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Abstract: Sentiment analysis plays a significant role in understanding public opinion from the huge amount of data generated on
review websites, social media platforms, and online forums. Recent advances in Natural Language Processing (NLP), particularly
transformer-based models, have significantly enhanced sentiment classification by capturing contextual and semantic relationships
from the data. This study presents a PRISMA based framework to examine recent research published during 2021 to 2026 on
transformer based sentiment analysis. The outcomes indicate a strong shift toward fine-tuned pre-trained transformer models, such
as BERT, RoBERTa, and domain-specific variants, along with increasing interest in large language model-based sentiment
analysis. This study highlights the contributions of recent research, classifies the transformer architectures, contrast, reveals several
critical challenges and future research directions, existing research gaps, trends, explainable, and scalable transformer-based
sentiment analysis systems. This study provide up-to-date reference for researchers and practitioners seeking to develop scalable,
accurate and effective sentiment analysis systems.
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1. Introduction

The expansion of social networking sites has led to tremendous growth of user generated textual content such
as daily post or reviews generated, comments, tweets and discussion forums as well. These have become one of the
main area through which people can express their opinions, feelings, and even sentiments about products, services,
social activities and policies in the society. Subsequently, the sentiment analysis has become a crucial research domain
in gaining insight into the opinions of the population and contributing to decision making processes in such fields as
marketing, business, healthcare, finance, and social governance [19]. The early sentiment analysis systems largely
relied on lexicon-based and conventional machine learning algorithms, including Naive Bayes, Support Vector
Machines, and Logistic Regression [2][4]. Although the algorithms performed reasonably on structured and small-
scale data, they failed to reflect the contextual meaning, implicit sentiment and sarcasm as well as long-range
dependencies of social media text. Furthermore, Transformer-based architectures, such as BERT and Roberta, have
recently been adopted [43]. Models such as BERT, GPT, RoBERTa, XLNet and its variations show improved
performance in various sentiment analysis benchmarks [17]. Domain-specific transformer models, such as BERTweet,
SciBERT, and BioBERT, were also used and improved the performance of sentiment analysis using task and domain-
relevant linguistic patterns [18], [34]. In spite of their success, transformer-based sentiment analysis models have
various challenges that are yet to be tackled especially in the social network setting. The data of social media are quite
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noisy, informal, and situational and most of them are full of emojis, slang, acronyms, and code-mixed language [26].
Besides, transformer models continue to have difficulties in identifying sarcasm, irony, and implicit sentiment, which
is widespread in online communication [24]. Continued conversation chains and growing sentiment over time also
present a challenge to typical transformer architecture with fixed input covering, leading to the introduction of long-
sequence models, including Transformer-XL, Longformer, and BigBird [48].

Secondly, there has been recent research starting to consider multimodal sentiment analysis, which involves
text and images or video to gain a deeper perception into the user’s sentiments on the social platforms [10]. Multimodal
transformer models like UNITER, CLIP, VideoBERT, and ERNIE-ViL have demonstrated promising performance
[10]. Based on a PRISMA methodology, this study systematically studies the contributions of recent research,
classifies the transformer architectures, contrasts their benefits and drawbacks, and reveals several critical challenges
and future research directions.

1.1 Historical Evolution of Sentiment Analysis

Sentiment analysis has developed significant in the last twenty years, with the growing availability of textual
data on online and offline resources. The early methods were mainly based on lexicon methods in which pre-existing
sentiment dictionaries were used to determine the polarity of words or phrases. By these limitations, the traditional
machine learning algorithms like Naive Bayes, Support Vector Machines and Logistic Regression were introduced.
Such models made use of manually engineered features, such as n-grams and term frequency-inverse document
frequency (TF-IDF), to enhance the accuracy of classification [4], [5]. Convolutional Neural Networks and Recurrent
Neural Networks. Models such as LSTM or GRU were also providing improved sequence contextual understanding
than the classical methods [7], [14]. Transformer-based models have established better effectiveness in sentiment
analysis tasks, for example opposed to RNN-based models, as they also support parallel processing, and more
importantly, they have the ability to keep contextual information [43]. Pretrained transformer models like BERT, GPT,
RoBERTa, and XLNet have since formed the basis of current sentiment analysis systems, particularly for social
network data [17], [18], [26]. Figure 1 presents the historical evolution of sentiment analysis techniques. It
demonstrates how research has progressed from rule-based approaches to advanced transformer architectures and
emerging intelligent methods, providing the foundation for the literature discussed in the following sections.

2000 Rule-based & lexicon-based methods

g
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Machine Learning methods (SVM, NB)

2002 - 2005 applied

Feature engineering enhanced (TF-IDF,
2006 - 2010 ﬂ_gra_mg)

Word embeddings introduced
2011 - 2014 {(Word2Vec, GloVe)

2015 - 2017 Neural networks applied (CNIN, LSTM)

Transformer-based models introduced
2019 - 2020 Multilingual & domain-adapted mode
2021 - 2022 Growth in multimodal analysis
IS Sarcasm detection and real-time analysis
Figure 1 Foundation of Sentiment Analysis.

1.2 Research goal
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The prime goal of this study is to systematically review recent advances in transformer-based sentiment
analysis. Following the PRISMA methodology, a set of research questions was developed to describe the scope of the
review and guide the systematic analysis of the selected studies. These questions focus on the key features of

transformer-based sentiment analysis and are presented in Tablel.

