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Abstract
Sentiment analysis has become increasingly important for interpreting customer-generated content across social
media and digital technologies. However, research on digital banking continues to rely predominantly on text-
only data, with limited attention to multimodal integration. This scoping review mapped the literature on sentiment
analysis for customer satisfaction in digital banking, identified research gaps, and outlined future directions. The
review followed the PRISMA-ScR guidelines and searched six databases—ScienceDirect, IEEE Xplore, Wiley
Online Library, ACM Digital Library, SpringerLink, and Google Scholar—for English-language studies published
from 2015 to 2026; the final search was conducted on May 10, 2026. Of 1,631 records identified, 35 studies
met the inclusion criteria. Text-only data were used in 31 studies (88.6%), multi-source text was used in one
study (2.9%), text combined with survey data in two studies (5.7%), and numerical time-series data in one study
(2.9%); no included study integrated text, audio, and video within a single sentiment analysis framework. The liter-
ature was geographically concentrated and relied mainly on traditional machine-learning and hybrid approaches,
whereas transformer/LLM-based methods, explainable AI, and real-time approaches remained limited. The ab-
sence of banking-specific multimodal datasets is a key barrier to progress. Future research should prioritize
privacy-preserving multimodal datasets, multilingual and culturally diverse models, explainable AI, and real-time
deployment to support more reliable assessment of customer experience in digital banking.
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1. INTRODUCTION

Sentiment analysis, also known as opinion mining, fo-
cuses on evaluating the feelings and opinions produced
by individuals through various modalities and converting
these opinions into measurable information. This field
has demonstrated its ability to absorb and accurately
understand the vast amounts of data generated by cus-
tomers. Sentiment analysis has become increasingly
important in analyzing the content of social media and
digital technologies, as it has been exploited in various
fields, including education and finance. In the field of
education [1], sentiment analysis techniques based on
transformers, such as BERT, have been used to moni-
tor and evaluate students’ views on the effectiveness of
teaching. In financial services, sentiment analysis tech-

niques have been used to predict cryptocurrency trends,
achieving high prediction accuracy using advanced mod-
els such as the HSIF model [2]. Similarly, mobile banking
applications such as Seabank [3] have revolutionized cus-
tomer service by enhancing ease of use and accessibil-
ity. Focusing on improving customer satisfaction, system
quality, information, and awareness of perceived risks
increases satisfaction and the intention to continue using
these applications while reducing abandonment [4]. Sat-
isfied customers are more likely to recommend the use
of banking applications than dissatisfied customers [5].
A study by Liem et al. [6] found that a transfer learning
model achieved outstanding performance in sentiment
analysis tasks within digital banking. A study [7] showed
that analyzing customer reviews can help banks identify
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weaknesses and strengths in their services and better un-
derstand customer concerns. Current research on digital
banking still relies primarily on text-based data [8], ne-
glecting the integration of multimodal approaches. This
limitation hinders the understanding of customer senti-
ment in digital banking environments. Recent studies
have shown that relying on integrated modalities pro-
vides a better understanding of implicit emotions [9, 10].
Previous reviews of multimodal sentiment analysis have
prioritized fields such as marketing [11], public services
[12], and health [13], with little attention paid to digital
banking contexts. This reveals a research gap centered
on the absence of an integrated framework that combines
multimodal sentiment analysis with customer satisfaction
assessment for digital banking. This scoping review fol-
lowed the PRISMA-ScR guidelines and is, to the best of
our knowledge, the first scoping review in digital banking.
It highlights the need to integrate multiple data modali-
ties into customer satisfaction research in digital banking.
This scoping review contributes to the development of a
map of current research, including datasets, methodolo-
gies, and application areas employed in previous studies,
while also identifying future research directions toward
multimodal integration and explainable AI in digital bank-
ing. More specifically, we are interested in answering the
following main research question: What is the current
state of sentiment analysis research in digital banking?
Accordingly, the following research questions are ad-
dressed:
RQ1: What are the most prominent application domains
of sentiment analysis in digital banking?
RQ2: What methodologies are currently used for senti-
ment analysis in digital banking?
RQ3: What types of data are used in sentiment analysis
for digital banking?
RQ4: What are the research gaps in sentiment analysis
for digital banking?
This scoping review aims to map the current research
on sentiment analysis in digital banking and identify re-
search gaps by analyzing the included studies.

2. REVIEW METHODOLOGY

2.1. Study Design

To answer the research questions, a scoping review of
the published literature on sentiment analysis in digital
banking was conducted. Given the diversity of study
designs, a scoping review was considered more appro-
priate than a systematic review, which primarily focuses
on evaluating the effectiveness of specific models or ap-
proaches. This review was conducted in accordance with
the PRISMA-ScR (Preferred Reporting Items for System-
atic Reviews and Meta-Analyses Extension for Scoping
Reviews) [14] guidelines to ensure reproducibility and
transparency. In this review, no pre-established protocol

was used; however, the review followed specific eligi-
bility criteria, research procedures, and study selection
processes to ensure transparency and consistency.

