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Abstract—The analysis of sentiment and emotion has become
an important research topic in Natural Language Processing
(NLP) due to the rapid growth of textual data generated on digital
platforms. Still, despite significant progress, the existing literature
remains fragmented across methods, modalities, and application
domains, making it difficult to obtain a comprehensive
understanding of current research trends. This study presents a
structured literature review that synthesizes recent advances in
sentiment and emotion analysis of textual data. The review follows
the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) protocol and systematically examines studies
retrieved from the Web of Science (WoS) and Scopus databases.
After screening, eligibility evaluation, and Quality Assessment
(QA), 50 primary studies published between 2023 and 2025 were
selected for analysis. As such, the findings reveal a clear
methodological transition from traditional Machine Learning
(ML) techniques toward transformer-based architectures and
Large Language Models (LLMs). In addition, recent studies
increasingly explore multimodal approaches and context-aware
emotion modeling to improve sentiment and emotion detection.
Despite these advancements, several challenges remain, including
the detection of implicit emotions, dataset imbalance, and domain
adaptability. Overall, this review provides a structured synthesis
of recent developments in textual sentiment and emotion analysis,
identifies key research challenges, and outlines potential directions
for future studies.
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I.  INTRODUCTION

Sentiment and emotion analysis of textual data is a fast-
growing area of Natural Language Processing (NLP) that
focuses on the recognition and classification of emotions and
opinions conveyedin the form oftext. Thisfield has become one
of the most strongly studied areas owing to the rise in user-
generated content on social media and other online platforms.
Notably, sentiment analysis or opinion mining is a
computational process for extracting subjective information like
opinions, attitudes and feelings from text [1], [2], [3]. The main
aim is to determine whether the feeling conveyed in a text or
passage is good, bad or indifferent. Nevertheless, sentiment
analysis may further explore more aspects of how to detect
certain feelings likejoy,sadness,anger, and surprise [4],[5],[6].

Sentiment and emotion analysis has become complex due to
the intricacy of the human language. Context is crucial for
correctly understanding sentiments. As an example, the term

“Nothing!” can have various meanings based on the context in
which it is applied [7]. In addition, sarcasm and irony are also
rather problematic, as they usually imply the expression of an
opposite feelingto the literal meaningofthe words used [ 7], [8].
Furthermore, to overcometheseproblems, scholarsuse different
Machine Learning (ML) and deep learning methods, such as
Convolutional Neural Networks (CNNs), Long Short-Term
Memory (LSTM) networks, and Recurrent Neural Networks
(RNNs) [71, [9], [10]. With the help of large datasets, these
models are also trained to identify patterns and classify
sentiments and emotions with high accuracy.

The analysis of sentiment and emotion in application has a
broad spectrum. It is applied in the business industry to measure
customer satisfaction and customer feedback, allowing
businesses to make valuable decisions and enhance their
products and services [9], [ 10]. Accordingly, sentiment analysis
in politics can be used to monitor social behavior of policies and
political personalities, which offers a helpful input for the
preparation of campaigns [11],[12]. It also helps the healthcare
industry, especially through comprehending patient experience
and mental health conditions by analyzing social media posts
and other texts [13],[14], [15]. Furthermore, sentiment analysis
finds application in many areas like marketing, finance, and
human-computer interaction, which is why it is versatile and
essential [16], [17], [18].

Sentiment and emotion analysis has several challenges
despite its developments. One of them is that it requires large,
domain-specific datasets to be trained successfully [7],[19]. In
line with this, the variety of languages and cultural variations in
the expression of emotions means that algorithms must be
flexible and precise in various settings [12],[19]. At the same
time, ethical factors,suchas trainingdata biasand privacy issues
[6], [20], are key to the development and use of the sentiment
analysis tools. Hence, to address the challenges, researchers
continue developingnewtools and techniques, including the use
of multimodal information (text, facial expressions, body
language) and the development of more sophisticated models
[11],[13],[21].

In summary, textual sentiment and emotion analysis is a
promising and powerful field that employs the most appropriate
NLP techniques in the identification of meaningful information
from large quantities of unstructured data. It is applied across
various industries, and it provides the necessary information to
make decisions and learn more about human emotions and
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opinions. As the field continues to evolve, the problems of
context dependence, language diversity, and ethical concerns
must be addressed to develop more precise and robust systems
of sentiment analysis. Notably, more developments and
applications of sentiment and emotion analysis are sure to
emerge in the future, given the current studies and progress in
this area. This study differs from previous reviews that often
examine sentiment analysis and emotion detection separately. It
integrates both perspectives and provides a comprehensive
synthesis of recent developments in textual affect analysis.
Specifically, this review organizes the literature into four main
research streams, namely core detection methods, multimodal
sentiment and emotion analysis, transformer-based and Large
Language Model (LLM) architectures, and domain-specific
applications. In addition, this review focuses on recent studies
published between 2023 and 2025, encompassing the rapid shift
towards transformer-based approaches driven by LLMs in
affective computing. By systematically synthesizing these new
developments, this studyaims toprovide a clearer understanding
of the currentresearch directions and methodological trends in
sentiment and emotion analysis.

The remainder of this study is organized as follows. Section
I presents the Research Questions (RQs) guiding the systematic
review. Section Il describes the research methodology,
including the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) protocol, search strategy,
screening process, and Quality Assessment (QA) procedure.
SectionIV discussesthe findings ofthe systematicreview across
four major thematic areas. Finally, Section V concludes the
study by summarizing key findings, highlighting research gaps,
and proposing directions for future research.

II. RESEARCH QUESTION

A Systematic Literature Review (SLR) is a form of research
that relies on RQs to give intellectual structure for the review,
and is the conceptual center of the review and the
methodological focus. It describes the scope and content of the
review, which makes the judgment aware of the choice of
publications and eliminates irrelevant or subjectively unrelated
evidence. Concurrently, clear RQs will enable a comprehensive
and systematic search strategy, which will rule out potential
omissionsandaddress selection bias, thus contributingto a good
and balanced representation of knowledge applicable in the
field. Moreover, RQs provide a logical structure for analysis
within which to model, compare, and synthesize results of
studies to identify significant patterns, trends, and gaps. In
addition, the clarity of RQs assists the researcher in avoiding
ambiguity, enhances interpretability and also renders the
findings of the review relevant and actionable by making sure
that the concept is clear and has a focus on analysis. Notably,
they also enhance the transparency and reproducibility of the
review process, allowing other researchers to reproduce,
confirm or generalize the results. Together, RQs form the basis
ofthe scientific rigor of an SLR to guaranteeits consistency with
its overall goals, be it mapping the state of the art,
methodological assessment, or the unresolved problems in an
area of research.

The development of RQs is the most important component
of the planning stage of an SLR, as it directly influences the
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protocol ofthe review, the search strategy, and the methodology
of'synthesis [22]. Since the aim ofthe present SLR is to organize
the search for the state of the art in sentiment and emotion
analysis of textual information, the PICo model was selected to
inform the formation of the RQ. PICo, also known as
Population, Interest, and Context, is a mnemonic model
frequently utilized in either qualitative or exploratory reviews to
guarantee conceptual accuracy and analytical consistency [23].
Building on this, the PICo framework helps formulate clear,
focused, and methodologically effective RQs by breaking the
research focus into three main constituent elements, thereby
enhancing the efficiency of the literature retrieval and synthesis
process. According to this framework, the present study
formulated two RQs, which are as follows:

RQI1: How have textual datasets (Population) been analyzed
using traditional ML and deep learning techniques for emotion
and sentiment detection (Interest) within general-purpose
textual analysis contexts such as social media, reviews, and
online discourse (Context)?

RQ2: How do multimodal data sources that include text
combined with visual or audio elements (Population) enhance
emotion and sentiment analysis performance (Interest) in
contexts where affective meaning is distributed across multiple
modalities, such as social media platforms and human-computer
interaction environments (Context)?

RQ3: How do transformer-based models and LLMs applied
to large-scale textual corpora (Population) improve fine-grained
emotion and sentiment detection (Interest) in advanced natural
language understanding contexts, including implicit, contextual,
and low-resource language scenarios (Context)?

RQ4: How are domain-specific textual datasets, such as
those related to healthcare, education, or online harassment
(Population), analyzed for sentiment and emotion patterns
(Interest) within applied and sensitive real-world contexts that
demand ethical, contextual, and interpretive robustness
(Context)?

