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Abstract

Previous research has found that sentiment analysis is the focus
of Artificial Intelligence (AI). Nevertheless, a limited number of
studies exist on advanced Al applications. First, this study con-
tributes to this limited literature. It is argued that Transformer
Architecture has initiated a new phase in Al and sentiment anal-
ysis. We contribute to this argument by providing evidence that
transformer-based Al provides better performance and capabilities.
We do so by systematically reviewing and analyzing the applica-
tions of Transformer-based models for sentiment analysis. The
focus of this paper lies in the broader marketing field. In addi-
tion, marketing is one of the most essential fields in business. The
choice of marketing in examining Transformer-based sentiment
analysis constitutes a novelty. Using the PRISMA methodology we
reviewed 481 papers. Only eight papers fulfill the criteria. It is a
somewhat surprising finding that so few papers have applications
of Transformer-based Al for sentiment analysis in marketing. Most
papers follow older Al methods (i.e., Recurrent Neural Networks,
Convolutional Neural Networks, etc.). This leaves a gap in this area,
and we examine novel trends and directions for future research.
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1 Introduction

Al and Machine Learning (ML) applications are widely used in
marketing. In the domain of advertising, part of marketing, it is
found that, in most of the studies, sentiment analysis is the focus

This work is licensed under a Creative Commons Attribution-NonCommercial
International 4.0 License.

ACMLC 2024, July 26-28, 2024, Bangkok, Thailand
© 2024 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-1001-8/24/07
https://doi.org/10.1145/3690771.3690795

Mina Giannoula
Department of English Studies, University of Cyprus
Cyprus
agiann0l@ucy.ac.cy

[1]. However, only a limited number of advanced Al techniques
are used [1]. Our paper builds upon and expands on these findings.
It contributes to this limited literature on advanced Al techniques
by reviewing and analyzing transformer-based models.

Our study follows a similar methodological path to the previous
related work of [1]. It focuses on advanced Al and sentiment anal-
ysis. It argues that the transformer-based architecture and models
constitute the latest advancements in Al and Natural Language
Processing (NLP). These technological advancements increase per-
formance and enable novel applications and capabilities. The paper
expands the scope of previous studies and examines the applica-
tions of transformer-based Al in the broader field of marketing.
The choice of marketing constitutes a novelty. Previous literature
has focused on specific aspects of marketing, such as advertising
[1]. Marketing is one of the most essential fields in business. In
addition, sentiment analysis is widely used in marketing.
Sentiment analysis is:

“[...] the computational study of people’s opinions,
sentiments, emotions, and attitudes towards entities
such as products, services, issues, events, topics, and
their attributes. The entities can be products, services,
organizations, individuals, events, issues, or topics.”

(2]

The wide applicability of sentiment analysis has contributed to its
popularity. Sentiment analysis lies at the intersection of linguistics
and computer science. It is a common tool in social media analysis
carried out by business, marketing, and political analysts, and it
is a growing field [3]. Interest in sentiment analysis has grown
as online text volume and value continuously increase [4]. As [5]
argues, in the digital world, media is used for every work with
data created across social networks increasing; thus, there is an
‘eruption of interest’ to analyze sentiment.

The term sentiment analysis appeared in the early 2000s, and
since then, it has substantially evolved and can be considered an
active research field of NPL [2]. According to [6], NLP pertains to a
field within computer science, specifically Al focused on enabling
computers to comprehend written and spoken language akin to
human capabilities. In this sense, it merges computational linguis-
tics with the rule-based modeling of human language. Therefore,
it is part of the broader Al field. Language-based AI has advanced
by leaps and bounds. The most significant progress has been in
transformer-based models. They enable more advanced and inno-
vative tasks, transforming how we work and impacting businesses
and society [7]. We argue that the transformer-based architectures
and models constitute the latest advancements in Al and NLP. How-
ever, despite the unprecedented impact of transformer-based Al, the
literature on sentiment analysis needs to adequately capture these
advancements. There are significant reviews of Al in marketing,


https://orcid.org/0000-0003-0867-765X
https://orcid.org/0000-0001-8669-9198
https://doi.org/10.1145/3690771.3690795
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.1145/3690771.3690795
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3690771.3690795&domain=pdf&date_stamp=2025-03-05

ACMLC 2024, July 26-28, 2024, Bangkok, Thailand

for example [8]. Nevertheless, there is a noticeable gap in reviews
focusing on Al-driven sentiment analysis in the marketing domain.