2.2. Defining Research Questions

The research questions were identified and formulated
using the population–concept–context (PCC) framework
recommended for scoping reviews. The population com-
prised customers and users of digital banking services.
The concept focused on sentiment analysis approaches
and the models used to analyze sentiments and opinions
in digital banking. The context included digital banking
environments, such as mobile banking applications, on-
line banking, digital wallets, fintech platforms, and chat
banking systems. The development of the review ques-
tions, eligibility criteria, and search strategy was guided
by the PCC framework.

2.3. Search Strategy

The search strategy was developed based on the main
objectives and research questions of the review, as well
as the fundamental concepts of sentiment analysis, cus-
tomer satisfaction, and digital banking. The searches
were conducted in the following databases: ScienceDi-
rect, IEEE Xplore, Wiley Online Library, ACM Digital
Library, SpringerLink, and Google Scholar. The search
was limited to studies published in English from 2015
to 2026. The final search was conducted on May 10,
2026. Initially, a search was conducted using the term
"sentiment analysis" to check for any ongoing or planned
comprehensive or systematic reviews on this topic on
the PROSPERO, OSF, and Figshare platforms. The re-
view protocol was not registered. Preliminary searches
retrieved many records. Therefore, the strategy was im-
proved by reducing the number of Boolean operators,
adding another Boolean operator, and including an addi-
tional exclusion criterion. The final search query was as
follows: ("sentiment analysis" OR "opinion mining" OR
"emotion recognition") AND ("digital banking" OR "online
banking" OR "mobile banking" OR "financial services"
OR "fintech") AND ("customer review" OR "user feed-
back" OR "customer experience" OR "social media" OR
"chatbot"). The query was executed with slight variations
in the search terms because each database has a dif-
ferent indexing system. However, the scope and core
concept of the review remained unchanged. The search
strategies used for each database are shown in Table
(1).

2.4. Eligibility Criteria

After conducting the database search, a set of eligibility
criteria was established to determine the studies relevant
to the objectives of this scoping review. The inclusion
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Table[1]: Search Queries and Retrieved Records by Database.

Database Query string records

Google Scholar ("sentiment analysis") AND ("digital banking") AND ("customer review" OR "user
feedback")

286

IEEE Xplore ("sentiment analysis" OR "opinion mining") AND ("banking" OR "fintech") AND ("cus-
tomer review" OR "chatbot" OR "user feedback")

43

ScienceDirect ("sentiment analysis" OR "opinion mining") AND ("banking" OR "fintech" OR "finan-
cial services") AND ("customer review" OR "user feedback" OR "chatbot")

584

Wiley Online Library (" sentiment analysis" OR "opinion mining") AND ("digital banking" OR "fintech")
AND ("customer review" OR "user experience")

24

SpringerLink ("sentiment analysis" OR "opinion mining" OR "emotion recognition") AND ("digital
banking" OR "online banking" OR "mobile banking" OR "fintech") AND ("customer
review" OR "user feedback" OR "customer experience")

234

ACM Digital Library ("sentiment analysis" OR "opinion mining") AND ("banking" OR "fintech") AND ("cus-
tomer review" OR "chatbot" OR "user feedback")

460

Total 1631

Table[2]: Inclusion and Exclusion Criteria.

Inclusion Criteria Exclusion Criteria

The study was published in English between 2015 and
2026.

The study was written in a language other than English.

The study was published in peer-reviewed scientific jour-
nals or conference proceedings.

The study was a report, editorial, thesis, book, or patent
that had not been peer-reviewed

The study addressed sentiment analysis or opinions in the
context of banking services and customer satisfaction.

The study did not address sentiment analysis, banking ser-
vices, or customer satisfaction.

and exclusion criteria are shown in Table (2).

2.5. Study Selection Process

An optimized search string was used. The search yielded
1,631 records. After applying filters to the selected
databases for journal articles, conference papers, rele-
vance to sentiment analysis and digital banking, English-
language studies, and the publication period from 2015
to 2026, the search yielded 1,097 results, which were
imported into Zotero reference management software.
After removing web pages, books, and dissertations, 632
records were obtained. After removing duplicates, 612
records were obtained. The results were exported into
CSV format and manually screened using Microsoft Ex-
cel. After reading the study titles and then the abstracts
by the reviewers, 131 studies were obtained, and the
remaining studies were excluded because they did not
address sentiment analysis for customer satisfaction in
digital banks. After applying filtering using full-text re-
view, 46 studies met all inclusion criteria. Of these, 35
studies were included. Eight were excluded by the au-
thors after they agreed to exclude them because they
did not address customer satisfaction. Three studies
were excluded because the full texts were not available
in English, which was an a priori inclusion criterion [15–
17]. No statistical calculations, such as Cohen’s kappa
coefficient, were used to assess inter-reviewer reliability.

However, the reviewers independently examined titles
and abstracts and evaluated the full texts. Any disagree-
ments regarding study inclusion were resolved through
discussion until a consensus was reached. The PRISMA
diagram in Figure (1) illustrates the selection process.

