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Abstract

This review examines the evolution of machine learning and natural language processing (NLP) techniques for social
media sentiment analysis, tracing the shift from traditional methods such as SVM and Naive Bayes to modern deep
learning, transformer-based, modern large language models (LLMs), and hybrid architectures. Recent advances-
including contextual embeddings, recurrent and attention-based networks, and multimodal approaches that incorporate
emojis-have substantially improved classification performance in noisy social media environments. State-of-the-art
hybrid models fine-tuned through optimization algorithms now achieve accuracy and F1-scores approaching 97% on
large Twitter datasets, while multimodal and multilingual models report F1-scores ranging from 0.57 to 0.83 on more
challenging benchmarks. These findings underscore the importance of integrating multiple data types, applying robust
preprocessing, and leveraging adaptive neural architectures to analyze global social media content effectively. By
synthesizing these developments, this review highlights key trends, methodological challenges, and opportunities for
advancing sentiment analysis research.
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Introduction

The rapid expansion of social media platforms has transformed the way individuals and
organizations communicate, share opinions, and interact globally. Social media generates vast
amounts of user-generated content daily, encapsulating sentiments, opinions, and trends that shape
public discourse. Sentiment analysis (SA), a branch of Natural Language Processing (NLP) [1],
has emerged as a powerful tool to automatically extract and interpret these sentiments from textual
data. Machine learning techniques play a pivotal role in advancing sentiment analysis by enabling
more accurate classification and prediction [2] of affective states embedded within noisy and
unstructured social media text. This research explores state-of-the-art machine learning
methodologies applied to sentiment analysis, emphasizing their significance in understanding
public opinion [3] dynamics across diverse domains such as business, politics, and social trends.

The application of machine learning to sentiment analysis [4] has evolved significantly,
transitioning from traditional lexicon-based approaches to advanced deep learning architectures.
Modern techniques incorporate contextual embeddings, neural networks, and hybrid models [5]
that enhance the granularity of sentiment classification. These advancements address challenges
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such as noisy text normalization [6], multilingual processing [7], and real-time trend prediction [8].
For example, ontology-driven methods [9] have gained traction for their ability to extract domain-
specific information and improve sentiment analysis accuracy by leveraging [10] labeled datasets
tailored to specific contexts. This research reviews these cutting-edge methodologies while
highlighting their implications for social media monitoring.

Despite the progress in sentiment analysis research, challenges [11] persist in processing noisy text
generated on social media platforms. Users often employ informal language, abbreviations, and
inconsistent grammar, complicating the extraction of meaningful insights. Moreover, while
English dominates sentiment analysis studies, other languages such as Malay [12], remain
underexplored due to limited datasets and pre-processing techniques tailored for non-English texts.
Addressing these issues is essential for broadening the applicability of sentiment analysis across
diverse linguistic [13] and cultural contexts. This research examines existing solutions for noisy
text normalization and investigates their effectiveness in multilingual environments [14].

By combining time-series analysis with social network theory [15], researchers can identify
emergent topics and forecast shifts in public opinion with remarkable precision. These predictive
capabilities are invaluable for businesses seeking [16] to understand consumer behavior,
policymakers aiming to gauge public sentiment on policy issues, and researchers exploring societal
trends. This research delves into comparing trend prediction methodologies that complement
sentiment analysis frameworks [17], demonstrating their potential for these applications.

This research, with Table 1, Overview of State-of-the-Art, aims to provide a comprehensive
overview of state-of-the-art machine-learning techniques for sentiment analysis in social media
data. By synthesizing insights from recent studies and addressing gaps in existing research, it
contributes to the academic discourse on NLP applications in social media monitoring. The
findings underscore the importance of frameworks that combine advanced machine learning
algorithms and hyperparameter optimization strategies with domain-specific ontologies and
preprocessing strategies to achieve higher accuracy in sentiment classification and trend
prediction. This research intends to provide insights, findings, or frameworks that can guide
researchers in identifying gaps, opportunities, or areas for further investigation within the field. To
achieve these aims, the following section provides a systematic synthesis of the evolution of
machine learning techniques in social media sentiment analysis, highlighting key methodological
advances and persistent gaps that this review seeks to address.