Table 1 Research Questions Related to Transformer-Based Sentiment Analysis

RQ No. Research Questions Motivation / Purpose

RQ1 What are the types of transformer-based | To understand major transformer variants (BERT,
models used in sentiment analysis? RoBERTa, GPT, XLNet, etc.) and how improvements in

architecture enhance sentiment interpretation.

RQ2 Why are transformer-based models This question evaluates performance advantages such as
preferred over traditional machine contextual understanding, sarcasm detection, and deeper
learning methods for sentiment analysis? | emotional analysis compared to traditional machine

learning techniques.

RQ3 What challenges arise when applying To identify limitations such as high computational cost,
transformer-based models to sentiment domain adaptation issues, noisy user-generated data, and
analysis in real-world scenarios? scarcity of high-quality labeled datasets.

RQ4 What are the emerging research To highlight upcoming trends including lightweight
directions for transformer-based models, low-resource languages, explainable Al, domain-
sentiment analysis? specific transformers, and real-time large-scale

deployment.

1.3 Contribution of Systematic literature review (SLR)

This study presents a systematic literature review of transformer-based sentiment analysis approaches applied
to social network data. The main contributions of systematic review are summarized as follows:

e This study presents a comprehensive systematic literature review of transformer-based sentiment analysis
models applied to social network data, following the PRISMA methodology to ensure transparency and
reproducibility.

e  The review provides a comparative analysis of state-of-the-art transformer models, including BERT variants,
autoregressive models, long-context transformers, and multimodal transformers.

o Key application domains such as social media analysis, sarcasm detection, mental health assessment, and
multilingual sentiment analysis are systematic review.

e Open challenges and future research directions are identified, with emphasis on explainability, ethical
considerations, and low-resource language sentiment analysis.

2. Methodology of Systematic Review

This study follows a systematic literature review methodology to identify, evaluate, and synthesize existing
research on transformer-based sentiment analysis. Figure 2 illustrates review process which was designed to be
transparent, systematic and transparent, and reproducible by defining clear research objectives, selecting reliable
academic databases, and applying appropriate keywords with Boolean operators. The relevance and quality of the
selected studies are ensured with well-defined inclusion and exclusion criteria. Final selection of studies are all well
recorded in order to be consistent and provide evidence-based conclusions. Every step of the review process, including
study screening, eligibility assessment, and final inclusion is well documented to avoid any bias and maintain
consistency [11], [12]. The selected studies were critically analyzed and helps to make conclusions and provide
recommendations based on the collected evidence.
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Figure 2 Systematic review of sentiment analysis

2.1 Search Strategy and Literature Sources

The study present a systematic search on studies on Al-based sentiment analysis. The four major databases are
chosen through the use of the inclusion and exclusion criteria including IEEE Xplore, Scopus, ACL Anthology, and
Google Scholar. Keywords like “BERT, sentiment analysis, deep learning, and transformer models” are combined in
the form of a Boolean search query. Relevance and quality peer-reviewed English-language articles that were
published during 2021-2026 were used to narrow down the search. This plan allowed covering all the latest trends and
developments in sentiment analysis based on transformers in various areas of application. Figure 3 shows the database-
based representation of the chosen studies, with the highlighting on the interdisciplinary scope of the sentiment
analysis studies.

Distribution of Records Identified from Electronic Databases (n = 3515)

IEEE Xplore Google scholar

ACL Anthology

Figure 3 Database-wise distribution

2.2 Study Selection Using PRISMA

The process of data collection was started after the selection of keywords. To capture the current developments
in transformer-based sentiment analysis, the literature published within the past six years (2021-2026) was considered
in the review. The entire search process of the study, in accordance with PRISMA, is represented in Table 2.

Table 2 PRISMA Flow Summary for Study Selection
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Stage Process Records = Exclusion Criteria Excluded
(n) = Remaining

()
Identification = Records identified from IEEE 3515 Non-English publications 120 3395
Xplore, Scopus, ACL
Anthology, and Google
Scholar
Records imported into 3395  Duplicate records 535 2860
EndNote/Mendeley
Screening Title screening 2860 Not related to sentiment 1450 1410
analysis, NLP, or
transformer models
Abstract screening 1410 = Outside research scope, 860 550
review/editorial,
insufficient relevance
Eligibility Full-text articles evaluated 550  Not primarily focused on 495 55
transformer-based
sentiment analysis,
unavailable full text, or
insufficient performance
analysis
Inclusion Studies included in the 55 55

systematic review
2.2.1 Identification

A systematic search was conducted to find studies related to Al-based sentiment analysis. Four online databases,
namely IEEE Xplore, Scopus, ACL Anthology, and Google Scholar, were searched, resulting in the identification of
3,515 records. Among these, 120 non-English publications were excluded. The remaining records is 3395 were
imported into EndNote/Mendeley, where 535 duplicate records were identified and removed. As a result, 2,860 unique
records were engaged for the screening phase. Boolean search strings were made using the AND operator by merging
keywords such as "BERT", "sentiment analysis", "deep learning", and "transformer models". The search was classified
to peer-reviewed publications written in English and published between 2021 and 2026, confirming the inclusion of

recent and proper studies for the following screening and eligibility assessment [4, 5].
2.2.2 Screening

During the title screening stage, 2,860 records were estimated, and 1,450 studies were omitted because they
were not related to sentiment analysis, transformer models or NLP, leaving 1,410 studies for further assessment. Then,
abstract screening omitted 860 studies that were outside the research area, were review or editorial articles, or had
insufficient relevance, resulting in 550 studies for the next stage of analysis.