2.6. Quality Assessment

This scoping review followed a scoping review method-
ology. Therefore, no formal methodological quality or
risk-of-bias assessment was conducted for the included
studies. This decision was consistent with the objectives
of this scoping review, which were to map the breadth
and characteristics of research on sentiment analysis
for customer satisfaction in digital banking, including ap-
plication domains, data types, analytical methodologies,
sentiment-classification approaches, and research gaps,
rather than to evaluate intervention effectiveness or deter-
mine the comparative certainty of evidence. In scoping
reviews, critical appraisal of included studies is optional
and may be undertaken depending on the objectives
and purpose of the review [14]. Accordingly, studies
were included based on the predefined eligibility criteria
rather than their methodological quality. Nevertheless,
the absence of a formal quality assessment means that
the methodological robustness and risk of bias of indi-
vidual studies could not be systematically evaluated or
compared. Therefore, the findings presented in this re-
view should be interpreted primarily as a mapping of the
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Figure 1. PRISMA flow diagram for study selection.

existing research landscape rather than as an assess-
ment of the quality, reliability, or certainty of the available
evidence.

2.7. Data Extraction and Compilation

The following data were extracted from the included stud-
ies: standard bibliographic characteristics, such as the
year of publication and the authors’ names, the coun-
try of publication and the application area (e.g., Digi-
tal Banking Services; Digital Banking and Mobile Bank-
ing); data type (text, time series, audio, video, or multi-
modal) and sentiment classes; data collection sources
(e.g., customer reviews, social media); analytical method-
ologies (Machine Learning, Deep Learning, Hybrid Ap-
proaches, Transformer/LLM-based Approaches, and
Lexicon/Statistical/Topic Modeling Approaches); model
names; and research gaps. The reviewers extracted the
data using a standardized data extraction form developed
in Microsoft Excel. Before full data extraction, the stan-
dardized data extraction form was piloted on five selected

studies, representing 14.3% of the 35 studies included
in the review. The pilot subset was selected to reflect
variation in application domains, data types, and method-
ological approaches. Based on the pilot test, the form
was refined to improve the consistency of data extraction
by clarifying the classification of data types, standardizing
the five methodological categories, distinguishing senti-
ment classes from rating-based outcomes, and ensuring
consistent recording of dataset characteristics, model
names, and reported research gaps. The revised form
was then applied to all 35 included studies. The extracted
data were summarized quantitatively where appropriate
and qualitatively where necessary. The included studies
were categorized into five methodological groups to facili-
tate comparison among the included studies. The review-
ers classified the studies after reading them, examining
the methodologies used in each study, and reviewing the
models and feature extraction techniques. The reviewers
agreed on the following methodological categories: Tra-
ditional Machine Learning (ML), Deep Learning (DL), Hy-
brid Approaches, Transformer/LLM-based Approaches,
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and Lexicon/Statistical/Topic Modeling Approaches. In
addition, the reviewers independently identified the appli-
cation areas after reviewing the study title, objective, and
dataset used in each study. The application areas were
then categorized into five groups after the researchers
reached a consensus: Digital Banking Services, Digital
Banking and Mobile Banking, Digital Wallets and Pay-

ment Systems, Credit Card and Payment Services, and
Conversational Banking Systems. Finally, these classifi-
cations enabled us to identify areas and methodologies
that have not yet been explored in the field of digital
banking. The extracted data are summarized in Table
(3).

Table[3]: Characteristics of the Included Studies (continued in Appendix A)

Ref Year Country Domains Data type Sentiments Approaches

[18] 2025 Indonesia Digital Wallets and
Payment Systems

Text Positive / Negative Deep Learning (DL)

[19] 2024 United
Kingdom

Digital Banking Ser-
vices

Text Positive / Neutral /
Negative

Hybrid Approach

[20] 2026 India Digital Wallets and
Payment Systems

Text + Sur-
vey

Positive /
Neutral / Negative

Hybrid Approach

[21] 2024 Indonesia Digital Banking Ser-
vices

Text Positive / Neutral /
Negative

Traditional Machine
Learning (ML)

[22] 2026 Indonesia Digital Wallets and
Payment Systems

Text Positive / Neutral /
Negative

Hybrid Approach

[23] 2025 Indonesia Digital Banking Ser-
vices

Text Positive / Negative Traditional Machine
Learning (ML)

[24] 2024 Indonesia Digital Banking and
Mobile Banking

Text Positive / Neutral /
Negative

Lexicon / Statistical /
Topic Modeling

[25] 2024 Indonesia Digital Banking and
Mobile Banking

Text Positive / Negative Traditional Machine
Learning (ML)

[26] 2024 Indonesia Digital Banking and
Mobile Banking

Text Positive / Negative Traditional Machine
Learning (ML)

[27] 2025 Indonesia Digital Banking and
Mobile Banking

Text Positive / Neutral /
Negative

Hybrid Approach

[28] 2023 Bangladesh Digital Banking and
Mobile Banking

Text Positive / Negative Traditional Machine
Learning (ML)