Literature Review

To frame the methodological developments discussed later, this section surveys the progression of
sentiment analysis techniques across the past decade. The past decade has witnessed a dramatic
evolution in sentiment analysis [18] for social media, fueled primarily by advances in machine
learning (ML) and natural language processing (NLP). Traditional sentiment classification
methods, which largely depended on lexicon-based sentiment scoring and shallow supervised
models such as Support Vector Machines (SVM) and Naive Bayes, provided meaningful early
results, especially where data was relatively clean and structured [19]. However, these methods
struggled with the informal, dynamic, and contextually rich nature of content generated on
platforms such as Twitter and Facebook. Recent comprehensive reviews have noted a paradigm
shift toward deep learning and transformer-based architectures that can better capture the
intricacies of social-media text [20]. Transformer models like BERT and GPT leverage self-
attention mechanisms to model long-range dependencies and understand semantic nuances,
outperforming traditional models across a range of benchmarks. Albladi et al. (2025) detail how
transformer-based approaches now dominate Twitter sentiment analysis, adapting efficiently to
diverse topics, languages, and noisy environments [20]. Systematic reviews, such as Alslaity &
Orji (2022) [19], confirm that while classical models remain relevant for their simplicity and
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speed, deep learning models are increasingly favored for their superior accuracy and ability to
generalize across domains. Notably, most studies continue to prioritize English datasets and use
accuracy as a benchmark, though there is growing recognition of the need for more robust
evaluation metrics and expanded language coverage. Ongoing research focuses on addressing
challenges tied to language diversity, domain adaptation, and preprocessing of noisy, user-
generated content.

Beyond traditional text-only approaches, a particularly transformative trend has been the
integration of multimodal cues, most notably emojis, which provide critical emotional context in
short, informal social media posts. Emojis, as visual expressions of emotion and intent, offer a
potent and often necessary complement to textual sentiment, especially in the fast-paced,
shorthand environment of social media. Al-Azani and EI-Alfy (2021) provide compelling evidence
that combining emoji features with text-using early and late fusion models-significantly boosts
sentiment polarity detection, particularly for morphologically complex and low-resource languages
like Arabic. Their results indicate that fusion at the score level enhances overall classification
performance, validating the surge of interest in multimodal sentiment frameworks [21]. To
operationalize this integration, resources such as EmojiNet (Wijeratne et al., 2017) have emerged,
building comprehensive mappings between emoji icons, their English senses, and context-
dependent meanings. These resources help address challenges of emoji ambiguity and platform-
specific rendering, enabling models to capture the full spectrum of sentiment embedded in social
media posts. Collectively, such advances underline the importance of combining neural
architectures, robust preprocessing, and multimodal features to achieve state-of-the-art
performance-while also exposing enduring difficulties in language representation, normalization,
and result generalization across platforms [22].

Building on these multimodal foundations, increasingly sophisticated neural architectures have
been developed that combine recurrent, attention-based, and transformer components to capture
even richer contextual information. Expanding on these developments, researchers have
engineered increasingly complex yet powerful architectures that integrate advanced neural network
components and feature fusion techniques. Li et al. (2021) introduced the emoji-text integrated
bidirectional long short-term memory (ET-BILSTM) framework for microblog sentiment
classification, combining novel emoji vectorization with BiLSTM-based text representation and
attention mechanisms. Their model demonstrated marked improvements over single-modality
baselines, achieving higher macro-Precision, macro-Recall, and macro-F1 scores on microblog
datasets replete with noisy, expressive content [23]. Similarly, Khalil et al. (2021) utilized
multilabel BiLSTM models-leveraging pre-trained word embeddings such as AraVec and
ARLSTM-showing these deep learning approaches significantly outperformed older techniques
like SVM, Random Forest, and traditional neural networks, particularly in managing colloquial,
informal, and code-mixed data. Such findings reinforce the consensus that cutting-edge sentiment
analysis hinges on deep and recurrent architectures, with an emphasis on embeddings and attention
mechanisms for nuanced emotion and opinion extraction. This trend not only advances accuracy
and robustness for standard sentiment polarity tasks but also facilitates multilingual and domain-
specific analysis, further expanding the utility of sentiment analysis in global social media
applications [24].