III. MATERIAL AND METHODS

The SLR covered in the study is conducted within the
framework of the PRISMA system, whichis a global standard,
offering transparency, methodological rigor and reproducibility
to the review process [24]. The PRISMA guidelines permit the
usage of a comprehensive and unbiased approach to identifying,
screening, and filtering studies, which underlie the validity and
reliability of the review findings. The emphasis on systematic
processes and the integration of high-quality evidence, notably
rigorously designed studies, as PRISMA is concemed with,
contributes to the minimization of the selection bias and the
enhancement of the overall analytical rigor. Correspondingly,
the main databases selected forthis studyarethe Webof Science
(WoS) and Scopus due to their comprehensive coverage, high-
quality indexing and dependability in academic research.

The PRISMA system offers a framework for the review
process and divides it into four successive steps: identification,
screening, eligibility, and data abstraction. During the
identification phase, a search of databases is conducted on a
large scale to encompass all the possibly relevant studies. This
is followed by the screening step, where the records are
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subjected to set inclusion and exclusion criteria to identify
irrelevant studies and fit or poor-quality studies. Following this,
the eligibility phase would involve an intensive review of the
remaining articles in order to ensure that they satisfy the review
criteria for the content. Finally, the data abstraction phase
speculates on the systematic identification and combination of
useful data from the sampled literature to support a sound
analysis and interpretation. Collectively, this methodological
illumination may facilitate transparency of method as well as
analytic rigor that produce plausible outcomes that may inform
future research and professional contexts in a significant
manner.

A. Identification

Followingthe PRISMA model, the identificationstage is the
mostbasic phaseofan SLR. It establishes the extent and validity
of'the evidence against which the following analysis operations
will be carried out. In this research, Scopus and WoS are the two
authoritative bibliographic databases employed in the
identification process, and both are known to be of high quality
in terms of indexing, coverage of different journals, and a large
extent of relevance to interdisciplinary research. At the same
time, a set of keywords developed with consideration of
sentiment analysis, emotion analysis, and textual data was used
to develop the searchstrategy. These ensure the highest possible
recall and conceptual correspondence with the study objectives.
As a result, 1,915 records were acquired during this step,
comprising 1,320 Scopus publications and 595 WoS
publications, as summarized in Table I. This high introductory
yield indicates a growth in scholarly interest in the research of
affective computing and text analysis, particularly in socially
sensitive and complex studies.

TABLE L. THE SEARCH STRING

TITLE-ABS-KEY (("sentiment analysis" OR "sentiment" OR
"opinion mining" OR "sentiment classification") AND
("emotion analysis" OR "emotion detection" OR "affect
analysis" OR "emotional classification") AND ("textual data"
OR "text data" OR "text" OR "documents" OR "written
content")) AND ( LIMIT-TO ( DOCTYPE , "ar")) AND
(LIMIT-TO (PUBSTAGE , "final") ) AND (LIMIT-TO (
LANGUAGE , "English" ) ) AND ( LIMIT-TO ( SRCTYPE ,
"j")) AND (LIMIT-TO ( PUBYEAR ,2023) OR LIMIT-TO
(PUBYEAR |, 2024) OR LIMIT-TO (PUBYEAR ,2025))
Date of Access: Jan 2026

TS=(("sentiment analysis" OR "sentiment" OR "opinion
mining" OR "sentiment classification") AND ("emotion
analysis" OR "emotion detection" OR "affect analysis" OR
"emotionalclassification") AND ("textualdata" OR "text data"
OR "text" OR "documents" OR "written

WoS content")) and 2025 or 2024 or 2023 (Publication

Years) and Article (Document

Types) and English (Languages)and Early Access or Retracted
Publication (Exclude—Document

Types) and Article (Document Types)

Date of Access: Jan 2026

Scopus

The spread of records between the two databases also
highlights the complementary advantages of these databasesand
the rationale for using them together in this review. The added
records from Scopus represented a larger percentage,
attributable to its broad collection of journals and substantial
coverage of conference proceedings, especially in the areas of
computer science and data-driven research. Instead, WoS has
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fewer entries, though it is marked by extremely narrow
parameters for the selection of journals and is interested in high-
impact publications, thereby enhancingthe overall quality of the
obtained literature. As such, this study will influence the bias of
databases by combining the two databases, which will provide a
better and more balanced picture of available research. Notably,
inclusiveness was a careful consideration in the identification
phase, as it was acknowledged that studies focusing on
sensitivity and emotional issues tend to use various
terminologies and approaches to the methods. Such strategic
breadth at this point ofidentification enhances the methodology
rigor of the review, and a strong basis for the rest of the
screening and eligibility analyses will be conducted, and hence,
larger and stronger findings will be drawn.

B. Screening

The screening phase was conducted to narrow the original
list of studies to those eligible for the review according to the
scope and quality criteria. Among the 1,915 records that were
found in Scopus and WoS, titles and abstracts were carefully
filtered after a set of inclusion and exclusion criteria was
established. An outcome of this process was 425 records
considered of interest for subsequent evaluation, including 242
articles in Scopus and 183 in WoS. In particular, the large drop
at this pointis due to stringent filtering processes that will keep
the studies specifically related to sentiment analysis, emotion
analysis, and textual data within a reasonable empirical and
methodological framework. In essence, by reducing the range of
data at the screening stage, the review increases the degree of
analytical focus and maintains a sufficiently wide range of
literature that can be synthesized meaningfully.

TABLEI. THE SELECTION CRITERION IS SEARCHING
Criterion Inclusion Exclusion
Language English Non-English
Time line 2023 - 2025 <2023

Literature type Journal (Article) Conference, Book, Review

Publication Stage Final In Press
Subject Cqmputer Besides Computer Science
Science

Accordingly, 1,490 records were eliminated during the
screening process as a result of failure to conform to the set
standards. Specifically, articles in languages other than English,
publications earlier than 2023, and non-primary research
products, including conference papers, books, review articles,
and in-press articles, were eliminated, as depicted in Table IL
These omissions have been made with a strategic purpose in
order to have consistency ofthe methodology, relevance in time
and inclusion of peer-reviewed empirical studies that are
reflective of the latest developments in the study of sentiment
and emotion analysis. Moreover, 147 duplicate records were
identified and removed to avoid duplication and possible bias in
the review procedure. Taken together, these screening choices
contribute to the internal validity and credibility of systematic
reviews by emphasizing quality and current journal articles and
reducing the presence of noise from outdated, redundant, and
heterogeneous sources. Consequently, the filtered dataset offers
a strong and narrow base on which the nextstage of eligibility
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will be done to guarantee the final selection of studies is
theoretically applicable and empirically sound.
C. Eligibility

Theeligibility phaseis ahighly crucial quality-control phase
where both methodological rigor and relevance are carefully
examined. During the stage of eligibility, deliberation over a
publication year cut-off was done between 2023 and 2025 to
guaranteetime and currency of relevance and methodology. The
rationale behind this choice was the accelerated, disruptive
change in automated and Al-drivensystems over thelast several
years, especially after the introduction of transformer-based and
generative Al into text analysis and educational tools, making
them ubiquitous. Most studies published before this date
represent older groups of automated tools and have significant
differences in modeling capacity, contextual sensitivity, and
analytical sophistication compared to modern methods. In
addition, restricting the review to literature published during this
period guarantees that the synthesized evidence is sufficiently
representative of the affordances oftechnologies at the moment,
current methods of practice, and current trends in human
interaction with text. This, in turn, increases the relevance,
validity, and applicability of the review results. Based on the
screening process, 278 full-text articles obtained from Scopus
and WoS underwent thorough eligibility evaluation. At this
point, each study was thoroughly reviewed to assess its
substantive value, empirical basis, and adherence to the
fundamental research focus on sentiment analysis, emotion
analysis, and textual data. This higher form of examination goes
more profoundly than surface relevance and allows only studies
that provide useful theoretical, methodological, or analytical
insight to be maintained. The eligibility process, therefore,
serves to protectthe internal validity of the review by ensuring
that the studies included are thematically aligned and
sufficiently robust to undergo qualitative synthesis.