The main contribution of this paper is to fill this gap in the
literature. Following [1], we have conducted a systematic review
of transformer-based models for sentiment analysis in the broader
field of marketing. To fulfill this objective, the study formulates the
following research questions (RQ):

RQ1: In which industries is Transformer-based sentiment analy-
sis applied to?

RQ2: Which segments of marketing use Transformer-based Al
for sentiment analysis?

RQ3: Which Transformer models are used for sentiment analysis
in each segment of marketing?

The structure of the paper is outlined as follows: Section 2 pro-
vides a succinct definition of sentiment analysis and its significance
in marketing. It also briefly accounts for the historical evolution of
AT and Transformer architecture. Section 3 presents studies on the
relationship among artificial intelligence, sentiment analysis and
marketing. Section 4 details the methodology, including sampling
methods and data collection techniques. The findings of the data
analysis are presented in Section 5. Section 6 offers a discussion on
the study’s primary findings, implications, and limitations. Finally,
Section 7 concludes.

2 Llterature

2.1 Sentiment analysis
Sentiment analysis, also known as opinion mining, is:

“[...] the computational study of people’s opinions,
sentiments, emotions, and attitudes towards entities
such as products, services, issues, events, topics, and
attributes. The entities can be products, services, or-
ganizations, individuals, events, issues, or topics.” [2]

It is the process of analyzing and determining, under a scale of
polarity (i.e., positive, neutral, or negative) [9-10], the reviewer’s
subjectivity, in other words, the sentiment or emotional tone por-
trayed in a text using computer techniques. Nowadays, the increas-
ing volume of text accessible online and across digital platforms
requires the analysis and comprehension of sentiments. Given this,
sentiment analysis uses models and algorithms that are made to
analyze and categorize text according to predetermined sentiment
categories, as opposed to only depending on human interpretation.
In essence, the main goal of sentiment analysis is to automate the
process of analyzing text for sentiment.

With initially focusing on analyzing movies, books, and con-
sumer products [11-14], sentiment analysis proves to be a potent
tool for marketing research. By understanding the sentiment of
online content, such as customer reviews, social media posts, and
comments towards products, brands, or services, marketers can ex-
tract valuable insights into consumer preferences, identify trends,
and adjust their market strategies to meet customer needs and
preferences better.
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2.2 Brief History and Evolution of
Transformer-based Al

A significant milestone in the development of AI was the intro-
duction of the Transformer architecture, which relies solely on
attention mechanisms and dispenses entirely with the need for
recurrence and convolutions [15]. Unlike previous deep learning
technologies, the Transformer Architecture does not use sequence-
aligned Recurrent Neural Networks (RNNs) or convolution. This
departure marked a breakthrough, making Transformer a promi-
nent deep learning model that has been widely adopted in various
fields, including Convolutional Neural Networks (CNNs) and NLP,
as well as life and other sciences [16]. Transformer serves as the
backbone for many state-of-the-art models, such as GPT-3: it ad-
dresses the limitations of earlier models, like RNNs, improving the
performance of a wide range of NLP tasks [16] and, consequently,
sentiment analysis.

