to HATN, where a Hierarchical Attention Network (HAN) was | R26
Transferring | introduced for attention sharing and feature extraction at both levels, word and sentence, to
and improve the task of CDSA.

Attention It was validated that word-level parameter sharing gave cutting-edge results compared to

Sharing sentence-level parameter sharing after testing on 12 pairs of Amazon review DS.

Mechanism | Lacks in generalization for CDSA.

(PTASM)
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[48] Sentiment- A network was constructed to share emotions from pivots and non-pivots. Prior knowledge | R27
Sensitive was utilized from the sentiment dictionary. Two networks were created to fetch pivots and
Network non-pivots with joint attention learning and interpretable information for emotion transfer
Model between both domains. Feature extraction was done with a Bidirectional Gated Recurrent Unit
(SSNM) (BiGRU) while empowering the linguistic details and reducing the domain discrepancy with
WD.
Two variants of SSNM (GloVe and BERT) were tested on 20 pairs of Amazon review DS and
achieved remarkable compared to comparison to SOTA methods. The author investigated that
WD gave better results than GRL.
The performance relies on the frequency of sentiment features in the dictionary.
[15] Cross- A novel method was suggested to identify semantic and syntactic properties to capture similar | R28
Domain words from both domains. The feature extraction technique replaced negative polarity words
Sentiment with antonyms to improve the mapping mechanism and enhance the DA. BG reduced the gap
Analysis by | between data distributions in both domains.
Refining The findings proved that the feature-opinion pair resolves the vocabulary mismatch problem
Feature and improves the quality of CDSA in comparison to SCL and SFA.
Extraction Lacks in revealing the relationship between domain invariant and DSF.
(CDSAREFE)
[49] ELMO A transfer learning method based on ELMO was developed, which provides accessible plug- | R29
and-play parameters to solve CDSA effectively.
The method was tested on Twitter DS and proved that ELMO can be integrated with NN to
achieve better accuracy.
Lacks in generalization.
[50] Structure A word embedding was devised to use the relationships in pivots by obtaining the domain | R30
Consistent structure using the semantic graph and co-occurred DSF. The author has used the Laplacian
Cross- Eigenmaps [51] to maintain consistency in domain structure while performing DA.
domain Results proved that this method effectively propagates the semantic information from SD to
word TD while preserving the domain structure when compared to the SOTA methods.
Embedding | Task-oriented domain structure is not captured.
(SCE)
[52] Dual Word A novel word embedding method was proposed using the BERT semantic channel and | R31
Embedding | word2vec syntactic channel, which captured semantic and syntactic information textCNN and
(DWE) graph attention mechanism. Sentiment classification loss was computed using a cross-entropy
function with a SC.
The method was tested on Amazon review DS, and it proved that using DWE retains the part
of the information that was lost using single-word embedding.
Applying channels makes the method more complex.
[53] Graph A new method was proposed to extract major linguistic features from the LDa: 1) textual and | R32
Adaptive 2) graph adaptive semantics. The model employs two modules: a) POS Transformer is used to
Semantic encode the features, and 3) Hybrid Graph Attention (HGAT) is used to weigh the feature and
Transfer learn the syntactic relations of the sentence. Domain discriminator uses softmax function to
(GAST) classify the sentiments.
GAST was tested and proved more effective in transferring the features from SD to TD than
other baseline methods.
Performance degrades when more heads are stacked.
[54] The author has introduced a novel CDSA method that relies on reducing the impact of domain | R33
shift by increasing the interclass margin with the help of the Gaussian Mixture Model (GMM).
The boundaries of different classes are increased to get rid of misclassification. This method
has used tf-idf and BERT as feature extractors.
The results were promising when margins between classes were increased compared to SOTA
methods.
An initial large gap in between different domains can misalign some classes.
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[54] Feature FPMA lowered the impact of negative transfer in CDSA by employing two feature extractors | R34
Projection and one domain discriminator. The power of feature representation is improved by capturing
and Multi- the DSF using an adversarial network and then optimizing with orthogonal projection.
source The method was tested and proved to be improved over the baseline method by targeting
Attention multiple TDs at one time, which benefits IOT researchers by providing more effectiveness.
(FPMA) Data-hungry algorithm.