As a result of this high-fidelity screening, 228 articles were
not further considered. The exclusions were mostly made based
on studies falling out of the pertinent sphere of discipline, titles
of studies which were conceptually and analytically non-
relevant, lacked an abstract which explicitly covered the
research objectives and could not locate full-text copies, or
lacked empirical support for their claims. Remarkably, these
were exclusion criteria designed to provide adequate conceptual
dilution and to prevent the impact of the interpretive power of
the review by including speculative or methodologically weak
studies. Following the systematic filtering, 50 studies were
found eligible and included in the qualitative analysis. The latter
corpus is a high-quality, well-edited set of studies that covers
current tendencies in the sphere of methodology and theoretical
approaches. Concurrently, the review reduces the evidence base
at the eligibility phase, thereby enhancing analytical rigor,
consistency,andcredibility, whichmakesthe results ofthe study
more reliable and applicable in future research and practice.

The PRISMA flow diagram illustrates the systematic
screening process applied in this study. Duplicate records were
removed using reference management tools, followed by
manual verification. Titles and abstracts were screened to assess
relevance to sentiment and emotion analysis in textual data.
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Subsequently, full-text articles were evaluated based on the
predefined inclusion and exclusion criteria to ensure
methodological relevance and research quality.

D. Data Abstraction and Analysis

An integrative analysis approach was a fundamental
analytical strategy in this study, as it helps examine and
synthesize evidence from various qualitative research designs in
a systematic way. Notably, the main aim of this strategy was to
distinguish salient themes and subtopics that defined thebody of
literature in existence. Following this, structured data collection
served as the starting point of the analytical process, providing a
basis for the later development of the themes. To ensure
transparency and reproducibility, metadata from the selected
studies were systematically extracted and organized in a
structured matrix. The extracted information includes author
names, publication year, dataset used, model architecture,
evaluation metrics, and key findings. This structured dataset
served as the basis for thematic synthesis and comparative
analysis. The authorsperformeda careful analysisof 50 selected
sources to provide statements, findings and conceptual insights
directly related to the scope of the current study, as displayed in
Fig. 1. Special focus was placed on the critical evaluation of
influential studies on sentiment and emotion analysis in textual
data, both in terms of the methods adopted and the results.

After this firstanalytical step, the methodologies utilized in
the studies reviewed and their findings were compared and
interpreted in a systematic way. Emergent themes were
developed by working together with the authors to bring
conceptual sense and situational affiliation, and the use of
empirical evidence was well-built into their development of
emergent themes. During the process of the analysis, an audit
trail was maintained to document analytical decisions,
interpretive reflections, emerging questions and methodological
considerations, which enhanced transparency and reliability.
Additionally, to boost the rigor of the analysis process, the
authors have cross-validated the identified themes to determine
and remove potential inconsistencies in the thematic framework.
In line with this, the thematic synthesis was plausible and robust,
as deviations or disjointed readings could be resolved through
the process of group discussion and agreement.

E. Quality of Appraisal

The quality of the selected primary studies was rated
according to the methodological framework of Kitchenham and
Charters [22], which made it possible to conduct a rigorous and
quantitative comparison of the included research. To
operationalize it, the contemporary study takes into account the
QA framework suggested by [25], comprising six predefined
QA criteria specifically created to be applied in SLRs. The
criteriahavebeenratedusingascore scaleofthree levels: “Yes”
(YY), a score of 1 when the criteria was met fully; “Partly” (P), a
score of 0.5 when the criteria was met partially and with certain
limitations; and “No” (N), a score of 0 when the criteria was not
addressed. Interestingly, this systematic review will provide
consistency, transparency and comparability in the review
process of assessing the methodological rigor of the selected
studies. The QA criteria (QA1-QA6) to assess the included
studies are outlined in Table IIL
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TABLE III. QUALITY ASSESSMENT CRITERIA USED IN THE SYSTEMATIC

LITERATURE REVIEW

QA1 Is the purpose of the study clearly stated?

QA2 Is the interest and the usefulness of the work clearly presented?

QA3 Is the study methodology clearly established?

QA4 Are the concepts of the approach clearly defined?

QAS Is the work compared and measured with other similar work?

QA6 Are the limitations of the work clearly mentioned?

These criteria were adapted from the QA framework
proposed by [22] for SLRs. The selected criteria focus on
evaluating the clarity of research objectives, methodological
transparency, conceptual soundness, comparative evaluation,
and the reporting of limitations. This framework has been
widely adopted in SLR studies to ensure methodological
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consistency and comparability across the included literature.
Although the criteria are intentionally generic to allow
consistent evaluationacross heterogeneous studies, aspects such
as datasets, model architectures, and evaluation metrics were
further examined during the data extraction and synthesis stages
of the review.

The determination of the quality was performed by various
professionals independently. Each study was rated according to
the stated QA criteria, and the scores were then aggregated to
provide the total quality score. A study had to score more than
3.0 cumulatively based on the evaluation across all three experts
to qualify to be included in the next phase of the review. This
was a predetermined threshold to ensure that only studies that
demonstrate a desirable level of methodological rigor and
quality of reporting would be further analyzed.

Pz
8 Records identified through Records identified through WoS
§ Scopus searching searching
i E ¢ (n=1,320) ( =595)
: =
] s
3 = H
R
\4 \4
searmssnasseaz Records excluded
Records after screened Follow the criterion;
: ] Scopus (n = 242), WoS (n = 183) > removed non-English
: : <2023
50 (Total = 425) Conference, Book, Review
E In Press
i3 (n = 1,490)
: =5
N A
Duplicate record removed
: ] (n =147)
z Full text excluded.
= Due to the out of field
P8 ) L Title not significant
20 Article access for eligibility p | Abstract not related on the objective
r R (n=278) of the study
No full text access.
R (n=228)
v
Py i
H =) Studies included in qualitative analysis
: =
L > . (n =50)
1 = .
] -

Fig. 1.

IV. RESULT AND DISCUSSION

The results of the QA of the 50 primary studies (PS1-PS50)
suggest that the overall methodological quality of the selected
literature is, in general, high enough and corresponds to the

Flow diagram of the proposed searching study [26].

predetermined inclusion criterion. According to the scoring
scheme adopted, all studies obtained a percentage score that was
far beyond the rejection point of 50, set as the absolute
minimum, and a range of 66.7% to 91.7% is displayed in Table
IV. In comparison, studies with the highest scores demonstrated
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well-statedresearch objectives, clear researchmethodology, and
a clear description of the proposed methodology. Meanwhile,
moderate changes in scores could be explained by the fact that
the partial reporting in comparative evaluations (QAS5) and
insufficiently discussed limitations of the research (QA6) were
frequently omitted in abstracts. However, none of the studies
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had a score below 50% quality. Hence, none of the evaluated
articles was filtered out during this phase. The result of this
outcome proves that all the selected primary studies have an
adequate degree of rigor and relevance to be retained in further
stages of the SLR.