2.3 Transformer-based models for sentiment
analysis

One of the prominent areas of interest within the expansive land-
scape of Transformer-based Al is sentiment analysis. Various spe-
cialized Transformer language models focus on sentiment anal-
ysis. For instance, BERT has introduced a novel post-training
approach that enhances the performance in sentiment analysis
that is highly effective [17]. Domain-oriented language model
(DomBERT) for aspect-based sentiment analysis also demonstrates
promising results [18]. According to [19], SentiBERT, another vari-
ant of BERT, effectively captures compositional sentiment semantics
and achieves competitive performance in phrase-level sentiment
classification. It outperforms baseline approaches in tasks like cap-
turing negation, contrastive relations, and modeling compositional
sentiment semantics. Another notable example is the Sentix model,
a sentiment-aware pre-training language model for cross-domain
sentiment analysis [20], which builds on BERT by incorporating
four new sentiment-aware pretraining tasks [21].

An extensive examination of various Generative Pre-Trained
Transformer (GPT) methodologies on sentiment analysis is pre-
sented by [22]. They compare GPT variants with previous methods
and find that GPT approaches exhibit better predictive performance
and superiority, and better capabilities in dealing with advanced
tasks in sentiment analysis. This reveals that not only the per-
formance metrics are better, but also GPT, enable advanced tasks.
The comparison with previous technology models, such as lexicon-
based approaches and Long Short-Term Memory (LSTM), highlights
the superiority of GPT models and, in general, the better perfor-
mance of Transformer-based models.

3 Marketing, artificial intelligence and
sentiment analysis

3.1 Systematic Literature Reviews on Al and
Marketing

Al is the latest disruptive technology and can have immense trans-

formation potential in marketing [23]. They argue that a systematic

literature review highlights the importance of Al in marketing and

identifies future research directions. They review 1582 published
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papers written between 1982 and 2020. A limitation of this study
is the time period since transformer Al models and advanced ap-
plications were invented in the last few years of this period. [23]
find that both academicians and practitioners believe that Al is
the future and that AI in marketing has gained momentum be-
cause of its practical applications. They discuss the use of Al in
areas of marketing, such as strategy and planning, product man-
agement as well as pricing management, place management, and
promotion management. Our paper follows [23] and conducts a
systematic literature review while comparatively categorizes the
areas of marketing. [23] classified the research domain into five
different clusters. One of these clusters is consumer sentiment
and word of mouth in online platforms. They find that sentiment
analysis in marketing is the leading trending topic and direction
for future research. These findings further justify our choice of
sentiment analysis in marketing. We expand on these findings and
suggest further research directions.

[24] argue that contemporary marketing has begun to exper-
iment with AI and explore marketing as an emergent stream of
research. They perform a systematic literature review that identi-
fies 221 papers and evaluates 57 qualifying publications from 2015
till 2020. Therefore, the same limitations as before concerning the
time period and the inclusion of transformer-based models apply.
They discuss sentiment analysis in the context of integrated digital
marketing and market research. They also suggest that AI pro-
vides better understanding and deciphering of consumer emotions
and sentiments which are some of the potential areas for future
researchers.

[25] provided an integrated view of Al in marketing, extending
the scope to consumer research and psychology. They argue that
while ‘Al is experiencing exponential growth in adoption by mar-
keting managers and consumers’, no study covers Al in the closely
related fields of marketing, consumer research, and psychology.
Therefore, they produced a systematic literature review covering
articles published from 1966 till June 2021 to find that most of the
publications (more than half) on the topic is from 2017 to June 2021.
As in previous studies, they categorize the themes into eight clus-
ters, among them, social media and text mining, and social media
content analytics are more related to sentiment analysis.

Finally, [26] provide a comprehensive review of Al in market-
ing, on the lines of a systematic literature review, and find uses
of artificial intelligence in strategy and planning, product man-
agement, place management, promotion management, and pricing
management.

Therefore, we argue that there is not a systematic literature
review that examines Al, specifically sentiment analysis and the
latest advancement in transformer-based models in marketing. We
contribute to the existing literature by providing a novel systematic
literature review and innovative future directions.