7.2. Structured Correspondence Learning (SCL) Based Approaches

The Structured Correspondence Learning algorithm was created [56] to handle the CDSA situation
with supervised learning. This method works in 4 steps: 1) Pivot features are identified from the ULDa from
the SD and TD. 2) Pivot predictors are created with each pivot to identify correlated non-pivot with a high
degree of correspondence. 3) Feature vector augmentation is done by applying a mapping. 3) a standard
discriminative learner is used to train the SD so that it can perform well on the TD. The work was extended
[19] by selecting pivots with mutual information to train the classifier. SCL has been again extended by
Ziser and Richard [20] with incorporation with NN to exploit the power of autoencoder for pivot extraction
in CDSA. This method encodes the non-pivots into a hidden layer, and the decoder will give the correlated
pivots based on the decoding matrix. Two variants were created: 1) With autoencoder SCL (AE-SCL) and
2) Along with similarity regularization (AE-SCL-SR). AE-SCL-SR used pre-embedded pivots, where
similar-meaning pivots have the same vectors. Another variant of this model used pre-trained embeddings
for pivot features. The model was trained with word2vec [57] embeddings and representation learning
using ULDa from the SD and TD.

The current learning methods avoid structure-aware classification. This limitation was overcome in the
following year [27] with PBLM, an unsupervised DA method, where the structure of input text was taken
care of with a structure-aware classifier. Two variants of this method were created, PBLM-LSTM and PBLM-
CNN, and tested on two DS and outperformed on challenging DS (product to airline and airline to product),
where data distribution and domain discrepancy were larger than other setups. The results proved that the
PBLM improved the efficiency of pivot-based learning when the model was integrated with NN. The
performance of LSTM-based approaches relies on the hyperparameter tuning as well as the design of the
NN [58]. On the other hand, the extraction of features from ULDa from the SD and TD gives numerous
pivots, which tend to increase the complexity of the classifier and decrease the quality of CDSA. To solve
this problem, the author proposed Task Refinement Learning (TRL) [35], which iteratively trained the PBLM
model and progressively revealed more details about every pivot. The clusters of pivots were made, and
the classifier predicted those clusters iteratively by ranking them according to the information they
conveyed. The ranking of pivots was done using three methods: MI, Frequency and, Similar Frequencies.

Another attempt to improve the SCL was made by Sharma, Bhattacharyya, Dandapat [23], and Bhatt
[23] for the extraction of the Significant Consistent Polarity (SCP) features from both domains utilizing two
statistical methods. The first statistical method is the Chi-square test, used to extract SCP features, known
as gold standard words. The gold standard words are those words that were important in both the domains,
and polarity remains unchanged. The second statistical method is cosine similarity, with the help of which
the polarity of unlabeled occurrences in the TD is identified. Unlike the BG constructed in SCL, the author
used cosine similarity to identify pivots more effectively. Results proved that the SCP words used by this
approach were more accurately determined than the other SCL methods.

7.3. Thesaurus / Lexicon Based Approaches

This is another important technique for creating and using thesaurus to solve the CDSA. Bollegala,
Weir and Carroll [59] created Sentiment Sensitive Thesaurus (SST) for the features that exhibit the same
meaning in different domains and achieved better accuracy than SCL and SFA. SST was extended as ESST
[60] with the help of wiktionary.

But this early research was poorly performed when applied to short text and overcome by Wang, Niu,
Song and Atiquzzaman [30] with a method that was dedicated to short text based on the Sentiment Related
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Index (SRI) as shown in equation 1 and 2, which was calculated to lower the distribution gap between the
features from both domains. The authors used HowNet6 and NTUSD to get the general DIF set to extract

the DSF and classify the reviews in the TD.
1

SRI (S' t) - TweVdist(w,s,t) (1)
P(W|R¢ ) ,
dist (ws) =7 VIR 108 GRrR =G Ry W E Ve @
0 otherwise,

where, R is the product review set, R; and R; are reviews where DIF and candidate features are
presentin R. Vis the vocabulary set and V; ; is the features set that are presentin Rg U R;. The author used
word occurrence distribution to capture the SRI instead of word co-occurrence, like in PMI-based methods,
to improve performance when short text reviews exist.