2.3 Eligibility Assessment

During the eligibility stage, the full texts of 550 articles were estimated to determine their relevance and
suitability for the study [7]. A total of 495 articles were omitted because they were not mainly focused on transformer-
based sentiment analysis, had unavailable full texts, or provided insufficient performance analysis, resulting in 55
eligible studies for the final review.

2.4 Inclusion Criteria and Exclusion Criteria

To select high-quality and relevant and methodologically sound studies to include in this systematic review,
inclusion and exclusion criteria have been developed. These parameters were used to get the process of screening and
eligibility assessment where only recent and peer-reviewed studies were retained to match transformer-based
sentiment analysis objectives.
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Table 3 Inclusion and Exclusion Criteria Used in the Study Selection Process

Aspect

Inclusion Criteria

Exclusion Criteria

Research Focus

Studies applying ML, DL, or transformer-based
models for sentiment analysis

Studies addressing topics unrelated
to sentiment analysis

Methodology

Research with implemented models and
experimental validation

Studies lacking experiments or
performance evaluation

Evaluation Metrics

Articles reporting quantitative metrics such as
accuracy, precision, recall, or F1-score

Articles without measurable
evaluation results

Publication Type Peer-reviewed journal or conference papers Editorials, blogs, opinion pieces, or
non-peer-reviewed sources
Language Published in English Published in languages other than

English

Publication Period

Published between 2021 and 2026

Published outside the defined time
range

methodological detail

Originality Unique and original studies Duplicate records or repeated
publications
Technical Depth Studies with sufficient technical and Purely theoretical discussions or

surveys without methodology or
implementation [8], [9]

3. Literature Review on Sentiment Analysis Models

This section reviews the sentiment analysis techniques, starting from with traditional approaches, machine
learning, deep learning, and transformer-based models. The strengths, limitations, and research trends critically
discussed to provide the foundation for the comparative analysis presented later in this review. Figure 5 illustrate
sentiment analysis techniques from traditional approaches to machine learning, deep learning, and transformer-based
models. It classifies the major Al techniques and representative models highlighting their progression over time. The
figure also demonstrates the transition toward advanced transformer architectures that have become the state-of-the-
art for contextual sentiment understanding.
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Figure 5 Structure of models related to sentiment analysis
3.1 Traditional Approaches: Lexicon-Based Methods

Sentiment analysis using lexicons is based on pre-existing dictionaries of words that are classified as positive,
negative, or neutral. In dictionary-based scoring, the sentiment of a text is determined using a process of matching
words in text to the sentiment lexicon and adding their scores together. This is further enhanced by rule-based polarity
detection by using linguistic rules to modify sentiment values, e.g., negations and intensifiers. The methods are not
based on training data and are not hard to implement. Nevertheless, they usually find it hard to contextualize, be
sarcastic, and use domain-specific words and expressions.

3.2 Machine Learning Models

Traditional machine learning based sentiment classification utilizes preprocessed text and it relies on cleaned
text and manually designed features, making it easy to use and requiring less inexpensive computational power.
Widely used algorithms include Logistic Regression (LR), Random Forest (RF), Naive Bayes (NB), Support Vector
Machine (SVM), and K-Nearest Neighbors (KNN), which have been broadly applied to sentiment classification tasks
because of their efficiency in high-dimensional text processing and binary classification. Though models usually
provide satisfactory performance on structured and short-text datasets, they depend only on manually and display
limited capability in capturing sarcasm, long-range dependencies, contextual understanding and complex linguistic
structures. Accordingly, their performance often reduces when applied to large-scale and dynamic social media data.
[4,6,13,14].

3.3 Deep Learning Techniques

Deep learning (DL) methods learn to find complex language structures automatically extract hierarchical and
abstract information in data. Convolutional Neural Networks (CNNs) learn convolutional features from text using
convolutional filters, and work well with short sentiment texts [14]. Recurrent Neural Networks (RNNs) used to
process text one word at a time, which enables to capture contextual data with regard to past words, but they experience
vanishing gradient issues when dealing with long sequences [7]. Long Short-Term Memory (LSTM) networks
overcome this problem since they use memory cells and gating to model the sentiment flow in long documents more
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effectively [15]. GRUs represent simplified versions of LSTMs, but use fewer parameters and achieve similar
performance and can be trained similarly and more quickly [16].

3.4 Literature review on Transformer

Transformer-based models become the foundation of modern sentiment analysis due to their ability to
understand context effectively. Unlike earlier neural models, transformers use self-attention mechanisms to capture
relationships between words regardless of their position in a sentence. Models such as BERT, RoBERTa, and GPT
etc. are pre-trained on large text corpora and then fine-tuned for sentiment classification tasks. These models achieve
strong performance on social media data but require high computational resources and large training datasets.
Transformer models discuss in Table 5.