3.2 Literature reviews on Al and Marketing

There are additional reviews on Al in marketing. Nevertheless,
they only constitute systematic literature reviews with some of the
benefits and limitations this might have. Although it is beyond the
purpose of this paper, it is worth briefly mentioning some critical
studies that are related to our paper. [27] argue that there is a
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growing interest in Al in marketing researchers and practitioners
and provide a review of 164 articles published in Web of Science
and SCOPUS-indexed journals. Their study provided an in-depth
overview of studies at the intersection between marketing and Al
but did not focus on any specific sub-field of marketing. However, it
suggests that future studies could conduct a more focused analysis
of specific areas and sub-fields of marketing and Al. We reply to
this call by providing a systematic literature review focusing on
sentiment analysis’ Al subfield.

[28] also recognize that Al has massive potential in marketing
and is employed in marketing campaigns in various industries, such
as finance, healthcare government and many more. They find that
the primary marketing segments in Al applications are strategy
and planning, product management, promotion management, and
pricing management. This categorization essentially facilitates our
analysis and coincides with our findings.

3.3 Al and sentiment analysis

Since sentiment analysis has a protagonist role in our paper, ex-
amining some critical literature on sentiment analysis would be
beneficial. Therefore, we present some reviews on the topic that
cover numerous aspects.

[29] conduct a review of Al and sentiment analysis, arguing that
AT has improved performance, particularly in sentiment analysis.
A literature search using the PRISMA method from 2012 to 2022 in
SCOPUS found 133 results, 43 of which were deemed significant to
analyze Al sentiment analysis applications, approaches, and futures.
They connect marketing to sentiment analysis and comment that
in the future, improved sentiment categorization and the use of Al
in marketing will increase.

[30] acknowledge that the field of sentiment analysis has expe-
rienced extensive research in the past decades. They conducted a
tertiary study that follows the guidelines of systematic literature re-
views and covers only secondary studies, eventually analyzing 112
sentiment analysis papers. They find that Long Short-Term Memory
(LSTM) and CNN models are the most used in sentiment analysis.
This is a very interesting finding, since it indicates that older models
are used rather than the more advanced transformer-based models
in sentiment analysis.

4 METHODOLOGY

Our study examines the applications of Generative Al in senti-
ment analysis within the marketing literature. The reporting of
this systematic review adhered to the standards outlined in the Pre-
ferred Reporting Items for Systematic Review and Meta-Analysis
(PRISMA) Statement [31] [32] [33]. To achieve this, a research
strategy was devised, incorporating predefined inclusion and ex-
clusion criteria based on the checklist of the PRISMA Statement.
The PRISMA Statement is:

“[...] an evidence-based set of recommendations de-
signed primarily to encourage transparent and com-
plete reporting systematic reviews [...] to aid authors
with appropriate reporting of different knowledge
synthesis methods [...] and to ensure that all aspects
of this type of research are accurately and transpar-
ently reported.” [34]
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Table 1: Research keywords

Category Keywords

Artificial Intelligence
Sentiment Analysis
Marketing

Artificial Intelligence, AI
Sentiment analysis, SA
Marketing

Our study, using PRISMA and other methods, follows the
methodology of other comparative studies, mainly [1] and [24].
We also used other comparative studies on systematic reviews [23]
[25] [26] to check and verify the validity of our methodological ap-
proach. The study comes with some limitations and shortcomings.
The main limitation concerns the use of keywords for the search.
Specific words were used, and future research can expand the range
or words used. Another shortcoming is the limited number of stud-
ies, only 8, that were found to be using transformer-based models.
This was a surprising finding. We hope that future research in
this area can expand on the use of transformer-based models and
sentiment analysis applications in marketing.

4.1 Deciding on Keywords and Criteria

The domains of Al and sentiment analysis find practical applications
in the realm of marketing. In our research process, we focused on
these three categories, namely ’artificial intelligence’, ’sentiment
analysis’, and 'marketing’, choosing them as our specific keywords.
This helped us establish search criteria to identify the most relevant
publications, thereby providing valuable insights into the latest
advancements and applications in the evolving field. To ensure
thoroughness in our search process and capture a comprehensive
range of results, we have identified and compiled spellings and
synonyms for these keywords, as outlined in Table 1.