In parallel with advancements in model architectures, the application of transfer learning and
ensemble techniques has yielded promising results, particularly in complex classification and risk
assessment tasks. Howard et al. (2020) evaluated a spectrum of models-including rule-based
lexicon tools, DeepMoji, Universal Sentence Encoder, and fine-tuned GPT-1 transformers-on the
CLPsych 2017 dataset to identify suicide risk from social media posts. Their best-performing
approach, which integrated fine-tuned GPT-1 features, achieved a macro-averaged F1 score of
0.572, setting a new standard for risk prediction without extensive user metadata [25]. In public
health monitoring, Bengesi et al. (2023) processed over half a million tweets regarding the
monkeypox outbreak, employing 56 different models. Their findings identified a pipeline
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comprising TextBlob annotation, lemmatization, CountVectorizer, and SVM as the top performer,
achieving a notable accuracy of 0.9348. These results illustrate that, in addition to deep learning,
ensembles and hybrid pipelines-combining neural models, traditional classifiers, and rigorous
preprocessing-play a pivotal role in generating robust sentiment and risk predictions amid the
noisy, heterogeneous, and often multilingual data typical of social media. The growing
sophistication of these integrated methods underlines the need for both algorithmic innovation and
attention to domain-specific challenges [26].

Finally, the most recent literature spotlights the emergence of hybrid models and optimization-
driven approaches that further push the boundaries of sentiment analysis in social media
environments. Vadakketthil Somanathan Pillai et al. (2024) presented a hybrid framework that
amalgamates Bi-GRU and LSTM classifiers with the Hosted Cuckoo Optimization Algorithm,
achieving an exceptional 99% accuracy for classifying three emotion classes in Twitter data. This
optimization-centric strategy demonstrates that customized model tuning can unlock new levels of
performance in handling the complexity and noise inherent in real-world user-generated text [27].
Similarly, Althobaiti (2022) benchmarked a BERT-based model against traditional machine
learning methods for offensive language and hate speech detection in Arabic tweets, reporting F1-
scores of 84.3% for offensive content and 81.6% for hate speech-substantially superior to SVM
and logistic regression. The study also noted that incorporating sentiment and emoji features can
further refine results, though the impact depends on dataset characteristics [28]. Together, these
studies highlight a converging trend: advanced sentiment analysis for social media increasingly
depends on the deployment of context-aware deep neural architectures [29], hybrid models,
multimodal feature engineering, and algorithmic optimization [30]. Persistent challenges remain-
such as handling noisy, code-mixed, and multilingual texts [31]; expanding the availability of
labeled datasets in underrepresented languages [32]; and improving model transparency [33] and
explainability. Nevertheless, the literature demonstrates that the fusion of state-of-the-art machine
learning models, robust preprocessing, multimodal integration, and domain-aware adaptation
represents the most promising pathway for research and practical deployment in sentiment analysis
across social media contexts.

Methodology

The insights drawn from the reviewed studies inform the comparative framework adopted in this
work. Building on these findings, the methodology outlined below integrates key analytical
dimensions-model type, multimodality, and linguistic diversity-to systematically evaluate recent
approaches. This study adopts a comprehensive and comparative methodology as shown in Figure
1 to investigate advanced machine learning techniques for sentiment analysis on social media data.
Recognizing the complexity and diversity of user-generated content, the research is structured to
systematically evaluate the effectiveness of various machine learning paradigms, spanning from
traditional algorithms by using hybridization and optimization sorting techniques and analysis to
contemporary deep learning and hybrid models. The rationale for this approach stems from the
evolving landscape of sentiment analysis [34], where the shift from lexicon-based and shallow
models to context-aware neural architectures [35] has been pivotal in addressing the unique
challenges posed by social media platforms. By synthesizing and interpreting recent
advancements, this methodology aims to bridge gaps in the literature, particularly regarding the
integration of multimodal features and the adaptation of models to different linguistic and cultural
contexts. The comparative nature of the research ensures a nuanced understanding of the strengths
and limitations inherent in each methodological approach.
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Figure 1. Flowchart of Methodology

For Data Collection and Preprocessing, the methodology emphasizes the importance of data
collection and preprocessing as foundational steps in sentiment analysis [36]. Social media
platforms, especially Twitter, are selected as primary data sources due to their accessibility and the
prevalence of sentiment-rich content. Data is gathered using official APIs [37], ensuring
authenticity and relevance to the research objectives. Preprocessing involves several stages: noise
removal (such as eliminating links, usernames, and special characters), normalization of informal
language, and the handling of multilingual content. Special attention is given to the treatment of
emojis and other non-textual elements, as these play a significant role in conveying sentiment on
social media. The preprocessing is designed to enhance data quality and ensure that subsequent
machine learning models can effectively extract meaningful patterns [38] from the inherently noisy
and heterogeneous social media text. This step is crucial for improving model robustness and
generalizability across diverse datasets. With a clean and well-structured dataset, the next step
involves selecting and evaluating machine learning models capable of capturing
social-media-specific linguistic patterns.