Researchers have managed to come up with a number of transformer-based approaches to study how people
behave, feel, and engage with stuff in the digital world as it changes [14]. It is important to point out that digitization,
especially through social media, has changed the way businesses and customers deal with each other. More and more
individuals, especially Generation Z and Alpha, use the internet every day. Businesses can use social media to talk to
certain groups of people through text, emoticons, photographs, and videos. This can help them enhance their marketing
and build customer loyalty. Transformer-based models may also help firms figure out how customers feel about their
product’s comments by discovering sentiment in it.[22]. The DynaPR model fills a gap in current recommendation
systems by taking into account how product categories affect users' changing interests. DynaPR outperforms other
models by employing hierarchical LSTM networks to combine product and attribute information into one space and
then uses pairwise interest features to find patterns in behavior and provide reliable recommendations. [23]. RoOBERTa
was better than Chat-GPT in classifying sentiment and showed important factors that affect accuracy, which helped
businesses get better insights. [24]. Think about sarcasm as a multi-modal thing and utilize better encoders to assess
the MUStARD++ dataset through text, speech, and pictures. These models are good at find out how people feel in
code-mixed languages. Recent studies in 2026 additional extend transformer-based sentiment analysis by focusing on
aspect-level opinion mining and effective lightweight architectures.

Table 5 Literature review: Methods, Datasets, and Findings in Sentiment Analysis Research

Study / Method / Model Dataset / Key Findings / Identified Reference
Research Work Used Application Contribution Research Gaps /
Limitations
Al-based models | General Al-based | online Demonstrated Lacks fine-grained | [14]
to study online sentiment & platforms, how sentiment modeling
behavior behavior study specially social | digitization and transformer-
media reshapes based analysis
business—
customer
interactions,
particularly
among Gen Z
and Alpha
users
Dynamic Product | Hierarchical E-commerce Improved Limited exploration | [38]
Recommendation | LSTM recommendation | personalization | of transformer
(DynaPR) systems by jointly architectures and
modeling explainability
products and
attributes
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comparable
accuracy

Sentiment RoBERTa Amazon Achieved Focused on a single | [16]
Analysis on transformer model | customer higher product category;
Amazon reviews sentiment multimodal signals
Reviews classification not considered
(Samsung A53) accuracy

compared to

ChatGPT
Sarcasm Multimodal MUStARD++ Enhanced High computational | [18§]
Detection encoders (text, dataset sarcasm cost; limited
(MUStARD++) speech, images) detection generalization

performance beyond scripted

using dialogues

multimodal

fusion
Multilingual Transformer-based | Code-mixed Effectively Limited dataset size | [15]
Sentiment encoders with ML | social media handled and lack of real-
Analysis of Slurs | classifiers text data multilingual time deployment

and code-mixed | analysis

sentiment

patterns
Aspect-Based Transformer-based | Product review | Improved fine- | Requires large [70]
Sentiment models datasets grained labeled datasets;
Analysis for (BERT/RoBERTa) sentiment challenges in
Product Review analysis by handling implicit
Mining (2026) identifying aspects

sentiments at

aspect level
Lightweight DistilBERT / Real-time Reduced model | Slight drop in [71]
Transformer Efficient sentiment size and faster | accuracy compared
Models (2026) Transformers systems inference with | to large models

4. Classification Performance Metrics

To measure the performance of the reviewed transformer-based models, a number of performance measures
of classification that are commonly accepted are taken into consideration. These metrics give a quantitative measure
of the model performance and allow making an unbiased comparison of the performance of various transformer
architectures, including BERT, RoBERTa, XLNet, because sentiment analysis activities may be characterized by the
imbalance of the classes and light contextual differences. It is necessary to use several assessment scales to evaluate
the performance in a comprehensive manner. The most recurring measures in the studies is evaluated by the accuracy,
precision, recall, F1-score and Root Mean Square Error (RMSE). These measures are calculated based on the usual
elements of a confusion matrix, which are true positives (TP), true negatives (TN), false positives (FP), and false

negatives (FN).

Table 6: Evaluation Metrics for Sentiment Analysis

Metric Formula (Word-friendly Description
format)
Accuracy (TP+ TN)/ (TP + FP+ TN + FN) | Measures the proportion of correctly classified
instances among all instances. It provides an overall

1075




performance indicator but may be misleading for
imbalanced datasets [33].

Precision TP/ (TP + FP) Indicates how many of the predicted positive
instances are actually positive. It reflects the
reliability of positive sentiment predictions [15].

Recall TP /(TP + FN) Measures how many actual positive things are
correctly identified by the model. It is important for
detecting critical sentiments. [15].

F1-Score 2 x (Precision x Recall) / Harmonic mean of precision and recall. It balances
(Precision + Recall) both metrics and used for evaluating transformer
models on imbalanced sentiment datasets [18].
Root Mean Square \[(1/n) x = (yi—yi)*] Measures the average deviation between predicted
Error (RMSE) sentiment probabilities. It is mostly used when

probabilistic outputs are produced by transformer
models [42].

S. Analysis of Selected Studies Based on the Research Questions

This section offers a complete discussion based on the research questions identified. These questions aims to
enhance understanding of detection methods, and feature extraction techniques, highlight the evaluation metrics by
identifying gaps, and propose directions for future work.

RQ1: What are the types of transformer-based models?

5.1. Base Transformer Architecture: The base Transformer architecture is a neural network model
designed for sequence processing tasks. It uses a self-attention mechanism to understand the relationship between
words in a sentence. Unlike RNNss, it processes all words in parallel, which makes training faster. This design helps
the model learn long-range dependencies efficiently. The Transformer architecture serves as the foundation for many
modern NLP models. Transformer (2017) model added relationship between the words within a sentence irrespective
of distance through the self-attention mechanism. The model efficiently acquires non-recurring long-range
dependencies. Most of the current NLP architectures are based on it because of its efficiency and performance [31].