According to [4], the evolution of sentiment analysis can be or-
ganized into three overlapping phases, with the third one having
begun in the past decade by applying Generative Al and deep learn-
ing to NLP. Similarly, [23] states that the evolution of sentiment
analysis occurs in three pivotal phases: the lexicon-based era, the
ML era, and Transformer model era. Our study focuses on the third
era of Transformer models and Generative Al, with the introduction
of Transformer models occurring in November 2017. Therefore, we
selected January 2018 as the starting year, including more recent
studies till April 2024, for the period of our systematic review.

The criteria in our research are summarized as follows:

studies that are relevant to the keywords chosen,

studies that are peer-reviewed,

studies that are in English,

studies that are published between January 2018 and April
2024.

Our keywords and criteria were used for a survey on the SCOPUS
scientific database. Similar reviews are primarily based on SCOPUS
[1] [8]. SCOPUS includes publications from ACM Digital Library
and IEEE Xplore that are relevant to our purpose. Additionally,
we searched independently ACM Digital Library, IEEE Xplore, and
Google Scholar. The set of keywords was linked using Boolean
operators and specific inclusion and exclusion criteria were applied.
The initial screening process involved the following steps:
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e We employed abstracts, titles, and keywords to search and
evaluate publications based on the stated inclusion and ex-
clusion criteria.

o Studies that are summary articles, patents, books, summary
of conferences, keynotes, proposals, lecture notes, editorials,
comments, tutorials, or review papers were excluded.

e Any studies that matched the search criteria but were not
directly relevant to the topic in question were also removed.

e Any duplicate studies were removed.

4.2 Processing the database outcomes

These above techniques produced a total of 481 relevant studies.
The entire text of relevant papers was then retrieved and examined
in detail to re-evaluate the inclusion and exclusion criteria. The
studies that did not match the above criteria were excluded.

We also used some additional exclusion criteria that serve the
main scope of the papers. A key criterion was the use of Trans-
former architecture and models. While many papers matched the
general Al criterion, most papers were excluded from the ‘trans-
former’ criterion. The primary purpose of this paper is to identify
the transformer-based Al applications of sentiment analysis in mar-
keting. Therefore, we further searched in the text for “Transformer’,
‘BERT’ and ‘GPT’, which can be considered the two most popular
families of transformer-based Al models.

Some of the results were found in different databases and they
were validated in this way. The results were also double-checked
and reviewed to ensure that they match the criteria. Once again,
any studies that matched the search criteria and additional criteria
but were not directly relevant to the topic in question were also
removed. This was, in some cases, challenging and can be further
investigated in future research. For example, in a few papers, the
keyword ‘marketing’ was found in the main text, but this mention
was based on other studies, and the mention was theoretical. Thus,
it was not directly related to marketing applications of Transformer
Al Therefore, these studies were also excluded since they do not fit
the scope of this Systematic Review.

Eventually, eight studies were identified from the database pro-
cedure. They were organized in chronological order and presented
based on the features related to the research questions. The key
attributes of the chosen studies are reported in the Appendix. We
adhered to the PRISMA framework to ensure the thorough identifi-
cation of relevant studies and the subsequent selection of eligible
ones. The insights gleaned from the review process capture senti-
ment analysis in Al transformer-based models applied in marketing,
which will be reported and discussed in Sections 4 and 5, respec-
tively.

5 results

Our research identified 481 primary studies using the above sys-
tematic review methodology. The studies were distributed both in
journals and conferences, indicating that the authors did not favor
a single type of publication. We read the paper and did not limit it
to titles, abstracts, and keywords to better understand the context
in which the keywords were utilized.