Regarding Machine Learning and Deep Learning Approaches [39], this section discusses the
machine learning and deep learning approaches used in the reviewed research, focusing on the
deployment and evaluation of a range of machine learning techniques. Traditional models, such as
Support Vector Machines and Naive Bayes, are implemented as baselines due to their historical
significance and computational efficiency. However, the primarily focuses on advanced deep
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learning architectures, including recurrent neural networks (RNNs) [40], long short-term memory
networks (LSTMs), bidirectional LSTMs (BILSTMSs) [41], and transformer-based models like
BERT and GPT. These models are selected for their demonstrated ability to capture complex
linguistic patterns and contextual dependencies within social media text. Additionally, hybrid
models that combine neural architectures with optimization algorithms or ensemble strategies are
explored to further enhance predictive performance. The comparative analysis of these approaches
provides insights into their relative effectiveness in handling the nuances of sentiment expression
in dynamic online environments [42].

Integration of Multimodal and Contextual Features can be a distinguishing aspect of this
methodology is the incorporation of multimodal features, particularly the integration of emojis
alongside textual data. Emojis are systematically mapped to their contextual meanings using
resources such as EmojiNet, allowing models to interpret the full spectrum of sentiment embedded
in social media posts. Early and late fusion techniques are employed to combine emoji and text
features, enabling a more holistic sentiment classification framework. Furthermore, the
methodology investigates the role of domain-specific ontologies and contextual embeddings in
improving sentiment analysis accuracy, especially in underrepresented languages and specialized
domains. This integrative approach addresses the limitations of text-only models and reflects a
broader trend toward capturing the multifaceted nature of online communication. The effectiveness
of these strategies is assessed through comparative experiments, highlighting their impact on
model performance and generalizability. The final component of the methodology beyond
quantitative evaluation. The methodology incorporates with the qualitative analysis and
transparency and interpretability, recognizing the importance of explainability in sensitive domains
[43].

In most research that investigates advanced machine learning approaches for sentiment analysis on
social media data, it is essential to rigorously evaluate and compare the performance of various
models. Given the complexity and diversity of social media text-including informal language,
multilingual content, and the frequent use of emojis-relying on robust and interpretable evaluation
metrics is crucial for ensuring the validity and generalizability of results. To provide a
comprehensive assessment of model performance across all sentiment categories (such as positive,
negative, and neutral), it should adopt macro-averaged precision (macro-P), macro-averaged recall
(macro-R), and macro-averaged F1 score (macro-F1) as primary evaluation indicators. These
metrics are especially relevant in multi-class classification tasks where class imbalance is common,
as they treat each class equally, regardless of its frequency in the dataset. For each sentiment class i
(where i € {positive,negative,neutral}) the following definitions are used; True Positives (TPi)
represent the count of cases where both the model’s prediction and the actual label correspond to
class i. False Positives (FPi) indicate the number of times the model predicts class i when the
actual label is not i. False Negatives (FNi) [44] refer to the instances where the true label is class i,
but the model assigns a different class. Using these definitions, the precision, recall, and F1 score
for each class i are calculated accordingly as shown in equation 1 to 3 [23]:

TP,
Pp= 1
"7 TP, + FP; )
TP,
Ri=——— 2
"7 TP, + FN; )
2 X P; X R;
=——F (3)