5.2 Encoder-based transformers.

This makes use of the only encoder portion of the transformer architecture. They are primarily intended to learn
text as opposed to produce text. These models process the whole sentence simultaneously with the help of bi-
directional self-attention. BERT, RoOBERTa and ALBERT are popular models. BERT is a transformer-based encoder
and is created to acquire deep contextual representations of text. It takes into account left and right contexts
simultaneously based on two-way self-attention. BERT assist in the transfer learning by fine-tuning over task-oriented
datasets. It enhances sentence level as well as document level interpretation. The architecture captures fine semantic
and syntactic patterns. BERT has been able to perform well in sentiment analysis, classification, and question
answering [33]. RoBERTa is an adaptation of BERT that is optimized and has better pretraining strategies. It
eliminates the next-sentence prediction goal to concentrate on the masked language modeling. It is always able to
achieve better performance in sentiment analysis and text classification tasks than BERT [36]. ALBERT is a light
transformer model that aims at minimizing the use of memory. ALBERT has rival accuracy, even though it has a
smaller number of parameters. It enhances effective training and does not compromise performance. ALBERT does
well with a number of NLP benchmark datasets [37]. DistilBERT is a knowledge extracted version of BERT that is
compressed. This leads to a reduction in speed and memory usage. DistilBERT preserves almost 95 percent of the
BERT performance. It can be used in real time and resource controlled applications. Sentiment analysis systems utilize
wide usage of DistilBERT [53]. Improved semantic understanding is achieved with improved attention mechanisms.
Better masking techniques are also applied in the training of DeBERTa. It has greater accuracy on various NLP

1076



standards. DeBERTa is especially effective in sentiment classification [66]. SciBERT is a domain-specific transformer
that is trained on scientific papers. It makes use of corpora of computer science and biomedical research articles. The
model can comprehend technical terms and these belongs to the domain. SciBERT improves the citation analysis and
text classification. It records complicated patterns of scientific language. SciBERT has many academic NLP
applications [63]. BioBERT has been trained on big biomedical literature. The model enhances the knowledge of
medical terms. BioBERT is an improvement in the tasks of named entity recognition and relation extraction. The
design enhances text analysis in biomedical studies. BloBERT can be applied in sentiment analysis in healthcare [64].
BERTweet is twitter trained. It deals with casual language, slangs, emojis, and hashtags. A contextual representation
of the short texts is enhanced by pretraining on tweets. It works on noisy and unstructured data. BERTweet enhances
accuracy of sentiment detection in social sites. It finds application in sentiment analysis of social media [62].

5.3. Decoder-Based Transformers: Transformers that have decoder-only architecture are called
decoder-based transformers. Their processing is left-to-right that is, each word relies on the preceding words. Mainly
text generating tasks are performed with these models. They make predictions based on the past context on the next
word in a sequence. Transformers based on decoders are pretrained with huge text corpora. Fine-tuning enables
adaptation of them to other tasks. Well-known ones are GPT and GPT-2. GPT is an autoregressive transformer model
based on decoding. It is used to predict the word that is coming out following prior context. GPT-2 is an extension of
GPT that uses a bigger architecture and dataset. It has a powerful language modeling. Both models facilitate the
transfer learning between tasks. Text generation and text analysis The GPT models have found a lot of application
[39].

5.4. Hybrid / Advanced Transformers: The advanced or hybrid transformers are designed to eliminate
the drawbacks of simple transformer models. They enhance the management of long line of text and complicated
dependencies. Such models make use of changed attention mechanisms or memory methods. Other models are a
mixture of concepts of other transformer architectures. They lower the cost of computation at the expense of
performance. The hybrid transformers are good in long documents. They are XLNet, Transformer-XL, Longformer
and BIGBird. XLNet is a bi-directional transformer that is an autoregressive transformer. It does not conceal tokens
in training. The model incorporates the permutation-based language modelling. XL Net combines characteristics of
Transformer-XL and BERT. XLNet is also faster than a number of transformer models on NLP benchmarks [35].
Transformer-XL is an extension of the existing transformer architecture. It adds the capability of segment-level
recurrence to model the long sequences. Positional awareness is enhanced by relative positional encoding. The model
helps to keep context in several segments. Transformer-XL enhances the work of language modeling. It can be used
in the analysis of long documents [34]. Longformer is an engine that is created to efficiently handle long documents.
The model does not lose the valuable contextual information. Longformer approves local and international coverage.
It manages thousands of tokens in effect. Longformer can be used in document-level sentiment analysis [60]. BigBird
Extension of transformers with sparse attention patterns is provided by BigBird. It is mixture of global, local, and
random attention. This saves on memory usage by long sequences. It has a high degree of scaling to large text inputs.
[61].