Out of the 481, only eight studies were eventually included based
on the aforementioned criteria and steps. Most of the studies did
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Search Results =
481 papers

Inclusion Criteria

Exclusion Criteria

Final Paper Count =

8 papers

Figure 1: Literature search process

not meet the transformer-based Al model criterion. This is because
they instead used previous Al methods, like CNN, LSTM network,
and, in general, RNN. They also used ML algorithms and other NPL
methods, such as Word2Vec. For this reason, most of the studies
were excluded. Few studies briefly mentioned transformer-based
models, usually BERT, but they did not mention it in the context of
marketing or sentiment analysis and thus, were excluded too.

5.1 Applications in industry

Focusing on RQ1, we found diverse industries to which
Transformer-based sentiment analysis is applied. More specifi-
cally, e-commerce [35] [36] and social media [37] [38] were the
primary industries. In addition, insurance [39], electronics [40].
and even film industries [41] appear. Interestingly, [42] is unique
in that it covered a wide variety of industries. some broad, like
technology, electronics, and accessories.

Social media applications are consistent with similar findings
[1], in which there is a significant number of Al applications and
sentiment analysis. E-commerce applications can also be considered
consistent with previous findings [1] since they can be related to
classified and other ads. Nevertheless, it should be emphasized that
there is a wide range of applications, in these limited number of
studies, mainly expressed by [42]. Figure 2 displays the distribution
of studies among industries.
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5.2 Segments of marketing

According to our search, the literature focuses on the application
of Al in product management. More specifically, concerning RQ2
and the segments of marketing using Transformer-based AI for
sentiment analysis, the review found that the applications on Prod-
uct Management (reviews) dominate [35] [36] [40] [41] [42]. In
contrast, Marketing strategy is also popular [38] [39]. However, we
identified only a combined case of brand management and adver-
tising in [37]. In Figure 3, these segments are presented.

Product management was expected to be the most popular cat-
egory, given that it is related to e-commerce and social media ap-
plications that usually deal with product placement and reviews.
While marketing strategy is a relatively popular segment, it can
be argued that advanced Al and in this case transformer-based
Al has not been extensively applied yet to the core of marketing
and business strategy. This might reveal some limitations concern-
ing the sophistication and maturity of advanced Al applications to
more complex issues. Finally, it should be noted that these findings
indicate that transformer models enable innovative applications of
sentiment analysis to marketing.
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5.3 Transformer models in marketing

Regarding the Transformer models used for sentiment analysis in
marketing, BERT models are prevalent [35] [36] [37] [38] [40] [41]
[42]. There is only one application of GPT [38]. It is interesting
to notice that while BERT models appeared relatively early, GPT
modeling is just surfacing. In Figure 4, the prevalence of BERT
family models is displayed. Future research can examine if this
prevalence of BERT models will continue or if GPT and other models
will become more popular.

An interesting finding is that not only were BERT models em-
ployed, but some specific BERT family models were also utilized.
Notably, BERTopic was used twice [36] [39]. The study of [38]
is BERT-based but uses additional methods, indicating that BERT
can be altered, combined, and extended to other methods, provid-
ing more options and applicability. Future research can expand
on using specific BERT models and their extensions to sentiment
analysis.

6 discussion

The outcomes presented above offer several implications worth
noting. This section presents the findings, managerial implications,
contributions, limitations and future directions.

6.1 Key Findings

Despite the wide application of Al transformer-based models, a
relatively small number of studies have used them for sentiment
analysis in marketing for some years. Moreover, the first study
was in 2020 [41], and since then, there has been little work on
transformer models, despite a significant number of studies of
transformer models in other topics and fields.

The limited use of transformer-based models in sentiment analy-
sis in marketing instead comes as a surprise. Despite their substan-
tial higher performance and innovative capabilities, Al transformer-
based models are rarely used in sentiment analysis in marketing.
We found that older methods, such as Neural Networks, were exten-
sively used, but these studies were excluded from this study. Nev-
ertheless, transformer-based models seem to have enabled novel
applications of sentiment analysis in marketing. The initial search
which produced 481 results included a substantial number of studies
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using older and, therefore, less advanced Al methods than trans-
former architecture.