A novel approach, BCP, was proposed [40], with the main objective of pointing out the most
informative and representative transferable features by generating thesaurus automatically. The co-
occurrence calculations of features were done with five methods, as shown in equations 3, 4, 5, 6, and 7,

respectively.
Pointwise Mutual Information PMI (x,y) = log Pfx()xl’jg) 3)
Pointwise Mutual Information Square (PMI?)= log% 4)
Gmean (x,y) = \/ff((;—}f’()y) (5)
Enhanced Mutual Information EMI (x,y) = log(P(x)_P(X;)(;(('};)(y)_lj(x'y)) (6)

PEY{P)+P(x)} (7)
)=P(x.y))(P(y—P(xy)))

where P(x) and P(y) are the probabilities of occurring features x and respectively, and P (x, y) is the
probability of co-occurring features x and y. The author introduced BCP to calculate the unsymmetrical co-
occurrence features, which outperformed the other four methods.

Bidirectional Conditional Probability BCP (%, y) ~tex

7.4. Instance Reweighting Based Approaches

These are another line of approaches to solving the DA problem where, the SD classifier could not be
directly used for predict of the polarity of the TD because of the difference in the data distribution. Li, Song
and Huan [21] proposed a method called the Prediction Reweighting approach for Domain Adaptation
(PRDA), where a domain separator was used to separate the data distribution of both domains. PRDA
calculates the signed distance of the TD instances to check its closeness from the domain separator and
reweights each instance based on its closeness. This closeness was also used as a confidence measure of
correct predictions of the TD instances with the SD classifier. Later on, Wei, Ke and Goh [24] tried to resolve
the domain discrepancy problem underlying the CDSA and proposed Domain Specific Feature Transfer
(DSFT). This method is implemented in two ways: 1) The “Cut-oft”, where the feature space is aligned with
the help of DIF only, and 2) The “Fill-Up” method utilizes DSF to enhance the common feature space to
extract the discriminative power of the DSF. The authors brought the two different domains closer by
reweighting shared features with the help of DSF sets. Along with checking the closeness of the two
domains with NDCG, the PRDA was validated, and accuracy was proved on the famous Amazon DS.

7.5. Adversarial Training-Based Approaches

An approach Domain Adversarial Neural Network (DANN) [61] was suggested as a semi-supervised
approach with improvement on marginalized Stacked Autoencoders (mSDA) [62] where a few data was
labeled in the TD. DANN is a feed-forward NN that can be applied to the TD by learning the mappings
between both domains, the gradient reversal layer used for backpropagation. DANN was built mainly of
three components: 1) Label Predictor, 2) DC, and 3) Feature Extractor. Li, Zhang, Wei, Wu and Yang [18]
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incorporated a memory network into DANN and proposed AMN, where an attention mechanism was used
to improve the automatic interpretability and extraction of pivots. The main aim of the attention mechanism
was to identify essential words for the SA. The AMN is a jointly trained model that contains four
components: 1) Word attention mechanism has been developed to capture the essential features
automatically, 2) SC classifies the documents in an unsupervised manner and minimizes the cross entropy
while predicting the sentiment label, 3) DC increases the model’s capacity to discriminate the SD and TD,
and 4) Regularization handles the overfitting in both classifiers. The whole model was jointly optimized by
backpropagation and focused on the word level attention.

AMN didn’t take care of DSF and was considered in the following year by Wei, Zhang and Yang [25].
The author developed a Hierarchical Attention Transfer Network (HATN) and extended the AMN to
automatically predict the DIF and DSF. The proposed method exploits the hierarchical structure of the
document. The significant parts of HATN involve two networks: 1) P-net and 2) NP-net. The former
network identifies pivots, which are domain-shared features, and the latter network identifies non-pivots,
which are DSF. HATN projects DSF into DIF space. The training process of HATN involves two phases: 1)
Individual Attention Learning enforces both networks to work separately, and 2) Joint Attention Learning
concatenates the data representation achieved by both networks for CDSA. The complexity of HATN was
higher due to the labeling of the pivots, which increases annotation errors. Manshu and Xuemin [31] solved
these complexities of HATN in a newly developed method, a combination of CTN and CHAN, abbreviated
as CCHAN. CTN extracted essential words according to occurrence and sentences in both domains using
two layered BiLSTM. CCHAN is a three-layered CNN network used to classify class labels. The authors
used an attention mechanism in two stages to identify important words and sentences. Both networks
jointly learn the information from the SD and TD to train and validate the model on TD. The result claimed
that CCHAN worked effectively when the author used a dictionary. The study has proved that hierarchical
structure was better than non-hierarchical models and extraction of n-gram feature lights positively on
CDSA.