5.5. Knowledge-Enhanced Transformers: Transformers that have been enhanced with knowledge
mix textual information and external knowledge. They apply in the form of entities, concepts and relationships in
order to enhance understanding. These models do not just learn through plain text but use structured knowledge in the
process of learning. This assists the model to have a better understanding of real world meaning and context. The
transformers which are knowledge enhanced work well with tasks which are knowledge intensive. They enhance
meaning expression and reasoning capabilities. An example of this kind that is popular is ERNIE. It augments
transformer models using knowledge. It includes entity-level information and semantic information. The model
enhances relationships between entities. Knowledge integration can be used to grasp real-life context. ERNIE
enhances the learning of representation of complex texts. It is good at tasks that are knowledge-intensive. ERNIE is
applicable in higher-level NLP [57].
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5.6. Multimodal Transformer Models: Multimodal transformer models are models that are developed
to handle more than one type of data simultaneously. They are usually used in conjunction with text and images or
videos. The models employ attention processes in learning intermodal relationships. Multimodal transformers
combine the visual information with the textual information. This enhances the comprehension of complicated content.
They are popular in such applications as sentiment analysis, image captioning, and video understanding. The most
famous ones are CLIP, UNITER, ERNIE-ViL and VideoBERT. VideoBERT is an expansion of transformers to text
and video. It is a joint model of visual frames and language tokens. Video sequences are considered to be the tokenized
inputs. This enhances the learning of multimodal representation. VideoBERT helps in video comprehension. It is used
in video captioning and analysis [59]. CLIP acquires joint representations of text and images. It involves contrastive
learning on massive datasets. CLIP does not need fine-tuning on tasks. It is very universal in its application. The
architecture has facilitated zero-shot learning. Multimodal sentiment analysis can make use of CLINE [68]. ERNIE-
ViL combines visual, textual and knowledge features. It enhances intermodal reasoning. The complex semantic
relationship is reflected on the model. It is good in visual question answering. The model is appropriate to multimodal
sentiment analysis [69]. UNITER acquires the integrated image and text representations. It records the interactions
between visual and linguistic features. The model involves joint embedding learning. UNITER improves multimodal
understanding tasks. It is a good performer on benchmark data [65].

5.7. Encoder—Decoder Transformers: Encoder Decoder transformers are encoder- decoder
transformers that utilize encoder and decoder parts of the transformer architecture. The encoder is followed by
converting the input text into meaningful representations. Decoder is the one that produces output text on the basis of
these representations. The models are mostly applied in text generation and translation. They are able to process both
lengthy input and output sequences. Encoder-decoder transformers are applied to facilitate various NLP tasks with the
same type of architecture. One of the most famous models of this model is TS. T5 converts all NLP tasks to text-to-
text format. Input and output are both in form of text. One architecture is shared by a number of tasks. The model
behavior is guided by task specific prompts [67].

Table 7 Overview of Transformer-based Models and their applications

Model Year Core Idea / Key Strength Typical Sentiment Reference
Architecture Analysis Use
ULMFiT 2018 | Fine-tuned language Strong transfer | Review classification, [30]
model with gradual learning for suggestion mining
unfreezing small datasets
Transformer 2017 | Self-attention without Parallel Base architecture for all [31]
recurrence processing, modern sentiment models
long-range
dependency
modeling
GPT 2018 | Autoregressive Context-aware | Opinion generation, [39]
transformer decoder text generation | sentiment-aware text
synthesis
GPT-2 2019 | Large-scale pretrained Fluent long-text | Document-level [39]
transformer understanding sentiment, QA-based
sentiment
BERT 2018 | Bidirectional encoder Deep Sentence & document [33]
transformer contextual sentiment classification
understanding

1078




RoBERTa 2019 | Optimized BERT Improved Sarcasm detection, fine- [36]
training strategy robustness and | grained sentiment
accuracy
XLNet 2019 | Permutation-based Bidirectional Long-text and contextual [35]
autoregressive training context without | sentiment tasks
masking
Transformer- | 2019 | Segment-level recurrence | Long-term Review and news [34]
XL with relative positions dependency sentiment analysis
modeling
ALBERT 2019 | Parameter sharing and Memory- Large-scale sentiment [37]
factorized embeddings efficient analysis with low
transformer resources
DistilBERT 2019 | Knowledge-distilled Faster inference | Real-time sentiment [53]
BERT systems
ERNIE 2019 | Knowledge-aware Entity-level Aspect-based sentiment [57]
transformer semantic analysis
understanding
VideoBERT 2019 | Joint video—text Multimodal Video comment sentiment | [59]
transformer representation analysis
learning
Longformer 2020 | Sparse attention Efficient long Social media thread [60]
mechanism document sentiment
processing
BigBird 2020 | Sparse + global attention | Scalable long- | Large review corpus [61]
sequence sentiment analysis
modeling
BERTweet 2020 | Twitter-pretrained BERT | Handles Social media sentiment [62]
informal analysis
language &
emojis
SciBERT 2020 | Scientific text pretraining | Domain- Academic and survey [63]
specific sentiment analysis
vocabulary
understanding
BioBERT 2020 | Biomedical domain Medical Healthcare sentiment and | [64]
transformer language opinion mining
understanding
UNITER 2020 | Unified image—text Vision— Multimodal sentiment [65]
representation language fusion | analysis
DeBERTa 2021 | Disentangled attention Improved Fine-grained sentiment [66]
mechanism contextual classification
modeling
TS 2021 | Text-to-text unified Task flexibility | Sentiment as text [67]
framework generation
CLIP 2021 | Contrastive image—text Strong cross- Image—text sentiment [68]

learning

modal
alignment

analysis
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Advanced multimodal
sentiment tasks

Rich semantic
reasoning

ERNIE-ViL 2021 | Knowledge-enhanced

multimodal transformer

[69]

RQ2. Why are transformer-based models (like BERT and RoBERTa) preferred over classical ML methods
such as SVM or Naive Bayes?