[29] 2025 Indonesia Digital Banking and
Mobile Banking

Text Positive / Neutral /
Negative

Lexicon / Statistical /
Topic Modeling

[30] 2024 Indonesia Digital Banking and
Mobile Banking

Text Positive / Negative Traditional Machine
Learning (ML)

[31] 2024 USA Digital Banking Ser-
vices

Text Positive / Neutral /
Negative

Hybrid Approach

[32] 2025 Indonesia Digital Banking and
Mobile Banking

Text Positive / Negative Transformer / LLM-
based Approaches

[33] 2025 Saudi Ara-
bia

Digital Banking and
Mobile Banking

Text Positive / Negative /
Conflict

Hybrid Approach

[34] 2024 India Digital Wallets and
Payment Systems

Text Positive / Negative Traditional Machine
Learning (ML)

[35] 2025 Yemen Digital Banking and
Mobile Banking

Text Positive / Neutral /
Negative

Hybrid Approach
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[36] 2026 Indonesia Digital Banking and
Mobile Banking

Text Positive / Neutral /
Negative

Hybrid Approach

[37] 2023 Indonesia Conversational Bank-
ing Systems

Text Positive / Neutral /
Negative

Hybrid Approach

[38] 2025 Indonesia Digital Banking and
Mobile Banking

Text Positive / Neutral /
Negative

Deep Learning (DL)

[39] 2025 Türkiye Digital Banking and
Mobile Banking

Numerical
(Time
Series)

Implicit (Rating-
based)

Deep Learning (DL)

[40] 2026 Indonesia Digital Banking and
Mobile Banking

Text Positive / Negative /
Neutral

Lexicon / Statistical /
Topic Modeling

[41] 2023 Indonesia Digital Banking Ser-
vices

Text Positive / Negative /
Neutral

Traditional Machine
Learning (ML)

[42] 2024 Turkey Digital Banking and
Mobile Banking

Text Positive / Negative /
Neutral

Hybrid Approach

[43] 2021 USA Credit Card and Pay-
ment Services

Multi-
source
Text

Positive / Negative /
Neutral

Hybrid Approach

[44] 2024 Indonesia Digital Banking and
Mobile Banking

Text Positive / Negative /
Neutral

Deep Learning (DL)

[45] 2024 Nigeria Digital Wallets and
Payment Systems

Text Positive / Negative /
Neutral

Lexicon / Statistical /
Topic Modeling

[46] 2026 Indonesia Digital Banking Ser-
vices

Text Positive / Negative Hybrid Approach

[47] 2025 Southeast
Europe

Digital Banking and
Mobile Banking

Text Positive / Negative /
Neutral

Hybrid Approach

[48] 2025 Indonesia Digital Banking and
Mobile Banking

Text Positive / Negative Traditional Machine
Learning (ML)

[49] 2024 Indonesia Digital Banking and
Mobile Banking

Text Positive / Negative Lexicon / Statistical /
Topic Modeling

[50] 2025 Tunisia Digital Banking and
Mobile Banking

Text Positive / Negative /
Neutral

Transformer / LLM-
based Approaches

[51] 2024 Indonesia Digital Banking and
Mobile Banking

Text + Sur-
vey

Positive / Negative /
Neutral

Hybrid Approach

[52] 2025 Indonesia Digital Banking and
Mobile Banking

Text Positive / Negative Transformer / LLM-
based Approach

3. RESULTS

In this scoping review, the results obtained from the se-
lected studies were analyzed using both numerical and
thematic analyses.

3.1. Overview of Included Studies
(Main Research Question)

A total of 35 studies related to sentiment analysis in dig-
ital banking were identified, covering the period from

2015 to 2026. The findings indicated a rapid growth
in sentiment analysis research within the field of digital
banking, especially in recent years. No eligible stud-
ies were identified from 2015 to 2020 or in 2022; the
first eligible publication appeared in 2021, followed by
a marked increase in 2024 and 2025, as shown in Fig-
ure (2). The findings also showed the dominance of
unimodal text-based data over multi-source textual data
(reviews, chats, surveys) during this period. In contrast,
multimodal approaches that integrate text, audio, and
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video data remain underutilized. This finding highlights a
significant gap in the current literature.

Figure 2. Distribution of included studies by publication year;
no studies were identified in 2015–2020 or 2022.

3.2. Domains of Application in Digital
Banking (RQ1)

The included studies were classified into five categories
based on their characteristics, as shown in Figure (3).
Digital banking and mobile banking accounted for 22
studies. Second, digital banking services accounted for
six studies, reflecting the studies’ focus on customer
satisfaction with digital banking services. Third, digital
wallets and payment systems accounted for five stud-
ies. Finally, emerging areas received limited attention,
with conversational banking systems and credit card and
payment services each represented by only one study.

Figure 3. Distribution of included studies by application
domain.