Later, HANP [36][36] was introduced to improve the power of CDSA by incorporating dis-pivot
selection with pivots and non-pivots in the domains. The authors used three components to build this
model:1) Sentiment Dictionary Match (SDM), 2) CNN, and 3) The Hierarchical attention network. The
authors have injected prior knowledge into the NN. The sentimental information was captured by SDM
with the help of SentiWordNet3.0 [37], and contextual information was captured by CNN. SDM creates a
connection with the help of 1) features from TD - non-pivots, dis-pivots, and 2) features from the SD-pivots,
non-pivots. VDCNN [63] is famous for transfer learning, so the author used it in HANP. Du, He, Wang
and Zhang [39] constructed a new method based on WD for CDSA named Wasserstein-based Transfer
Network (WTN). WTN works in four modules: 1) Encoding unit based on BERT and word2vec. 2) Feature
extraction is done with a BiGRU to obtain important domain invariant features. 3) Domain discrepancy
learning unit checks the WD between distributions of the SD and TD. The lesser the distance, the more DIF
can be extracted. 4) The classification module classifies the TD data with joint learning capability. Results
proved that WTN improved the performance of CDSA significantly and is more stable.

Recently, Tang, Mi, Xue and Cao [46] developed GDATN, which works in an unsupervised manner.
GDATN has two parts: SC and DC. Both networks represent the features using BiLSTM and attention
network. The main idea of the authors behind GDATN was to find out the hidden and shared relationship
between the SD and TD to obtain better features from both domains. The gradient reversal layer was applied
to extract DIF features for domain classification. A projection mechanism was used to project the selected
features into the target feature space for better prediction.

7.6. Deep Transfer Learning-Based Approaches

DTL is an approach utilizing deep learning models where knowledge transfer is done from the labeled
SD to a few or unlabeled TD. It has been taken into account that NN has dominated the medical image
processing domain [60], but NN has also received similar importance in NLP. [64] Meng, Long, Yu, Zhao
and Liu [65] proposed a model transfer-based approach CNN_FT using CNN for better feature extraction
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with BOW and a skip-gram method to capture rich semantic knowledge for better CDSA. CNN_FT is a five-
layered method where LDa from the SD is utilized for model training purposes. After training, the weights
and parameters are shared with the TD model, which contains a structure similar to that of the SD. Then,
the TD model uses some labeled samples from TD, fine-tuned in the last layer using the stochastic
descendent method. CNN_FT suffers from incomplete feature extraction, which was solved by Meng, Dong,
Long and Zhao [41] while developing ANFS. The ANFS combines CNN, BiLSTM, and an attention
mechanism, which reduces negative transfer and provides good-quality feature extraction to improve
CDSA. In ANFS, CNN extracted local feature, BILSTM preserved long-term dependency, and the attention
mechanism captures the important words. The author’s study mentioned that ANFS is a six-layered
architecture, where two layers (BiLSTM and attention) are fine-tuned to get the updated information
extracted from the attention mechanism to improve the results for classification.

Recently, PTASM [47] was created, which is related to HATN in capturing word and sentence-level
information. The attention mechanism was incorporated into NN in PTASM. PTASM was based on
transferable NN, where SD and TD have similar network structures, and parameters are shared between
the networks. In ANFS, both the networks are five layered Hierarchical Attention Network (HAN) with
Gate Recurrent Units (GRU), discovering important features for sentiment classification. The authors
described in their study that ANFS is a model-parameter transfer network where a parameter-transferring
mechanism was introduced at word or sentence level between two domains. The performance of PTASM
mainly depends on two factors: 1) Parameter identification and 2) Parameter transfer strategy. PTASM gave
higher accuracy at world-level transfer than sentence-level transfer. After that, SSNM [48] was constructed
to transfer emotions across domains in the form of attention. The study mentioned that the features were
extracted with two novel methods: 1) KPE-net was used to fetch the DIF, and 2) NKPE-net was used to fetch
the DSF. A Bidirectional Gated Recurrent Unit (BiGRU) has been utilized to fetch features before classifying
sentiments. While developing SSNM, the authors constructed a WD-based domain confusion component
using pivots to shorten the distribution gap between both domains. Two variants of SSNM (GloVe and
BERT) were tested on Amazon review DS and achieved remarkable performance compared to SOTA
methods.