TABLEIV. PERFORMANCE OF QUALITY ASSESSMENT

RQ Primary Studies (PS) Author QA1 QA2 QA3 QA4 QAS QA6 Total %
RQ3 PS1 [27] Y Y Y Y P N 4.5 75.00
RQ3 PS2 [28] Y Y Y Y Y P 55 91.70
RQ2 PS3 [29] Y Y Y Y Y N 5.0 83.30
RQ1 PS4 [30] Y P Y Y P N 4.0 66.70
RQ4 PS5 [31] Y Y Y Y Y N 5.0 83.30
RQI PS6 [32] Y P Y Y P N 4.0 66.70
RQ4 PS7 [33] Y Y Y Y P N 45 75.00
RQI PS8 [34] Y Y Y Y Y P 55 91.70
RQ4 PS9 [35] Y Y Y Y P N 45 75.00
RQ1 PS10 [36] Y Y Y Y Y N 5.0 83.30
RQ2 PS11 [37] Y Y Y Y Y P 55 91.70
RQ2 PS12 [38] Y Y Y Y P P 5.0 83.30
RQ3 PS13 [39] Y Y Y Y Y N 5.0 83.30
RQ4 PS14 [40] Y P Y Y P N 4.0 66.70
RQ4 PS15 [41] Y Y Y Y P N 45 75.00
RQ2 PS16 [42] Y Y Y Y P N 45 75.00
RQ1 PS17 [43] Y Y Y Y Y N 5.0 83.30
RQ2 PS18 [44] Y Y Y Y Y P 55 91.70
RQ3 PS19 [45] Y Y Y Y Y P 55 91.70
RQI1 PS20 [46] Y Y Y Y Y N 5.0 83.30
RQ2 PS21 [47] Y Y Y Y Y N 5.0 83.30
RQ3 PS22 [48] Y Y Y Y Y N 5.0 83.30
RQ3 PS23 [49] Y Y Y Y P N 45 75.00
RQ4 PS24 [50] Y Y Y Y Y P 55 91.70
RQ4 PS25 [51] Y Y Y Y P N 4.5 75.00
RQ4 PS26 [52] Y Y Y Y Y P 55 91.70
RQ1 PS27 [53] Y Y Y Y Y P 55 91.70
RQ4 PS28 [54] Y Y Y Y P N 45 75.00
RQ4 PS29 [55] Y Y Y Y Y N 5.0 83.30
RQ3 PS30 [56] Y Y Y Y P N 45 75.00
RQ1 PS31 [57] Y Y Y Y P P 5.0 83.30
RQ3 PS32 [58] Y Y Y Y Y N 5.0 83.30
RQ1 PS33 [59] Y Y Y Y P N 4.5 75.00
RQ4 PS34 [60] Y Y Y Y P N 45 75.00
RQ2 PS35 [61] Y Y Y Y P N 45 75.00
RQ3 PS36 [62] Y Y Y Y Y N 5.0 83.30
RQ4 PS37 [63] Y Y Y Y P N 4.5 75.00
RQIl PS38 [64] Y Y Y Y P N 45 75.00
RQ4 PS39 [65] Y Y Y Y P N 45 75.00
RQ4 PS40 [66] Y Y Y Y P P 5.0 83.30
RQ1 PS41 [67] Y Y Y Y P N 45 75.00
RQ1 PS42 [68] Y Y Y Y P N 45 75.00
RQ1 PS43 [69] Y Y Y Y Y N 5.0 83.30
RQ2 PS44 [70] Y Y Y Y Y N 5.0 83.30
RQ1 PS45 [71] Y Y Y Y P N 4.5 75.00
RQ1 PS46 [72] Y Y Y Y Y P 55 91.70
RQ3 PS47 [73] Y Y Y Y Y N 5.0 83.30
RQ3 PS48 [74] Y Y Y Y Y N 5.0 83.30
RQ4 PS49 [75] Y Y Y Y P N 4.5 75.00
RQ3 PS50 [76] Y Y Y Y P N 4.5 75.00
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A. Overview of Research Landscape in Sentiment and
Emotion Analysis

Fig. 2 presents a conceptual overview of the research
landscape in sentiment and emotion analysis derived from the
synthesis of the reviewed studies. The figure illustrates the
interconnected relationship between four major dimensions
identified in the literature, namely analytical techniques,
methodological challenges, application domains, and future
research directions. In terms of techniques, recent studies
increasingly employ deep learning and transformer-based
language models for emotion classification and sentiment
detection [36], [48], [62].However, several challenges remain,
including limitations in polarity-based sentiment interpretation,
imbalanced datasets, and difficulties in accurately detecting
complex emotional expressions [57], [59]. The reviewed studies
also demonstrate a wide range of application domains,
particularly in social media analysis, health monitoring, and
customer feedback interpretation [34], [53], [60]. At the same
time, emerging research directions highlight the integration of
artificial intelligence into adaptive systems such as e-learning
platforms and intelligent affect-aware applications [38], [55],
[65]. Overall, the conceptual map highlights the dynamic
interactionbetween methodological developmentandreal-world
applications, while also revealing existing research gaps that
motivate further advancement in sentiment and emotion
analysis.

Another observation derived from the reviewed studies
concerns the types of datasets commonly used in sentiment and
emotion analysis research. Among the selected studies, social
media datasets dominate the research landscape, particularly
datasets derived from platforms such as Twitter, Reddit, and
other online discussion forums [41],[53],[69]. These datasets
are widely used because they contain large volumes of user-
generated textual data that reflect spontaneous emotional
expressions and public opinions. In addition, benchmark
datasets such as GoEmotions are frequently utilized for fine-
grained emotion classification tasks [48], [64]. Several studies
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also rely on domain-specific datasets, including healthcare
feedback, e-learning discussions, customer reviews, and
political discourse [34],[38], [60].From a linguistic perspective,
the majority of datasets are primarily English-based, although a
growing number of studies explore multilingual and low-
resource language datasets to support cross-lingual sentiment
and emotion analysis [27], [62], [74]. These findings indicate
that dataset diversity plays a crucial role in shaping the
developmentand evaluation of sentiment and emotion analysis
models.

B. Core Methods for Emotion and Sentiment Detection in
Textual Information

Recent literature on fundamental techniques for emotion and
sentiment detection all repeat the claim that conventional
sentiment analysis based on polarity is inadequate to reflect
delicate emotional expressions in textual information,
particularly in informal, domain-specific, or linguistically
challenging settings. Results from several studies indicate that
linguistic phenomena, including negation, emotional
dependency, and feature representation, have a great impact on
the performance ofclassification. Accordingto [30], theyproved
that negation is mishandled to create systematic
misclassification of emotions, and their findings indicate an
improvement of measurable accuracy with the explicit
transformation of negation terms via antonym replacement.
These same issues in shallow linguistic processingare replicated
by [59], who discovered that solely statistical measures like
Term Frequency-Inverse Document Frequency (TF-IDF) do not
sufficiently capture emotional signals in short Indonesian texts,
but that semantic representations do considerably improve the
accuracy of detection. To add to this point of view, [67]
transcended single-emotion forecasting and discloses that
emotions tend to be combined in systematic structures. Its results
illustrate elevated associative correlations across classes of
emotions, which are in Ekmanian posts on social media.
Together, these results indicate that emotion detection can be
improved with techniques that have an explicit structure that
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captures linguistic structure, contextual dependencies, and inter-
emotional relations instead of being based extensively on
surface-level lexical statistics. These findings indicate that
traditional sentiment analysis methods that rely solely on
surface-level lexical features often struggle to capture subtle
emotional relationships in text, especially when linguistic
structures such as denial statements and emotions co-occur.

The other significant literature finding is the increasing
efficiency of deep learning and transformer-based models in
analyzing emotions and sentiments, especially with task-specific
adaptations. Various research works have noted that the hybrid
or optimized deep neural models always perform better than
traditional ML methods. [34] demonstrated that hybrid systems
thatintegrate deepneural networks with optimization algorithms
provide almost state-of-the-art accuracy in patient sentiment
analysis with lower computational requirements than large
transformer models. Similar improvements in performance are
viewed in language-specific settings, [46] discovered that a
transfer-based Bidirectional Encoder Representations from
Transformers-Bidirectional Long Short-Term Memory (BERT-
BiLSTM) model enhances the classification of Persian emotions
by directing model attention to features with salient emotional
values. During the analysis of literary texts, [36] cited that an
actively tuned BERT model is significantly more effective at
detecting subtle, rhetorically embedded emotions than lexicon-
based and conventional neural approaches. These results are
supported by [64], who revealed that transformer variants,
especially Robustly Optimized BERT Pre-training Approach
(RoBERT4), have a higherability to classify emotion in a fine-
grained manner, even in complex emotional conditions such as
gratitude. As a whole, the discourse ofthese works suggests that
deep contextual representations combined with domain
adaptation or architecture optimization are at the heart of the
further development of emotion detection accuracy in textual
genres. This development reflectsa broader methodological shift
in the field, where research is increasingly prioritizing context-
aware neural architectures over traditional feature-based models
to better capture nuanced emotional signals.