3.3. Methodologies Used in Previous
Studies (RQ2)

Figure (4) summarizes the methodological approaches
used in the included studies. The studies were clas-
sified into five categories: traditional machine learning
(ML), deep learning (DL), hybrid approaches (ML+DL,
ML + lexicon-based, and hybrid AI frameworks), lex-
icon/statistical/topic modeling, and transformer/LLM-
based approaches. Methodologies were classified as
hybrid when they combined two or more methodolog-
ical families, while the remaining methodologies were
retained as defined in the original studies. Deep learning
was employed in four studies. These studies utilized CNN
and LSTM techniques, achieving reported accuracies be-
tween 91% and 98%. Lexicon/statistical/topic modeling
approaches were employed in five studies, achieving
classification performance that reached 84%. Some of
these studies did not mention accuracy but addressed
sentiment classification, topic modeling, and customer
satisfaction indicators. Transformer- or LLM-based ap-
proaches were employed in three studies. These ap-
proaches achieved accuracies ranging from 43% to 99%,
relying on models such as LLMs, BERT, IndoBERT, and
ABSA. This indicates that despite advances in these
models, their application in digital banking environments
remains limited. The studies included varied consider-
ably in terms of dataset sizes, models used, and per-
formance metrics; therefore, direct comparisons of the
performance of these models should not be considered
reliable standards.

Figure 4. Methodological approaches used in the included
studies.

3.4. Types of Data Used in Digital Bank-
ing Services (RQ3)

The included studies utilized textual data, multi-source
text, numerical data (time series), or text combined with
survey data, as shown in Figure (5). Most studies ana-
lyzed textual data (31 studies, 88.6%). In contrast, only
one study (2.9 %) used multi-source text (e.g., reviews,
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chats, and surveys). Two studies (5.7 %) employed a
combination of text and survey data, using customer
feedback collected from the Google Play Store and sur-
veys distributed to participants. Only one study (2.9%)
analyzed numerical data (time series) [39], relying on a
Google Play Store review dataset. Overall, the findings
indicate that most studies relied on textual data, neglect-
ing multimodal data such as video and audio, which
remain largely untapped.

Figure 5. Data types used in the included studies.

3.5. Geographical Distribution of In-
cluded Studies in Digital Banking

This section presents the geographical distribution of
the included studies on digital banking, as illustrated in
Figure (6). Most studies focused on Southeast Asia,
particularly Indonesia, which accounted for the largest
number of studies related to digital banking, with a total
of 22 studies. India, Turkey, and the USA followed, with
2 studies each. In contrast, the Middle East and other
regions were represented by only a few studies. These
findings revealed an uneven geographical distribution of
research related to sentiment analysis in digital banking.

Figure 6. Geographical distribution of the included studies.

3.6. Sentiment Classification of the In-
cluded Studies

The findings of this review revealed that the majority of
studies relied on a three-class classification (positive,
negative, and neutral) to categorize customer emotions
in digital banking, representing 22 studies, as illustrated
in Figure (7). However, some studies relied on a two-
class classification (positive and negative), which was
used in 12 studies. Only one study focused on senti-
ment scores, in which sentiment was classified using
numerical values. Overall, the findings indicate that most
studies adopted a three-class classification for sentiment
analysis in digital banking.

Figure 7. Sentiment-classification schemes used in the
included studies.

3.7. Research Gaps in Sentiment Anal-
ysis for Digital Banking (RQ4)

The included studies revealed four principal research
gaps. First, modality integration is almost absent. Most
studies analyzed text only, whereas audio, video, and
synchronized multimodal signals received little or no at-
tention. Second, banking-specific multimodal datasets
are lacking, and many studies relied on relatively small,
single-platform datasets. Third, advanced methods—
including deep learning, transformer architectures, and
large language models—were applied less frequently
than traditional machine-learning and hybrid approaches.
Finally, explainable AI was rarely incorporated; most stud-
ies emphasized predictive performance without providing
sufficient interpretation of model decisions. These gaps
constrain generalizability, real-time deployment, and the
ability to capture implicit or conflicting customer emo-
tions.

4. DISCUSSION
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4.1. Principal Findings

This scoping review identified and summarized research
on sentiment analysis in digital banking. Five research
questions addressed the current state of the field, appli-
cation domains, methodologies, data types, and research
gaps. The review included 35 studies published between
2015 and 2026, a period characterized by rapid advances
in artificial intelligence, particularly transformer-based
models such as BERT and GPT [53]. Text-only data
dominated because customer reviews are readily avail-
able, inexpensive to collect, and less computationally
demanding than synchronized audio-visual data. Digital
and mobile banking were the most common application
domains because app stores and social-media platforms
generate large volumes of customer feedback. Tradi-
tional machine learning and hybrid approaches were
used more frequently than transformer/LLM-based meth-
ods, probably because many datasets were small and be-
cause conventional models require fewer computational
resources. However, these approaches often depend on
manually designed features and may capture contextual
and implicit sentiment less effectively. Transformer and
hybrid AI approaches offer stronger contextual modeling
but introduce higher computational costs, longer training
times, privacy concerns, and challenges in explaining
model decisions. The evidence was also geographi-
cally concentrated, particularly in Indonesia, which limits
cross-cultural generalizability. Taken together, these find-
ings indicate that sentiment analysis in digital banking is
growing rapidly but remains methodologically fragmented
and predominantly text-based.