Later, a novel approach, the Deep Transfer Learning Mechanism (DTLM) [45], was proposed to exploit
the usage of ULDa from the TD and raise the performance of CDSA. The authors emphasized three main
factors of DTLM: BERT, KL divergence, entropy minimization, and consistency regularization. In DTLM,
BERT was used as a feature encoder to get emotional polarity between sentences. KL divergence was
utilized to make the model domain adaptive using matching score between both domains. Apart from that,
DTLM used entropy minimization and consistency regularization to increase the usage of ULDain TD and
improve prediction results.

7.7. Capsule Network-Based Approaches

The capsule network is a group of neurons. The max pool layer in CNN captured the values of the
most prominent neurons and shared those values to the following network. In this process, the model losses
spatial knowledge of those left behind features. In a capsule network, the spatial information about the low-
level features is encoded by the active capsule. It passes to the next-level neurons to learn the part-whole
relationships [66]. The CapsuleDAR [28] was created to take care of the part-whole relationship between
both domains. The CapsuleDAR consists of two networks that are similar in structure. The first network
called the base network, consists of a capsule network where the embedding layer and convolution layer
take care of pivot extraction. The second network, named the rule network, is responsible for adding
semantic information to the overall architecture to learn the part-whole relationship.

CapsuleDAR is complicated and doesn’t take good care of the CDSA’s generalization ability. In the
following year, an investigation [26] is done on the Transferring Capabilities of Capsule network (TL-
Capsule) for CDSA. The semantic representation of embedding was constructed from the high-level
features captured with CNN. TL-Capsule does the DA task by adapting the SD to the TD iteratively. Since
the capsule is a group of neurons, it takes up lots of memory space. Therefore, a capsule compression layer
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is added to efficiently use the memory. To improve the capsule networks in the field of CDSA, SCP was
incorporated for feature extraction with capsule networks [38] in CITK to learn and transfer part-whole

relationships better. SCP features are extracted using BERT. Correlation between the part and the whole is
captured by the capsule network.

8. Analysis of Different Parameters for CDSA

This section provides a thorough investigation of the significant factors listed in Table 4, which are
considered important while performing the CDSA.

Table 4. Detailed analysis of various parameter for CDSA

Reference =@ Method

(18]
[20]
[21]
[23]
[24]
[25]
[26]
[27]
(28]
[29]
(30]
[13]
(31]
[32]
[34]
[35]
[36]
[38]
[16]
[39]
[40]
[41]
[42]
[45]
[46]
[47]
(48]
[15]
[49]
[50]

AMN
AE-SCL-SR
PRDA

DSFT

HATN
TL-Capsule
PBLM
CapsuleDAR

SRI
WAAR
CCHAN
CNN_FT

TRL
HANP
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CrossWord
WTN
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SSNM
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It has been observed that all of the selected research studies, as shown in Table 4, indicate that the main
focus is on the selection of pivots from both domains. As mentioned in Figure 5, 55 % of research studies

used pivot features, 36% used both pivots and non-pivot features, and 9 % didn’t use any.

36%

Pivots

Non Pivots

= None

Figure 5. Frequency of selection of pivots, non-pivots in the research studies
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8.2. Activation Function / Transfer Function

The AF utilizes the values of the NN and assigns them in the range of 0 to 1. As mentioned in Figure
6., Softmax is the heavily used AF following Sigmoid and Relu in the selected studies. We can see in Table
4 that some research studies used a combination of Softmax and Relu to achieve better results.

8.3. Labeled Data

The aforementioned study in Table 4 indicates that some researchers increased the accuracy of CDSA
elegantly in a semi-supervised manner through a few labeled occurrences present in the TD at the time of
training. Major research studies chose to solve the challenge behind CDSA where LDa in TD is absent in an
unsupervised manner by considering only LDa from the SD. Though semi-supervised approaches give
better accuracy, they require manual intervention.