In addition to the field of architecture, many studies also
focus on the significance of emotion-aware representations and
data strategies for overcoming the drawbacks associated with
data scarcity, emotional flow, and cross-domain generalization.
Furthermore, it was demonstrated in [43] that the ability to
incorporate emotional distributions as sequential structures
allows models to learn the temporal dynamics of emotions in
documents, which subsequently improves emotion-detecting
and similar emotion-related tasks. This includes irony
classification and hate speech classification. The same
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representational advantages are evident in [71], who established
that emotion-enriched word embeddings restructure semantic
spaces better than control embeddings, especially in
morphologically rich languages such as Turkish. To overcome
the problem of data availability, [69] revealed that distant
supervision with emojis can yield large-scale emotion labeling
with competitive classification results, while eliminating
reliance on expensive manual annotation. The compatible
information is given by [57], who stated that simulations of
emotion detection by fine-tuned pre-trained models in general
beat prompt-only LLMs unless the prompts are carefully
designed and the emotions are classified into categories. Lastly,
[72] also presented a different view, as it demonstrated that
unsupervised optimization-based methods are capable of robust
sentiment and emotion classification without massive labeled
datasets. Taken together, these arguments describe a shift
towards emotionally informed methods of representation,
scalable labeling methods, and hybrid learning methods, leading
to the maturation of basic methods for analyzing textual emotion
and sentiment. Overall, the reviewed studies highlight a clear
methodological development in textual emotion and sentiment
detection. These early approaches relied heavily on lexical
statistics or hand-crafted linguistic features that often faced
limitations in capturing contextual emotional cues and their
relationships [30], [59]. In contrast, deep learning and
transformer-based architectures demonstrated  stronger
capabilities for modeling dependencies and subtle emotional
cues in complex text environments [32], [36], [64]. At the same
time, emerging strategies such as emotion-aware embeddings,
remote supervision via emoji, and hybrid optimization
frameworks can address ongoing challenges related to data
scarcity and domain variability [34], [43], [69]. However,
despite the progress of this methodology, several challenges
remain, such as context-dependent implicit emotion detection
and the development of models that can be effectively
generalized across domains andlanguages [57]. The synthesis of
the reviewed studies suggests that effective emotion detection
relies heavily on integrating contextual modeling, linguistically
informed representations, and scalable data strategies. To gaina
systemic account of the dynamic research landscape in textual
emotion and sentiment detection, a concise overview of the
primary methodological approaches, their areas of interest, and
key contributions is presented in Table V. Table V indicates that
transformer-based architectures such as BERT and RoBERTa
consistently demonstrate higher performance across multiple
datasets, often achieving accuracy levels above 85%. In
comparison, hybrid deep learning models typically report
performance between 80% and 90%.

TABLE V. CORE METHODS IN EMOTION AND SENTIMENT DETECTION
Authors Core Method/ Model Key Focus Methodological Contribution Key Findings
Significant improvement in emotion
. . L . .. classification accuracy, achieving
[30] Negation-assisted ML Llngu%stlc structure (negation EXpll(?lt antonym replacement for 88.75% accuracy, demonstrating the
model handling) negation terms . . Lo,
importance of negation handling in
sentiment polarity detection.
. . L . . Semantic features significantl
Statistical vs Semantic Feature representation in short Comparative evaluation of eIt v
[59] . . . outperform purely statistical features
Feature Extraction texts TF-IDF vs semantic embeddings . .
for short-text emotion detection.
Emotion Association . . . Association rule mining across Strong co-occurrence patternsamong
[67] . Inter-emotional relationships s . : . . .
Mining Ekman’s emotion classes emotions in social media posts.
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Achieved 96% to 98% accuracy,
[34] Hybrid Deep Learning Patient sentiment analysis Optim 1zeq DNN al_‘chltecture with outpe.rformn}g seve‘ral Frapsformer
computational efficiency baselines while maintaining lower
computational cost.
Achieved 86% accuracy for emotion
. . . . . classification and 88% for binary
[46] BERT BiLSTM model Language—spemflc adaptation Transfer leamlpg with emotion- sentiment classification,

(Persian) focused attention . .
outperforming several baseline deep
learning models.

. . . Dynamic hyperparameter tuning of Superior detection of subtle,
[36] Tuned BERT Model Literary text sentiment analysis BERT thetorically embedded emotions.
RoBERTa achieved superior
Transformer-based Fine- . . . . Advanced neuralarchitectures on the perfqrrpaqce m-fme-gramed emotion
[64] . e Fine-grained emotion categories . classification with
Grained Classification GoEmotions dataset
Fl-score up to 0.8458 on the
GoEmotions dataset.
Distributional Emotion . . Embedding emotional distributions Improved emotion-sensitive
[43] . Emotion-aware representation . . . .
Embeddings into semantic space sentiment analysis.
Emotion-enriched Word Morphologically complex Integration of emotional features into | Reorganized semantic space
[71] . ? . - . PR
Embeddings language (Turkish) embedding training improves classification performance.
- Cp— A - P - - — -
[69] Dlstagt Supervision + Deep Large-scale emotion labeling Emoji-based automatic labeling Competitive performanc? with
Leaming strategy reduced manual annotation cost.
Fine-tuned models consistently
Fine-tuned vs Prompt- . . Systematic evaluation of prompting outperform prompt-only LLMs
[57] based LLMs Pre-trained model comparison vs fine-tuning unless carefully structured prompts
are applied.
Metaheuristic-optimized Large-scale Twitter emotion A Hadoop-based distributed Scalable and improved performance
[53] . . S : . . . .
GNN analysis framework with optimization in social media emotion analysis.
Pretrained transformer models such
[68] Pretrained Deep Learning Comparative architecture Evaluation of multiple pretrained DL | as RoBERTa achieved 75%
Models evaluation models accuracy, outperforming several
traditional ML baselines.
[72] Unsupervised Optimization Label scarce environments Optimization-based unsupervised Robust performance without large
(Game Theory + MCDM) sentiment classification labeled datasets.
Emotion Vocabulary . . .. B-BLLC-CL algorithm for emotion Enhanced detection of emotion-
[32] . Emotion lexicon recognition . . . .
Recognition vocabulary extraction bearing lexical units.

C. Multimodal Emotion and Sentiment Analysis

The results of recent multimodal emotion and sentiment
analysis research studies all emphasize the fact that single-
modality models are insufficient to describe the depth of human
affectin the context of real-world digital content. Studies of
social media videos and multimedia on the internet indicate that
emotional messages can be expressed through a combination of
textual, visual and sound signals, and breaking down the text,
photo, or sound can easily lead to an interpretation that is either
incomplete or inaccurate. For example, when using videos on
social media such as TikTok or Instagram reels, emotions are
often conveyed simultaneously through facial expressions, tone
ofvoice, background music, and caption text. Therefore, models
that integrate these multimodal signals can interpret deeper
meanings more accurately than text-only sentiment analysis
systems. In addition, the results of [29] revealed that the
emotional reactions of the audience to short videos on social
media are highly interconnected with the emotions of the
audience, but the model accuracy is undermined by the
heterogeneous resolution of the videos, noisy audio, and
irregular text. Their findings indicated that adaptive
preprocessing and multimodal fusion are significant ways of
enhancing weighted accuracy and F1 scores. The same can be
inferred from [61], whose study on Urduvideoreviewsindicated
that audio, text, and visual frame co-integration results in more
consistent sentiment classification than unimodal pipelines,
specificallyin alow-resource language context. In line with this,
the argument in [61] brought to light that the cross-modal

interactions are used to counter the weaknesses that are
presented by a single modality, such as an unintelligent tone of
voice or insufficient text. Notably, these findings are aligned
with those of [38], who reported that multimodal aggregation of
facial expressions, fatigue indicators, and textual feedback
enables more reliable identification of learner disengagement
than visual or textual analysis alone. Taken together, these
papers imply that multimodal systems are more inclusive of
affective states as they represent complementary emotional
information that cannot be deduced based on one source of data.

The other common theme in the findings relates to the role
of high-order fusion strategies and mechanisms of attention to
resolve the imbalance of modality and noise. According to a
number of studies, naive fusion methods tend to favortext and
underuse visual and acoustic information, resulting in poor
performance. According to [47], it has been proven that
sentiment analysis models thatrely excessively on textual cues
do not take into account spatial and temporal information in
other modalities. According to their findings, sentiment
prediction with multi-scale spatial memory and text-guided
interaction mechanisms can be substantially enhanced when
using benchmark data. On the same note, [44] underscored that
negative information, including modality-level inconsistency
and irrelevant features, is a significant contributor to
performance drop in multimodal emotion analysis. Their
contrastive-based feature-cleansing  methodology is
demonstrated to improve robustness and accuracy through the
removal of the non-contributory signals during the fusion step.

165|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

In agreement with this view, [70] presented that fusion of
attention based on CNN-retrieved speech features and BERT-
based textual features enables models to progressively balance
between modality effects. This leads to better emotion
recognition across several datasets. Similarly, [37] discovered
that the addition of sentiment and the intensity of emotion as
auxiliary tasks within a multi-task multimodal structure
enhances the detection of offensive content by morethan 7%. As
such, thesediscussions provide stresson the fact that the increase
in performance in multimodal emotion analysis is due to the
addition of modalities and to properly created fusion strategies
that address noise, dominance of one modality over another, and
alignment of context.