Transformer-based models are preferred because they can capture the real meaning of words in a sentence by
looking at the context. Unlike SVM or Naive Bayes, which depend on word frequency or hand-crafted features such
as TF-IDF, transformers use attention mechanisms that allow them to understand how words relate to each other. This
simplifies their ability to deal with long sentences and identify the sentiment despite the complex wording. Overall, it
is found that transformer models are far more accurate than classical modes. As indicated in the comparative overview,
methods that use CNN, LSTM, BERT, ResNet, and Attention mechanisms enhance the process of extracting the
features and understanding the context and making decisions. Its importance is based on the ability to bridge
modalities, reduce ambiguity and improve applications like e-commerce review, social media monitoring and human-
computer interaction. At the same time, such problems as model complexity, overfitting, and memory demands make
the current research gaps visible, which makes MSA effective and an ongoing field of study. Recent research shows
that classical machine learning methods like SVM and Naive Bayes are being actively employed as a baseline method
because of their small ability to understand context and use manual feature engineering. Transformer-based models
such as BERT and RoBERTa, on the other hand, use self-attention and large scale pre-training to scope deep semantic
and contextual information, leading to higher performance on a variety of multilingual, sarcasm-aware and
multimodal, sentiment analysis tasks.

Table 8 Comparative Features of traditional Machine Learning and Transformer-Based Models

Aspect Classical ML Methods Transformer-Based Models (BERT, | Key References
(SVM, NB, LR, KNN) RoBERTa)
Feature Representation Requires manual feature Learns dense contextual [13]
engineering such as TF- embeddings automatically
IDF, Bag-of-Words, and
n-grams
Context Understanding Treats words Uses self-attention to capture full [17]
independently; limited bidirectional context
contextual awareness
Semantic Meaning of Static word meaning Dynamic word meaning depending | [18]
Words (same vector regardless of | on sentence context
context)
Long-Range Dependency | Weak performance for Strong modeling of long-range [15]
Handling long or complex dependencies via attention
sentences
Sarcasm & Irony Poor handling of sarcasm | Significantly improved [24]
Detection and implicit emotions performance on sarcasm and irony
Aspect-Based Sentiment Limited capability Effectively captures aspect-level [25]
Analysis without complex feature sentiment
design
Multilingual & Code- Performs poorly on Strong multilingual and cross- [11]
Mixed Text multilingual or mixed- lingual performance
language data
Multimodal Sentiment Not suitable for Easily extended to text—image— [10]
Analysis multimodal fusion audio fusion
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Training Strategy Trained from scratch on Pre-trained on large corpora, then [28]
task-specific datasets fine-tuned

Data Efficiency Requires large labeled Performs well with limited labeled | [52]
datasets data

Domain Adaptability Requires retraining for Efficient domain adaptation via [29]
new domains fine-tuning

Scalability & Real-World | Limited scalability for Highly scalable for real-world [40]

Use large noisy datasets applications

Current Research Role Mostly baseline or State-of-the-art models in sentiment | [47]

(2023-2025) comparison models research

Table 8 contrasts the classical machine learning models with transformer-based models on sentiment analysis.
Though tradtional methods are based on manual feature engineering and do not find out much contextual knowledge,
transformer models like BERT and RoBERTa can find self-attention and pre-training to learn more deep semantic
connections.

RQ3. What are the main challenges face when using transformers for sentiment analysis in the real world?

Transformer-based models, including BERT and RoBERTa, are high-accuracy sentiment analysis models, there
are a number of challenges, which researchers experience when using them in the real world. These problems can be
mostly connected with the quality of data, the cost of computation, linguistic diversity, interpretability and the ability
to withstand complex emotional conditions. The text data in the real world is also very multi-lingual, noisy as well as
sarcasm or mixed feelings which confuses the task of sentiment detection even with sophisticated transformer models.

Table 9 Key Challenges of Transformer-Based Sentiment Analysis

Challenge

Explanation

Supporting References

High Computational Cost

Transformer models require powerful GPUs, large
memory, and long training time.

[17], [40]

Large Data Requirement

Even though transformers are pre-trained, fine-tuning
still needs labeled domain-specific data, which is costly
and time-consuming to collect.

[28], [29], [40]

Lack of Explainability

Transformer decisions are hard to interpret, making it
difficult to understand why a particular sentiment was
identified.

[54], [55], [27]

Sarcasm and Irony

Transformers struggle with sarcasm, humor, and implicit

[24], [27], [41]

model accuracy.

Handling emotions, especially in social media data.
Multilingual and Code- Real-world data often mixes multiple languages, slang, [11],]18]
Mixed Text idiom phrases and informal writing, which decreases

Domain Dependency

A transformer trained on one domain may achieve
poorly in another domain (e.g., healthcare or finance).

[19], [29], [47]

Bias in Pre-trained Models

Pre-trained models may hold social or cultural bias
inherited from training data, affecting sentiment
predictions.

[26], [27], [40]

Handling Noisy Real-
World Data

Misspellings, abbreviations, emojis and incomplete
sentences reduce sentiment detection accuracy.

[9], [26], [58]

Deployment in Real-Time
Systems

Large model size make real-time sentiment monitoring
challenging.

[40], [45], [51]
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Even with their good performance, there are some practical challenges experienced in the development of
transformer -based sentiment analysis models in real world. They have high computational demands and low
explainability, which restrictions on their usage in resource-constrained settings. Also, it is hard to cope with slang,
sarcasm, multilingual content, and domain-specific variances. Such challenges show that transformers are the state of
the art, but more studies should be showed to enhance efficiency, conflict, and readability to real-world sentiment
analysis systems.

RQ4. What are the future research guidelines for transformer-based sentiment analysis?