26%

21%

5%

M Softmax ™ Sigmoid mRelu = NA
Figure 6. Frequency of the AF used in the selected studies.

8.4. Word Embeddings

NLP uses words as vectors to form word embeddings for statistical computations while doing text
analysis. The selected studies used the below-mentioned word embeddings to perform the CDSA task, and
Table 5 describes the inclusion of these word embeddings in the respective methods.

e Word2Vec: It is the most popular method developed at Google [67] to create numerical
representations of word features in the form of vectors. Word2vec provides two model architectures
using cosine similarity:

¢ Continuous Bag-of-Words (CBOW): The method uses projection weights to identify the
feature in consideration based on the neighboring context words without considering the
order of the context words.

e Skip-Gram (SG): implies that the neighboring context features can be predicted using the
intended features. Word2vec is a scalable embedding.

e Global Vectors (GloVe): This method was proposed [68] at Stanford University after the great
success of Word2Vec. This is based on the matrix factorization method.

e Bidirectional Encoder Representations from Transformers (BERT): BERT [69] utilizes previous
tokens to make a prediction of the next word [70]. This method works with two phases:1) Masked
Language Modeling to identify the next word and 2) Next Sentence Prediction model to predict the
next sentence.

e XLNet: This language model was developed by Google team members and Carnegie Mellon
University [71], which is Auto-Regressive. This model is used for generative tasks, which makes
two-way predictions about the next word depending upon the context of the word.

Table 5. Word Embeddings used by selected studies

Word Embedding Developed At Used In

Word2vec Google, US R1, R2, R4, R6, R7, R8, R9Y, R13, R14, R16, R17, R20, R22,
R25, R30, R31

GloVe Stanford University R19, R26, R27, R29, R30, R31, R32

BERT Google US R15, R18, R20, R24, R26, R27, R31, R33, R32, R33, R34

XLNet Carnegie Mellon University R15
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8.5. Lexicons

Lexicons are well-structured collections of lexicons where words are associated with their semantic
polarity orientation such that they are positive or negative with scores [72]. There are various sentiment
lexicons used in the selected studies, as mentioned in Table 6, and are described below:

e  WordNet: It is a lexical structured database where words express their distinct concept [73]. Words

are present in the WordNet with lexical and semantic connections in the form of synset.

e SentiWordNet: Since WordNet is a generalized lexicon and is not useful in the case of SA,

SentiWordNet lexicon is devised for SA and contains a polarity score for each WordNet synset [74].
e SentiWordNet 3.0: The higher variant of SentiWordNet, created in the year 2010, where sentiment
lexicons [37] are created with an improved WordNet database.
e  Multi-Perspective Question Answering (MPQA): It is a glossary of opinions in the form of a
lexicon created at the University of Pittsburg [44] which contains the contextual polarity for
subjective expressions (emotion, opinion, evaluation, stance, etc.).

Table 6: Sentiment lexicons used by selected studies

Lexicon Name Created At Research Studies
WordNet Princeton University R28
SentiWordNet ISTI, Italy R10
SentiWordNet 3.0 ISTI, Italy R17
MPQA University of Pittsburg R23

8.6. Baseline Methods Used for Comparison

This section presents the methods that have become baseline methods used by researchers to compare
the results obtained in the research done on CDSA. Table 7 describes the most used baseline methods in the
selected studies. It has been found that early methods SCL and SFA, along with new methods DANN,
DMSDA, AMN, and HATN, are the most used baseline approaches in the selected research papers.