4.2. Toward Multimodal Sentiment
Analysis in Digital Banking

Although multimodal sentiment analysis has been ap-
plied in e-commerce [54], healthcare [55], and education
[56], none of the included digital-banking studies inte-
grated synchronized text, audio, and video. Multimodal
analysis could capture discrepancies between what cus-
tomers say and how they express it—for example, a
neutral written statement accompanied by a frustrated
tone or facial expression. However, this potential bene-
fit does not justify indiscriminate collection of audio or
video. Adoption should be proportional to a clearly de-
fined service or research purpose and evaluated against
privacy, security, fairness, accessibility, regulatory, and
operational requirements.

4.2.1. Ethical, Privacy, Security, and Governance
Challenges

Banking data are especially sensitive because multi-
modal records may contain account information, identity
documents, faces, voice characteristics, device identi-
fiers, behavioral patterns, and contextual details that

enable re-identification. Dataset development should
therefore apply data minimization, purpose limitation,
explicit and revocable consent where appropriate, re-
tention limits, privacy by design, and security controls
throughout the data lifecycle [57, 58]. Identity-verification
data should be separated from sentiment-research data,
and data-protection and algorithmic-impact assessments
should be completed before collection. De-identification
must address not only names and account numbers
but also quasi-identifiers embedded in speech, images,
metadata, and conversational content. Encryption, role-
based access, audit logging, secure research environ-
ments, and documented incident-response procedures
are required. Where centralization is inappropriate, fed-
erated learning and differential privacy may reduce raw-
data exposure [59, 60], although privacy-utility trade-offs
must be reported. Ethical governance must also address
demographic, linguistic, and cultural bias. Performance
should be audited across relevant groups, including gen-
der, age, accent, dialect, disability, and cultural context,
with human oversight and clear mechanisms for contest-
ing errors. Inferred sentiment should not be used as the
sole basis for credit eligibility, pricing, fraud labeling, or
other high-stakes decisions.

4.2.2. Sources and Development of Banking-
Specific Multimodal Datasets

Potential sources for banking-specific multimodal
datasets include customer service calls, chatbot and
live-chat interactions, video-based customer support ses-
sions, mobile banking application feedback, social me-
dia interactions, and behavioral or application-usage
data. Where ethically and legally permissible, these
sources can be combined to construct aligned datasets
containing text, audio, video, and complementary be-
havioral signals. Dataset development would require
preprocessing, anonymization, temporal synchronization
across modalities, sentiment annotation, quality control,
and appropriate training, validation, and test partitions.
Existing benchmark datasets such as CMU-MOSI [61]
and CMU-MOSEI [62] may provide useful methodolog-
ical references; however, they were developed outside
the digital banking context and do not capture banking-
specific language, customer concerns, privacy require-
ments, or regulatory constraints. Therefore, developing
representative, secure, multilingual, and banking-specific
multimodal datasets represents an important direction
for future research.

4.3. Limitations of the Review

This review has some limitations. A limitation of this
review is that no formal methodological quality or risk-of-
bias assessment was conducted for the included studies.
Although such an assessment is not mandatory in scop-
ing reviews and was not required to achieve the mapping
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objectives of this study [14], its absence limits the extent
to which the methodological robustness and potential
biases of individual studies can be evaluated and com-
pared. Consequently, the synthesized findings should
not be interpreted as an indication that all identified stud-
ies provide equally reliable or methodologically robust
evidence. Future reviews may incorporate formal critical
appraisal or risk-of-bias assessment to provide a more
detailed evaluation of the strength and reliability of the
evidence identified in this review. In addition, only stud-
ies published in English were included, which may have
resulted in the exclusion of relevant studies published in
other languages. Most of the included studies were also
concentrated in Southeast Asia, particularly Indonesia,
which may affect the generalizability of the findings to
other geographical and cultural contexts. Although six
databases were searched, some relevant studies avail-
able in other databases may not have been identified.
Publication bias is another possible limitation, as studies
with positive or higher-performing results may be more
likely to be published. For these reasons, the findings
of this review should primarily be considered a mapping
of current research trends, methods, data types, and
research gaps in sentiment analysis for digital banking.