6.2 Managerial implications

This work has interest for academia as well as practice. Market-
ing is an applied field in business and sentiment analysis has been
widely used. While transformer-based models provide advanced
performance and enable new tasks, they seem not to be much re-
searched and used in marketing. Our findings suggest that their
applications are very limited. [29] argue that effective competi-
tive research helps businesses outperform their competitors and
sentiment analysis may be used. Managers should therefore use
transformer-based models for sentiment analysis to improve per-
formance of their companies.

6.3 Contributions

To the best of our knowledge, this is the first systematic review
that examines Al transformer-based models and their application
in sentiment analysis in marketing. Although sentiment analysis
is an essential field in business and marketing, the application of
Al transformer-based models remains limited. Only little attention
has been paid to this area, which has significant potential. In our
study, researchers can pinpoint essential areas needed for research
and exploration.

The contributions can be summarized as follows: This study
contributes to the limited literature on advanced Al applications.
We further contribute to the argument, that transformer Al models
are a new phase in sentiment analysis by providing evidence that
transformer-based Al provides better performance and capabilities.
Another contribution and main novelty are the choice of marketing
in examining transformer-based sentiment analysis. Finally, we
contribute to the literature and research by examining novel trends
and directions for future research.

6.4 Limitations

This research included reviewed full-text publications to ensure only
relevant studies were considered. We have focused our search and
keywords on specific terms directly related to the topic in question.
For this, this research adhered to a pre-established methodology,
conducted a thorough search, and utilized multiple databases to
minimize this risk. Despite significant mitigation efforts, some stud-
ies may have been overlooked. Therefore, we recognize that the risk
of overlooked relevant publications and the possibility of articles
being missed remains. Additional limitations and shortcomings
concern the use of keywords for the search and future research can
expand the range or words utilized.

6.5 Future Research Directions

Our findings suggest that there is a very limited number of
transformer-based sentiment analysis in marketing. Moreover,
these studies focus on product management, marketing strategy
and brand management and advertising. Nevertheless, our litera-
ture review [35-42] provides more areas of marketing as pricing
management and promotion management. Future research should
cover these important segments of marketing, as wells as expand
to broader clusters and related topics [25].
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In addition, future research could explore subfields of marketing,
but also AI [27] and sentiment analysis [30] (for example, polarity).
Our findings suggest that there are transformer-based models en-
abling novel applications of Al in marketing. Future research can
expand on using specific transformer models, like BERT models.
While in engineering literature there is a frequently comparison
between the older models and transformer ones. In the literature,
we examined that there is not any such comparison. Future re-
search can examine and compare performances among Al models.
This could consequently guide investment in marketing and have
significant managerial implications.

7 conclusions

Al and Machine Learning applications are widely used in market-
ing. Previous work [1] found that most studies are concerned with
sentiment analysis stating that only a limited number of advanced
Al techniques are used. Our paper contributes to this limited lit-
erature. Following a similar methodology, the paper builds and
expands upon [1] producing similar findings and confirming that
there is only a limited number of advanced Al techniques. We found
that while sentiment analysis is widely used in marketing, more
advanced Al transformer architecture is only applied in very few
studies. It also seems that transformer models enable innovative
applications of sentiment analysis in marketing.

This paper is a thorough examination and systematic review of
Transformer-based Al sentiment analysis in marketing. Initially,
a search yielded 481 studies meeting the predefined inclusion and
exclusion criteria, from which only eight were identified as primary
studies. The full texts of these studies were meticulously evaluated,
adhering rigorously to the PRISMA framework.

The review revealed that a relatively low number of studies
characterizes the current body of literature on Transformer-based
Al in marketing. It was found that the primary industries in which
Transformer-based sentiment analysis is applied are e-commerce
and social media. In addition, product management and marketing
strategy are the most popular applications of Transformer-based
models. Finally, most of the studies use BERT models for sentiment
analysis in each segment of marketing.

This study is the first effort in the marketing domain, offering
insights that may yield benefits for researchers and practitioners.
This research field is still nascent and requires future research.
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