Table 7. SOTA approaches used in the studies

Method Name Aut Year Research Studies

hor
SCL [19] 2006 R1, R7, R11, R12, R R19, R20, R22, R25, R28, R32
SCL-MI [19] 2007 R2, R7, R8, R14, R18, R22
SFA [12] 2010 R1, R6, R10, R11, R12, R19, R20, R22, R28, R32
mSDA [62] 2012 R8, R9, R16, R18, R19, R32
DACNN [75] 2014 R1, R7, R9, R18, R34
CNN-aux [76] 2016 R6, R13, R15, R17, R27
DANN [61] 2016 R1, R6, R7, R9, R14, R18, R19, R20, R22, R25, R27, R32, R34
DMSDA [61] 2016 R1, R2, R6, R7, R8, R15, R16, R27
AMN [18] 2017 R6, R9, R13, R15, R17, R20, R25, R27, R32
AE-SCL-SR [20] 2017 R8, R16, R18, R22
HATN [25] 2018 R9, R13, R15, R17, R19, R20, R25, R26, R27, R33
CapsuleDAR [28] 2018 R9, R18, R26, R32
PBLM [27] 2018 R7,R9, R18, R33
IATN [77] 2019 R9, R26, R27, R32

8.7. Accuracy

It has been observed that most methods gave accuracy between 80 % and 90 % while solving the
problem of CDSA. As shown in Figure 7, only a few of the research studies have reached above 90 %. The
highest accuracy achieved was 95.13% [34] by using XLNet.

8.8. MM and NN Models

This critical parameter is the backbone of CDSA. Figure 8 shows the proportion of ML and NN used
in the selected research studies. It is clearly visible that NN-based approaches dominate (72%) the CDSA
research. LibLinear (LR) is the least used method. 8 % of research studies (R1, R6, R25) had applied
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adversarial training to use the poorly LDa with less human intervention. The attention mechanism [78]
uses a translation model to capture valuable features (R15, R20, R26). Some research studies have paid
attention to long-term dependency on LSTM (R8, R16, R17, R22, R25). CNN is heavily used for feature
extraction (R7, R8, R9, R13, R14, R16, R17, R18, R22, R27, R29).
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Figure 7. Accuracy achieved in selected studies

The capsule network maintains the semantic compositionality constituting the part-whole relationship
between the local and global features (R7, R9, R18).

Figure 8. Frequency of ML and NN approaches used in the selected research studies

9. Conclusion

This study offers an analysis of CDSA techniques based on the research studies conducted in the recent
past. Firstly, the paper categorized 34 research studies into seven classes and explained them accordingly.
It is observed that all classes employ either ML or NN as artificial intelligence methods for CDSA. Secondly,
a summary has been presented showing innovative methodologies, validation, and constraints encountered
in the selected research studies. Past researchers used Amazon DS heavily to test their proposed methods.
The best accuracy score was 95.13 % XLNet, but this method proved to be data-hungry. Thirdly, an analysis
was conducted to probe various parameters that impact the performance of CDSA. Word2Vec was found
to be the significant word embedding method, closely followed by GloVe and BERT. Softmax has played a
legitimate role in CDSA as an SF used in NN approaches. Despite standing as an early-stage research area,
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SCL substantiated its position as one of the baseline methods, along with AMN and DANN, for comparison
of accuracies of new research. Past studies have shown that the main attraction was to find out pivots and
non-pivots. SFA was introduced with BG, forming clusters of diverse domain features with the help of a co-
occurrence matrix. The Apriori algorithm, Crossword algorithm, and stochastic neighbor algorithm
improved the complexities of SFA. With the introduction of SCL, the ability of pivot identifier, pivot
predictor, feature vector augmentation, and discriminative learner with supervised learning has improved.
Subsequent efforts were directed towards extending SCP to SCP-MI and incorporating the NN with SCP
using statistical methods (chi-square test, cosine similarity) to overcome the feature complexity challenges
of SCP. Furthermore, variants of PBLM, language modeling with LSTM and CNN, have effectively
addressed structure aware classification. PBLM was iteratively refined by TRL to gain more information
about the pivotal features. However, the distribution gaps were always there in SFA and SCL. Lexicon-
based approaches were introduced to lower the distribution gap between the SD and TD. In this study, we
realized that all classes have used either ML or NN as an artificial intelligence technique to perform CDSA.
This paper surveys various methods that have been proposed in the past acknowledging the absence

of a perfect solution for addressing CDSA. Despite these advancements, this paper presents our vision to
improve the lacking area of CDSA by keeping in mind to

e Use the attention mechanism with adversarial training.

¢ Find out some measures to check the relatedness of the SD and the TD.

e Transferable and related knowledge should only be shared to reduce the negative transfer.

e Refine the interdisciplinary collaboration.

e Improve the generalizability and scalability considering the diverse domain.
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