4.4. Future Research

This scoping review calls for future research to focus
on developing multimodal, multilingual, and multicul-
tural models and datasets, as customers may express
their satisfaction or dissatisfaction using different ex-
pressions, which can affect the performance of senti-
ment analysis models. Therefore, developing multilingual
and multicultural models improves sentiment analysis
performance and generalizability. Studies should use
customer-disjoint and temporal validation, report macro-
F1 and class-wise performance, audit subgroup fairness,
and test cross-platform and cross-country generaliza-
tion. Furthermore, future studies should be directed
toward transformer-based architectures and large-scale
language models for multilingual digital banking environ-
ments. Transformer and multimodal architectures should
be compared with simpler baselines under consistent
protocols. Research should also examine aspect-based
sentiment analysis, temporal sentiment modeling, cross-
lingual transfer, sarcasm detection, real-time deployment,
and explainable AI such as SHAP and LIME. Gover-
nance studies should evaluate informed consent, data
minimization, secure access, human oversight, and the
limitations of using inferred emotion in high-stakes bank-
ing decisions. Federated learning, differential privacy,
secure aggregation, and carefully validated synthetic
data warrant investigation as privacy-preserving strate-
gies, with explicit reporting of privacy-utility and realism
trade-offs. The findings of this review may be influenced
by geographical bias, as most of the included studies

were conducted in Southeast Asia, specifically Indonesia.
This may limit the ability to generalize the results to other
geographical and cultural contexts.

5. CONCLUSION
This scoping review mapped research on sentiment anal-
ysis for customer satisfaction in digital banking from 2015
to 2026. The findings show that research remains over-
whelmingly text-based, with no included study integrating
text, audio, and video within a single sentiment analy-
sis framework. Traditional machine-learning and hybrid
approaches were more common than transformer/LLM-
based methods, while the use of large language mod-
els, multimodal fusion techniques, and explainable AI
remained limited. These findings highlight a substan-
tial research gap rather than an established transition
toward multimodal sentiment analysis in digital banking.
Future research should therefore focus on developing
banking-specific multimodal datasets and models, sup-
porting multilingual and culturally diverse environments,
integrating explainable AI, addressing privacy and gov-
ernance requirements, and evaluating models for real-
time applications. Such developments could support a
rigorous transition from predominantly text-based senti-
ment analysis toward more comprehensive multimodal
approaches for understanding customer satisfaction in
digital banking.
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Appendix A

Table[4]: Characteristics of the included studies

Authors Dataset Model Name Research Gaps

Giovan Meidy
Susanto et al.
[18]

2748 documents
on the Google Play
Store

LSTM Limited use of sentiment analysis for backlog
generation and lack of comparative studies

Amirreza
Ghadiridehko-
rdi et al. [19]

23,079 reviews
from Trustpilot, a
consumer review
platform

DistilBERT and SVM Need for multi-country studies, broader bank
coverage, and integration of multiple customer
feedback sources

E. Seema et al.
[20]

624 responses: hy-
brid survey and tex-
tual data

ML, K-means Clus-
tering, Hierarchical
Clustering

Lack of AI-driven customer satisfaction as-
sessment models capable of capturing implicit
sentiment

Yudhistira et al.
[21]

991 tweets Naïve Bayes Single social media platform, short observa-
tion period, reliance on NB and lexicon meth-
ods, and Indonesian-language data only

Noor Latifah et
al. [22]

13,823 labeled re-
views

BiLSTM, Logistic Re-
gression

Lack of temporal sentiment monitoring and
cross-application temporal analysis

Siti Aisyah et al.
[23]

2,000 customer re-
views from Google
Reviews

LR, SVM, and Cat-
Boost

Need for Transformer/DL models and
temporal/time-series sentiment analysis

Khairin Andini
Safarah et al.
[24]

13,692 reviews from
Google Play Store

LSI, Orange Data
Mining Tool

Lack of integrated sentiment analysis and
topic modeling studies in mobile banking

Yefta Christian
et al. [25]

13,692 reviews from
the Google Play
Store

NBC, SVM Single-source data- binary classification-
small dataset-limited SVM–NB comparison.

Olivia Sutriani
Jelni et al. [26]

15,233 reviews from
Google Play Store

SVM, KNN Limited SVM–KNN comparison, restricted
data sources, and no transformer or aspect-
based analysis

Muh Nabil et al.
[27]

814 user reviews
from Google Play

Naïve Bayes, SVM,
LDA

Limited Islamic banking studies, low use of
DL, transformers, and multimodal methods,
with reliance on traditional ML

Mouri Dey et al.
[28]

7700 reviews NaïveBayes,
SVM,LDA

Limited multimodal studies and need for hy-
brid NLP methods

Rita Purna-
masari et al.
[29]

50,000 reviews from
Google Play

VADER sentiment
analysis

Exploring transformer-based models; lack
of standardized criteria; expanding the geo-
graphic scope

Adiningtyas et
al. [30]

6000 reviews from
Google Play Store

Naïve Bayes Limited data sources and a clear absence of
transformer and multimodal approaches

Rowsan Jahan
Bhuiyan et al.
[31]

Social Media Re-
views.

LR; RF; SVM; NB;
LSTM

Limited multimodal research, advanced mod-
eling, deployment evaluation, and inter-
pretability

Dzaki Moch
Fikri Aliffa et al.
[32]

5174 reviews from
Google Play Store

IndoBERT-base Limited multimodal research-advanced
modeling-deployment evaluation-and inter-
pretability
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Raghad Alawaji
et al. [33]

4922 reviews from
Google Play Store

ML, Ensemble: Vot-
ing Classifier,
LLMs

Limited Arabic studies and datasets, low LLM
adoption, and lack of multimodal analysis and
XAI.