BERT and RoBERTa are transformer-based models that have better the performance of sentiment analysis to
a large scope. However, according to recent research, there are still a number of limitations that have not been
addressed. Future studies are possible to be on efficiency, multilinguality, multimodality, explainability, robustness,
and real-world application. By resolving these problems, it will be possible to make high-performing models more

accurate, reliable, and scalable sentiment analysis systems.

Table 10 Future Research Directions in Transformer-Based Sentiment Analysis

Future Direction Description Supporting References
Efficient and Lightweight Developing smaller and faster models to [47]
Transformers reduce cost.
Explainable Sentiment Analysis Improving model transparency hence users [55]
(XAD can know why a sentiment decision is made.
Sarcasm and Implicit Emotion Improving transformer models to better detect | [24]
Detection slang, sarcasm, irony, and hidden emotions in
social media text data.
Multilingual and Code-Mixed Designing models that handle code mixed- [54]
Sentiment Analysis language content and low-resource languages
more accurately.
Multimodal Sentiment Analysis Combining text with images, audio, and video | [10]
to improve sentiment understanding in real-
world applications.
Domain-Adaptive Transformers Improving generalization across areas such as | [19]
finance, healthcare, and education without
retraining from scratch.
Bias and Fairness Mitigation Reducing cultural, social, and gender bias [27]
inherited from pre-trained language models.
Low-Resource and Noisy Data Improving robustness against emojis, slang, [26]
Handling spelling errors, and limited labeled data.
Integration with Large Language Exploring hybrid models combining [45]
Models (LLMs) transformers with generative LLMs for deeper
sentiment.
Real-Time and Edge Deployment Adapting transformer models for deployment | [40]
on IoT, mobile, and edge devices.
Aspect-Based Sentiment Analysis Focus on fine-grained opinion mining. [70]
Lightweight Transformers [71]

6. Multi-Dimensional Evaluation of Sentiment Analysis Approaches
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While predictive performance measures such as recall, accuracy, precision, and F1-score are commonly used
to compute sentiment analysis models, these metrics only do not deliver a complete assessment. The efficiency of a
sentiment analysis method as well depends on its capability to handle challenging inputs, domains, understand
contextual information and operate efficiently at scale. Thus, this study covers the conventional performance-oriented
comparison by considering several evaluation dimensions.

The comparative opinion find sentiment analysis methods based on predictive performance, contextual
understanding, scalability, robustness, domain adaptability, computational cost, and ethical risks. Robustness refers to
the capability of a method to continue reliable performance when dealing with slang, sarcasm, irony, and noisy text,
variations across datasets or ambiguous language. Domain adaptability returns the capability of a model to transfer
knowledge across different application fields, while the bias and ethical dimension reflects the possibility of unfair
predictions, privacy concerns, demographic bias, and limited explainability.

Table 11 illustrate multi-dimensional perspective offers a broader basis for comparing sentiment analysis
methods. Rather than identifying a commonly superior method, this perspective helps determine the suitability of
different approaches based on the characteristics and requirements of a specific sentiment analysis task.

Table 11 Multi-Dimensional Comparison of Sentiment Analysis Approaches

Approach | Predictive Context Robustne | Computatio | Scalabili | Domain Bias/Ethical

Performan | Understandi ss nal Cost ty Adaptabili | Considerati
ce ng ty ons

Rule- Low— Low Low Low High Low Medium

Based Medium

Machine Medium— Medium Medium | Medium High Medium Medium

Learning High

Deep High High Medium— | High Medium | High Medium—

Learning High —High High

Transform | High—Very | Very High High Very High Medium | High High

er-Based High —High

7. Results and Discussion

The selection process was done with the help of PRISMA, and there were 55 peer-reviewed studies published
in the years between 2021 and 2026 that were included in the analysis process. The findings reveal that there is a
definite trend of abandoning the classic machine learning and recurrent neural networks in favor of transformer-based
sentiment analysis networks. This trend is indicative of the high capability of transformers to generalize text data along
a context and long-range dependencies. The most commonly used models were those based on BERT and its variations
(RoBERTa, ALBERT, DeBERTa, and XLNet) and then there were those based on LSTM- and GRU-based deep
learning models. Despite the good performance of the transformer models, a number of studies shown some difficulties
during the interpretability, computational cost, and imbalanced data. Finally, the transformer-based models are the
existing state of art of sentiment analysis, and the future studies need to focus on efficient, explainable, and multimodal
frameworks of transformers to work with real-world contexts. Recent 2026 studies show a change to aspect-based
sentiment analysis and lightweight transformer architectures, highlighting the need for more efficient and fine-grained
sentiment understanding in real-world applications.

8. Conclusions

This systematic literature review uses the PRISMA-based selection process ensured a systematic and
transparent identification, screening, and inclusion of related studies published between 2021 and 2026. By predefined
inclusion and exclusion criteria, the review provides a structured synthesis of recent 55 selected papers on transformer-
based sentiment analysis. The outcomes show that models such as BERT and RoBERTa provides better contextual
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understanding and performance than traditional models. Overall, transformer models have suggestively improved
sentiment analysis and are used across different application areas. Future research should focus on domain adaptation,
bias reduction, explainable Al, multilingual sentiment analysis, multimodal approaches, and real-time deployment.

Overall, this review provides an updated synthesis of transformer-based sentiment analysis study through
including current developments up to 2026. By classifying major application areas, methodological trends and
emerging research directions. This study offers a consolidated reference for researchers finding to develop more
efficient, interpretable and accurate applicable to sentiment analysis systems.
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