Anotherlesson the literature is helping learn is connected to
the task-specific issue of sarcasm, offensiveness, and contextual
ambiguity, which are especially challenging to mitigate with
text-only models. For example, He [42] established that the
detection of sarcasm improved significantly when emojis,
patterns of punctuations, and other visual features, which are
normally removed during preprocessing, were retained.
According to their results, multimodal representations allow
more credible polarity interpretations, even though the textual
sentiment and the intentbehind the sentence are in opposition.
This observation is consistent with [37], who revealed that
information of emotional intensity when represented by images
and text is more effective in identifying harmful and offensive
material, particularly when it concerns sensitive situations like
women's harassment. Furthermore, [29] noted that emotional
manifestations in short videos tend to intensify popular mood,
which supports the necessity of multimodal systems with the
ability to record nuanced affective indicators through media. In
human-centered and educational tasks, [38] claimed that
multimodal emotion detection can enable timely interventions,
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as disengagement patterns are observed, though invisible to
unimodal systems. In these studies, the conclusion is always that
multimodal emotion and sentiment analysis will aid in the
contextual accuracy, decrease the misclassification due to
uncertain cues, and extend the generalization across areas. The
literature is thus indicative of a unification of multimodal,
attention-based, and task-based architectures as a guiding line in
future sentiment and emotion analysis studies. The literature,
therefore, reflectsa convergencetoward a multimodal, attention-
driven, and task-aware architecture as a foundational direction
for future sentiment and emotion analysis research.

Overall, the reviewed studies have provided important
comparative insights into multimodal sentiment and emotion
analysis approaches. However, early multimodal systems still
relied on simple fusion techniques that combined textual, visual
and acoustic features. Atthe same time, morerecent studieshave
increasingly adopted attention-based and cross-modal
interaction architectures to better capture the interdependencies
between modalities. This suggests a clear methodological trend
towardsmoresophisticated multimodal fusion strategies that can
address modality imbalance, contextual ambiguity, and noisy
real-world data. Despite these advances, several challenges
remain to be resolved. In particular, multimodal models still
struggle with data heterogeneity, limited availability of large-
scale multimodal datasets, and the difficulty of aligning
emotional signals across modalities. These limitations suggest
that future research should focus on developing more robust,
stable multimodal representation learning techniques, using
scalable datasets that support emotion detection in real-world
environments. Table VI systematically summarizes the
multimodal emotion and sentiment comparative matrix of
multimodal emotion and sentiment analysis approaches.

TABLE VI. MULTIMODAL EMOTION AND SENTIMENT ANALYSIS APPROACHES
Authors Primary Modality Fusion Strategy Type Methodological Focus Key Contribution /Empirical Findings
Combination gy 1yPp & y P &
Adaptive Multi-scale resolution adaptation, | Improved weighted accuracy (+4.17%) and F1
[29] Text + Audio + Video preprocessing + RoBERTa text modeling, (+7.29%), demonstrated correlation between
Hybrid fusion automatic audio segmentation short video emotions and audience sentiment
Multi-task multimodal Emotion and sentiment intensity as | >7% performance improvement, introduced
[37] Text +Image . auxiliary tasks in offensive WCSE off dataset, improved harassment-related
fusion . .
detection content detection
- - - = - — = -
Text + Facial Video + Deep fusion Leamer-dlseng‘agement c%etectlon 88.5% fatigue precision, 91.5 A) ser‘mment
[38] Behavioral Cues (CNN-LSTM + integrating fatigue, emotion, and accuracy, multimodalaggregation improves early
EmoNet + BERT) sentiment disengagement detection
F -level fusi i i
.. s:ature cvel lusion Sarc?l.sm detectlo.n preserving Stable 76% accuracy demonstrated the
[42] Text + Emoji+Image | with structured emojis, punctuation, and repeated | . - . -
. importance of scenario-specific preprocessing
preprocessing characters
Contrastive feature . .
[44] Text + Audio + Image | cleansing + multi-head Rem.oval of modahty-.level noise Outperformed SOTA on MOSI & MQSEI, )
attention and inconsistent emotional signals | enhanced robustness against negative information
Text-guided cross- Multi-scale representation . .
[47] Text + Audio + Visual | attention + Spatial- integration, reduction of text .S1g111f1canF gams over bepchmark models,
. . improved inter-modal alignment
memory fusion dominance
[61] Text + Audio + Early fusion +Model Urdu low-resource multimodal >80% accuracy, demonstrated cross-modal
Frames ensembling sentiment framework (UMSA) interaction benefits in a low-resource setting
[70] Speech + Text Attention-based late CNN (speech spectrogram) + 88.4% accuracy (MOSEI), attention improves
P fusion BERT (text) integration modality weighting & emotion recognition
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D. Transformer, Large Language Model (LLM), and
Advanced Architectures

The recent discoveries in the transformer and LLM literature
suggest a marked change from task-specific and heavily
supervised pipelines to more flexible architectures, able to adapt
to multilingual, low-resource, and multifaceted affective-signals
environments. Many studies highlight that traditional sentiment
and emotion models fail when there is a lack of laboratory data
or more linguistic diversity. Most recent results reported by [27]
suggest that zero-shot learning with transformer models
facilitates successful multilingual sentiment and emotion
classification without task-conditioned training and reveal
dynamic trends in perception driven by geopolitical events in
Twitter data. These issues are also mentioned in [62], the results
of which indicate that fine-tuned cross-lingual transformers,
especially Cross-lingual Language Model-RoBERTa (XLM-R),
are much better objects in comparison to traditional classifiers
and multilingual baselines when faced with language of code-
switchingandinformalsocial media. These findings suggestthat
cross-lingual embeddings and transfer learning methods have
very significant enhancements in linguistic strength. In line with
this view, [76] proved that even in politically sensitive and
pragmatically rich fields, fine-tuned transformer models achieve
predictable sentiment and emotion classification, with pragmatic
nuances remaining a source of error. Combined, the results
indicate that transformer-based designs offer scalable
multilingual and domain-specific affect and affect analysis,
particularly when zero-shot or cross-lingual learning processes
are in place.

The other outstanding stream is concerned with integration
ofemotion and sentiment analysis, as well as auxiliary or related
tasks, by use of multi-task learning and sophisticated
architectural development. The results of [39] demonstrated that
sentiment and emotion detection can be included as auxiliary
tasks within a multi-task transformer framework, significantly
improving the performance of propaganda detection in Arabic
news. According to the recorded Macro-F1 advances, affective
cues are complementary to detecting manipulative materials.
Similar results are noted by [74], in which on-code-mixed
Hinglish data, the detection of multi-tasking sentiment and
emotion recognition is boosted with no use of ensemble
methods. [45] continued this discussion by indicating that LLMs
used in zero-shot, few-shot, and fine-tuning scenarios can be
useful to detect cyberbullying, harmfulness, sarcasm, sentiment,
and emotion in captions of memes, and that accuracy always
improves with the task. All this indicates that shared
representations of affective and semantic information in
transformer-based multi-task architectures are advantageous for
generalization and can also reducethe dependency on large task-
specific datasets.

In addition to the accuracy of classification, recent work also
indicates the methodological innovations in the field of LLM-
based emotion analysis connected to representation learning,
prompt engineering, and context generation. [48] asserted that
ensemble strategies together with attention mechanisms enhance
the multilabel emotion classification of ambiguous social media
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texts significantly, resolve the problems of class imbalance, and
sparsity in short texts. On a similar note, [ 56] demonstrated that
contextual sentences generated by LLC can optimize the
emotion lexicon vectorization, especially in the case of Turkish.
This suggests that generative models can enhance the
availability of affective resources in low-resourced languages.
Meanwhile, [58] presented additional evidence that the
performance of LLMs is extremely sensitive to timely design,
and that no single prompt provides the best outcome in the
context of sentiment, emotion, and other similar tasks in the
Arabic NLP. Their results highlight the significance of
systematic prompt-evaluation systems. [28] also discussed
culturally and theologically complicated literature and
highlighted that LLMs can grasp emotional semantics in Quran
translations to a reasonable level. However, it is not always
compatible with humaninterpretation. Lastly, [49]demonstrated
that conversational LLMs such as ChatGPT are capable of
modelingemotionalintelligenceacross all dialogue datasets, and
thatadvanced architectures continueto playan increasingrole in
empathetic human-computer interaction. The overall results of
these studies suggest that the advancements in the area of
sentiment and emotion analysis in future willrely on the size of
the model, task-sensitive adaptation, prompt maximization, and
context-sensitive learning of representations.