Md. Mahmood
Ali et al. [34]

10,298 reviews from
Google Play Store

(SVM), (RF) No true multimodal analysis, limited Trans-
formers/BERT use, no standard datasets,
weak XAI, and limited real-world, multilingual,
and multi-source integration

Salah Al-
Hagree et al.
[35]

3,147 reviews from
the Google Play
Store.

NB; KNN; SVM; RF;
ChatGPT; Bard

limited Arabic studies- underused LLMs-no
hybrid ML–LLM human-in-the-loop- and no
standard Arabic labeling

Muhammad Alif
Ilmansyah et al.
[36]

9,272 user reviews
from the Google Play
Store and Twitter (X)

Naïve Bayes; LSTM Weak class imbalance handling, limited ML
vs DL comparisons, and overreliance on ac-
curacy without macro-level metrics

Naufal Rezky
Ananda et al.
[37]

40,000 customer text
conversations

GCN + Chebyshev-
GCN + Transformer-
GCN + XGBoost +
RF + LGBM

Limited graph-based methods, few GNN stud-
ies in banking, weak word-relation modeling,
unstable GNN results, and a need for deeper
contextual models

Sigit Mulyanto
et al. [38]

5,000 reviews from
Google Play Store

LSTM Limited DL (LSTM), reliance on fintech/e-
wallet data, lack of standard datasets, weak
XAI use, and no true multimodal data

Murat Kilinc et
al. [39]

242,504 reviews
from Google Play
Store

LSTM vs SNaive Google Play only, short-term forecasting, and
only LSTM vs. SNaive

Goesniawan
Xena Adikara
et al.[40]

100,000 reviews
from Google Play
Store.

LDA, TextBlob Transformer models, human validation, multi-
platform data, comparative banking studies

Mulyani Karma-
gatri et al. [41]

Twitter dataset
(2,390 tweets)

Naïve Bayes Lack of advanced DL/Transformer models and
multimodal sentiment analysis

Yavuz Selim
BALCIOĞLU et
al. [42]

139,994 reviews
from the Google Play
Store

Random Forest,
GBM, BERT, LDA

Need cross-country studies, longitudinal anal-
ysis, multimodal data, behavioral analytics,
churn prediction, AI feature evaluation

Uttam Kotadiya
et al. [43]

65,000 data records NB, SVM, BERT,
LSTM, RF, VADER

Need for multimodal data, cross-country vali-
dation, stronger ethics, Transformer/LLM use,
longitudinal analysis, churn prediction integra-
tion, and behavioral-sentiment fusion

Irnayanti Dwi
Kusuma et al.
[44]

4,889 tweets from
Twitter

BiLSTMCNN Need for Transformers/LLMs, multimodal anal-
ysis, balanced datasets, and cross-country
context-aware models

Suleiman et al.
[45]

160,890 reviews
from various plat-
forms

Text Blob + LDA Need for Transformers/LLMs, multimodal anal-
ysis, longitudinal tracking, and cross-platform
sentiment studies

Musdalifa Putri
Casanova et al.
[46]

22,923 reviews from
Google Play Store

SVM, CNN, In-
doBERT

Limited use of the KDD framework and pattern
interpretation

Mahmutovi ć et
al. [47]

56,074 reviews from
the Google Play
Store

mBERT, BERTopic +
LR

multimodal UX modeling absence, weak sen-
timent integration, lack of update/version stud-
ies, and regional research scarcity
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Vincentius
Riandaru
Prasetyo et al.
[48]

1,800 reviews from
Twitter (X),Google
Play Store

NB, DT, (KNN)LR,
(SVM)

Need for modern topic modeling comparison,
semantic embeddings, multiclass classifica-
tion, larger datasets, and improved LDA tuning

Dedy Suryadi
et al. [49]

7,861 customer
reviews from the
Google Play Store

LDA, SenticNet 5;
POS Tagging; De-
pendency Tree Pars-
ing

Advanced sentiment models, emotion analy-
sis, multi-source and cross-country datasets

Rim Mahouachi
et al. [50]

4,329 reviews from
the Google Play
Store.

mBERT; RoBERTa,
LLMs, VADER, Sen-
tiWordNet, AFINN

Limited use of sentiment analysis for product
backlog generation and lack of comparisons
of sentiment, topic modeling, and summariza-
tion techniques

Achmad Ba-
hauddin et al.
[51]

100 survey re-
sponses + Google
Play reviews (num-
ber not specified)

SVM, SERVQUAL,
QFD

Limited feedback integration, weak
AI/multimodal use, and poor long-term
UX evaluation

Robby Kishan
Pardamean et
al. [52]

10,159 reviews from
Google Play Store

IndoBERT (fine-
tuned + non-fine-
tuned)

Limited ABSA, multimodal and Trans-
former/LLM use, weak neutral modeling, and
poor generalization.
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