Overall, a comparative study of the examined research
demonstrates some key methodological improvements in
transformer-based and LLM-driven mood and emotion analysis.
Earlier methodologies predominantly depended on supervised
transformer models trained on domain-specific datasets.
However, contemporary research increasingly investigates zero-
shot, few-shot, and cross-lingual learning methods to mitigate
the constraints imposed by the scarcity of labeled data. This
transition signifies a broader research trend towards scalable
architectures capable of managing multilingual and low-
resource language contexts. Nonetheless, despite the
encouraging efficacy of transformer-based models and LLMs,
numerous problems persist. Particularly, the identification of
subtle or culturally specific emotional expressions, the
responsiveness of models to prompt formulation, and the
constrained interpretability of expansive architectures persist as
notable research obstacles. In addition, recent studies highlight
several methodological risks associated with LLM-based
emotion analysis, including sensitivity to prompt design,
hallucinated outputs, and potential cultural or dataset bias. These
issues may affect the reliability of emotion interpretation,
particularly in  socially sensitive contexts where
misclassification of emotions could lead to misleading
conclusions. These insights underscore the need for forthcoming
investigations to focus on well-defined transformer
architectures, resilient prompt engineering methodologies, and
integrative approaches that combine linguistic expertise with
comprehensive contextual representations to enhance the
reliability and clarity of emotion-sensitive NLP systems. Table
VII outlines a systematic synthesis of these transformer-based
and LLM-driven methods, summarizing their architectural
designs, learning approaches and contributions to empirical data
in multilingual and multi-task contexts.
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TABLE VII. TRANSFORMER, LLM AND ADVANCED ARCHITECTURES
Authors | Core Architecture / Model Leaming Strategy Primary Research Focus Key Empirical Contribution
Demonstrated Scalable Zero-Shot Sentiment and
27 Transformer (BERT/GPT- | Zero-Shot Multilingual Multilingual Perception Analysis Emotion Classification Without Task-Specific
(27] Based) Learning (Twitter) Training, Revealed Dynamic Geopolitical
Perception Trends
. Cross-Lingual Transfer Multilingual and Code-Mixed Achieved F1 =90.3%, Handling Code-Switching
[62] XLM-R (Fine-Tuned) Learning Sentiment/Emotion Improved Accuracy By 8.9%
. o Further Pre-Training Improved Performance Up
[73] Arabic BERT (Further Within-Task a'nd Cross- Arabic Sentiment and Emotion To 4.71%, Addressed Low-Resource Adaptation
Pre-Trained) Task Adaptation Gap
Fine-Tuned Hunearian Demonstrated an Effective Fine-Tuned
[76] BERTu ung Supervised Fine-Tuning Political Sentiment and Emotion Transformer for Domain-Specific Political Texts,
Identified Pragmatic Nuance Limitations
Macro-F1 =0.778, Integrating Sentiment &
[39] Transformer-Based MTL Multi-Task Learning Arabic Propaganda Detection Emotion as Auxiliary Tasks Improved
Propaganda Detection
Multi-task Transfer Code-Mixed Hinglish Sentiment MTL Outperformed Single-Task Baselines
[74] XLM-R (MTL) Leamning and Emotion Without Ensemble Techniques
[45] LLMs (Zero-Shot, Few- Multi-Task LLM Harmful Meme and Cyberbullying | Improved Cyberbullying Accuracy by 7.94%,
Shot, Fine-Tuning) Adaptation Detection Demonstrated Cross-Task LLM Capability
EmoBERTA-X . Multilabel Classification . . . . Accuracy Improved By 4.32%, Addressed Class
[48] (Transformer + Attention X - Fine-Grained Emotion Detection A
with Attention Imbalance & Short-Text Ambiguity
+ Ensemble)
[56] BERT + LLM-Generated Representation Emotion Lexicon Vectorization I{/I;l\:[(;rngzr]?ttedEiogct;ﬁ Silfn Ijgssgz;ﬁgemved
Context Enhancement (Turkish & English) Turkish ¥, ESp Y
Multiple LLMs (GPT-4o, Prompt Evaluation . S Proposed Multi-Dimensional Prompt Scoring;
[58] Llama, Claude, ALLAM) Framework Arabic NLP Prompt Optimization Showed No Universal Optimal Prompt
LLM-Based Emotion Human-Validated LLM Emotion Preservation in Quran LLMs Caf)tured Emotional Semantics at Fair
[28] . . . Level (K =0.29-0.35), Revealed Cultural-
Analysis Evaluation Translations Lo
Pragmatic Limits
Conversational Emotion . . S Demonstrated Conversational LLM Capability in
[49] ChatGPT Modeling Emotional Intelligence in Dialogue Modeling Empathetic Emotional Responses

E. Domain Specific and Applied Emotion, Sentiment Analysis

In recent domain-specific research, it is evident that emotion
and sentiment analysis is no longer generic opinion mining. For
example, in healthcare monitoring, sentiment and emotion
analysis of patient comments on online forums or hospital
feedback platforms can help detect early signs of stress,
dissatisfaction, or anxiety. Rather, it is context-sensitive systems
specific to particular social, commercial, educational, legal and
health-related contexts. In applications to the consumer, results
have always indicated that use of emotional signals results in
quantifiable resultsover behavior-only or content-only methods.
According to [31], incorporating multimodal emotional
information into consumer targeting systems significantly
enhances individualization and interaction, where emotion-
sensitive architectures are more accurate and adaptable than
marketing analytics. Related performance incentives are
observed in [63], where joint semantic and emotional
optimization can be used to classify sentiment in fresh
agricultural product reviews, which is helpful when the
consumer feedback is sparse and ambiguous. [40] also
highlighted that sentiment polarity is inverted in user-generated
reviews with sarcasm. The results revealed that hybrid deep
learning architectures with BERT and convolutional models are
much more effective at detecting sarcasm. Together, these works
highlight that applied sentiment and emotion analysis in a
commercial and consumer contextis most useful when models
explicitly take into consideration domain-specific language
phenomena. This includes sarcasm, emphasis on emotion, and

situation-specific interpretation, as opposed to a situation-
independent sentiment polarity.

Theresults of studies conducted in the areas of education and
mental health demonstrate a consistent pattern: emotion-aware
analytics can be used to obtain the insights that are not
represented by traditional assessment tools. There are examples
on online learning platforms where analyzing discussion posts
or student feedback can reveal emotional states such as
frustration, confusion, or low motivation, allowing instructors to
intervene more effectively. [35] indicated that models that
integrate textual and numerical aspects during counseling
conversations enhance the quality of emotion classification
prediction, which indicates the possibility of Al-assisted mental
health tools that can identify stress, depression, and positive
affect in real-time. In professional development contexts, [50]
demonstrated that automatically calculated sentiment and
emotion ratings of teacher assignments are strongly related to
performance outcomes across demographic categories,
indicating patterns unnoticed using post-program surveys.
Equivalent inferences are made by [65], whose findings
suggested that fusion of several attention processes into a neural
framework improves students’ emotional processing by
identifying latent semantic content in learning documents.
Moreover, multi-task term-weighting strategies that combine
sentiment and emotion information are revealed to be better at
predicting user satisfaction in e-leaming systems than more
traditional embedding fusion strategies [55]. Essentially, these
results indicate that emotion and sentiment analysis is an
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evaluative instrumentin the educational and psychological fields
and a complementary indicator that helps a person understand
learning behaviors, engagement, and well-being beyond
superficial measures.

Anotherapplication research demonstrates the applicability
ofemotionsentiment analysisin the context of societal, legal and
popular discourse, where interpretability and contextual
responsiveness are crucial. [41] demonstrated that the analysis
of'sentimentand emotion in discussions on Reddit about cultural
appropriation presents a complex combination of trust, fear,
anger, and sadness. This suggests that the discourse of the
population cannot be satisfactorily described using a dominant
sentiment. Recent studies in health communication [60]
identified significant disparities between the affective states
expressed by health institutions and those of the population on
Instagram. This is specifically true in the context of fear and
anger in discussions about vaccines, which highlights the need
to synchronize emotional framing with the response of the
audience. Explainability represents one of the core issues in the
field of social media analytics, as [52] observed that when
explainable Al methods are included with deep learning models,
transparency and trust in emotional prediction findings are
enhanced. Both [54] and [75] offered evidence in the field of
forensic and legal science that emotional and sentiment cues in
textual evidence can substantially improve the detection of
deception and predict the accuracy of legal judgment in
particular sentencing tasks. Notably, emotional scores alone do
not have as strong an impact as sentiment signals. In these
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practical contexts, the results are consistent in the point that
domain-specific emotion and sentiment analysis needs to strike
a balance between predictive performance, interpretability and
contextual awareness. This ensures it should be used as a
decision-support process rather than a technical classification
task.

Overall, the reviewed studies demonstrate that domain-
specific sentiment and emotion analysis requires methodological
adaptations that reflect contextual characteristics of each
application domain. While commercial and consumer-oriented
applications emphasize predictive performance and
personalization, educational as well as mental health
applications prioritize early intervention and behavioral
understanding. By contrast, legal and societal discourse analysis
places stronger emphasis on interpretability and ethical
considerations. These observations indicate a growing trend
toward context-aware emotion analysis systems tailored to
specific decision-making environments. Still, challenges remain
in balancing predictive accuracy with transparency and ethical
responsibility, particularly in sensitive domains such as
healthcare, law, and public discourse. In response, future
research should focus on explainable and ethically grounded
emotion-aware systems capable of supporting responsible
decision-making in real-world applications. Table VIII
organized synthesis of these specific applications of the domain,
methodological adaptations and empirical contributions is
outlined in Table VIII to shed light on the operationalization of
emotion-sentiment analysis across various applied settings.

TABLE VIII. DOMAIN SPECIFIC AND APPLIED EMOTION, SENTIMENT ANALYSIS

Authors Application Domain Methodological Approach Emotion, Sesnttrl:::;; Integration Key Empirical Contribution
e
B31] Consumer targeting/Digital [ CNN + BILSTM + attention Facial, vocal, and textual ﬁlﬁﬁaéig:g;olvino?;lgv;; 4%
marketing (multimodal) emotion fusion . ¥ me > 7E70
emotion recognition rate
Agricultural product Electra + XLNet + BIGRU + multi- Serr.lat.ltlcjemot.lonal Super.wr c1a351f1ca.t lonover
[63] reviews head attention optimization with keyword- baseline models via collaborative
based emotion dictionary semantic-emotion modeling
; " o/ .
. . . Polarity inversion handling via Achleved F-score of 95%; .
[40] Sarcasm in user reviews CNN + BERT hybrid framework sarcasm modelin improved sarcasm-aware sentiment
& detection
1 o,
. Hybrid textual + numerical ML Structural + lexical emotion Random Forest aghleved 90.‘05 o
[35] Mental health counseling models features inteeration accuracy, supporting Al-assisted
- counseling tools
Teacher professional Machine-assisted sentiment/emotion | Performance correlation Slgmfl;ant association between
[50] development scorin modelin affective scores and teacher
P £ & performance
. F1 improvement up to 6.91%;
. . . . lobal-local forl . S
[65] Student emotion analysis Multi-attention neural model (L?bg no(;:at atttierrlltlon orlatent enhanced hidden semantic
emotion detectio extraction
[55] E-Leamine satisfaction SEMAR (multi-task term weighting Joint sentiment-emotion multi- Avg. F1 =91.82%; outperformed
& + CNN + BIiLSTM) task weighting embedding fusion methods
Cultural appropriation . . . . Temporal sentiment and emoji- Identified complex emotion mix
[41] R . Topic modeling + emotion analysis . . (trust, fear, anger, sadness) in
discourse (Reddit) based emotion analysis o
public discourse
[60] Health communication BERTopic + sentiment—emotion Topic-emotion alignment Identified fear gaps between health
(Instagram) analysis analysis organizations and public responses
[52] Social media emotion BiLSTM + XAI (LIME, SHAP) Explainable sentiment-emotion | >90% accuracy; enhanced
decoding ’ modeling transparency via XAl
. . . Psycholinguistic NLP + LDA + Deception + emotion temporal Improved suspect identification via
[54] Forensic deception analysis emotion analysis correlation emotional and deception cues
BERT + ML models + NRC emotion Sentiment and emotion score Sentiment signals had a stronger
[75] Legal judgment prediction lexicon integration in sentencing predictive impact than emotion
prediction alone
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V. CONCLUSION

The purpose of the SLR was to synthesize the current body
of knowledge on sentiment and emotion analysis in textual data
in a comprehensive, up-to-date manner, to bring together
methodological developments, trends in applications and
current challenges in the area. The review systematically
analyzed peer-reviewed journal articles concerning the topic
published within the range of 2023-2025 and was only retrieved
using the WoS and Scopus databases, guided by the PRISMA
protocol. Accordingly, a total of 50 primary studies were
identified through an intensive identification, screening,
eligibility and quality appraisal process to be used in the
qualitative synthesis. The review aimed to respond to an
important set of RQs with regard to the computational
approaches used, multimodal data integration, the use of
transformer-based and LLMs, and domain-specific sentiment
and emotion analysis. In organizing the analysis, this study
focuses on providing a structured synthesis of recent
developments in sentiment and emotion analysis, highlighting
methodological trends, new architectures, and domain-specific
applications. This integrative perspective helps bridge the
literature's findings and offers a clearer understanding of the
evolving research landscape in textual affective computing.

Furthermore, the synthesis ofresults demonstrates a number
of common and strong patterns across the reviewed articles. To
begin with, conventional sentiment analysis methods that rely
exclusively on polarity alone are becoming known to be too
simplistic to represent subtle and implicit forms of emotion in
textual data. Due to this, there has been an informal shift in the
methodology to deep leaming and transformer-based models,
which provide a more detailed contextual representation and
better performance in the detection of fine-grained emotions.
Second, the review determines an increased interest in
multimodal emotion and sentiment analysis, in which text-based
information is complemented by visual and audio information to
increase the interpretative accuracy, especially in socially
complex and noisy contexts such as social media and e-learning
platforms. Third, transformer models and LLMs have become
the leading architectures, which makes it possible to facilitate
multilingual processing, low-resource language analysis, and
multi-task learning frameworks that simultaneously model
sentiment, emotion, and similar phenomena. Lastly, the analysis
identifies an increase in domain-specific applications, such as
education, healthcare, mental health, legal analysis, and public
discourse, where emotion-aware systems are now being
appreciated as being able to assist in decision-making,
monitoring, and intervention. All these items indicate that the
field has matured in the sense of being context-aware, ethically
sensitive and application-driven.

The strengths of this review are that it integrates high-
quality, morerecentresearch and is organized around thematic
topics, presenting four consistent streams of research, within
which future research shouldbe framed. Nonetheless, the review
is beneficial due to a combination of methodological trends and
application areas that will give practical ideas to system
designers, educators, policymakers, and practitioners willing to
implement sentiment and emotion analysis tools. Meanwhile,
several limitations should be acknowledged when interpreting

Vol. 17, No. 3, 2026

the findings of this review. First, theliterature search was limited
to two major databases, namely WoS and Scopus. Although
these databases provide high-quality, indexed publications,
relevant studies available in other databases or digital libraries
may not have been captured, potentially introducing database
bias. Second, the review included only English-language journal
articles, potentially introducing language bias by excluding
relevant research published in other languages. Third, the study
focused on publications from 2023 to 2025 to capture the most
recent developments in transformer-based and LLM-driven
approaches. While this time frame ensures the relevance of the
reviewed technologies, it may omit earlier influential studies
that contributed to the development of sentiment and emotion
analysis methods. Thus, it is recommended to further conduct
future studies on cross-linguistic and cross-cultural aspects,
develop explainable, ethically based models, and examine
longitudinal and real-time emotion processing in dynamic
textual conditions. Altogether, this review can contribute to the
necessity of systematic evidence synthesis to contribute to the
development of theoretical knowledge and methodological
integrity in sentiment and emotion analysis and to serve as a
solid basis for future empirical research and conscientious usein
more emotion-sensitive digital ecosystems.
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