F; =
' P, + R;
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Where Pi is the precision, Ri is the recall, Fi is the F1 score, all for class i, and to ensure that each
sentiment class contributes equally to the overall evaluation, macro-averaged scores are computed
by taking the arithmetic mean of the metric across all n classes as shown in equations 4 to 6 [23]:

n
1
Macro_P = —Z p; 4)
N
n
1
Macro_R = —Z R; (5)
n=
n
1
Macro_F1 = HZ F; (6)
i=1

These macro-level metrics provide a balanced view of model performance, preventing the results
from being dominated by the majority class and highlighting the model’s ability to correctly
classify less frequent sentiment categories. This is particularly important for social media
sentiment analysis, where the distribution of sentiments can be highly skewed and the correct
identification of minority classes (such as neutral or rare negative sentiments) is often critical for
downstream applications. By systematically applying macro-precision, macro-recall, and macro-
F1, the methodology provides a transparent and standardized basis for comparing novel models-
including those leveraging multimodal features like emojis and contextual embeddings-against
established baselines, thus advancing the field toward more inclusive and effective sentiment
analysis solutions [45]. Applying the comparative framework described above, the following
section synthesizes the performance outcomes reported in the reviewed studies.

Results

The evolution of sentiment analysis in social media has been marked by a clear transition from
traditional lexicon-based and shallow machine learning methods to more sophisticated deep
learning and transformer-based models. Early approaches, such as Support Vector Machines and
Naive Bayes [46], provided foundational insights but often struggled with the informal, context-
dependent, and rapidly changing nature of social media language. The introduction of neural
architectures-particularly those leveraging contextual embeddings-has enabled models to better
capture the subtleties and nuances inherent in user-generated content. Transformer models, for
instance, have demonstrated a strong ability to generalize across topics and languages, adapting
well to the noisy and diverse data typical of platforms like Twitter and Facebook. This progression
is not simply a matter of improved accuracy but reflects a broader shift towards models that can
dynamically learn from context, handle complex linguistic phenomena, and adapt to the evolving
landscape of online communication. The comparative analysis of these methodologies highlights
that while traditional models remain relevant for their simplicity and computational efficiency, the
current trend overwhelmingly favors deep and hybrid models [47] for their robustness and
adaptability in real-world sentiment analysis tasks.

A significant development in the field has been the integration of multimodal features, particularly
the use of emojis alongside textual data [48]. Emojis serve as a rich, visual extension of written
language, often clarifying or intensifying the sentiment expressed in a post. The fusion of emoji
and text features, through early or late fusion models, has been shown to enhance the detection of
sentiment polarity, especially in languages with complex morphology or limited resources. This
approach addresses the limitations of text-only models, which can miss the emotional cues
provided by visual symbols. The use of resources like EmojiNet further supports this integration
by mapping emojis to their contextual meanings, reducing ambiguity and improving model
interpretability. However, the inclusion of multimodal data also introduces new challenges, such as
the need for sophisticated preprocessing and the handling of platform-specific emoji
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representations. Despite these complexities, the trend toward multimodal sentiment analysis
reflects a growing recognition of the multifaceted nature of online expression and the need for
models that can capture sentiment in all its forms. This direction not only improves classification
outcomes but also broadens the applicability of sentiment analysis across different languages,
cultures, and communication styles.

Despite the remarkable advancements, several persistent challenges continue to shape the research
agenda in sentiment analysis for social media. The inherently noisy and heterogeneous nature of
social media text-characterized by slang [49], abbreviations, code-switching, and creative
grammar-poses significant obstacles to both traditional and advanced models. While deep learning
and transformer-based methods have improved the robustness of sentiment classifiers, they are not
immune to performance degradation in the face of extreme linguistic variability or when applied to
domains with scarce labeled data. Moreover, the dominance of English-language datasets in the
literature limits the generalizability of findings, underscoring the need for more multilingual and
culturally diverse resources. Issues of model transparency and explainability also remain at the
forefront, particularly as sentiment analysis is increasingly applied in sensitive areas such as public
health and risk assessment. Computational demands present another barrier, especially for real-
time or large-scale applications. Addressing these challenges will require continued innovation in
model design, the development of lightweight and interpretable architectures, and a concerted
effort to expand and diversify available datasets. The comparative findings suggest that the future
of sentiment analysis lies in the thoughtful integration of advanced machine learning techniques,
robust preprocessing, and multimodal data, all grounded in an awareness of the linguistic and
cultural diversity that defines global social media.

Evolution from Lexicon-Based and Traditional ML to Modern Deep Learning Approaches:

The comparative landscape of sentiment analysis in social media reveals a decisive progression
from classical machine learning methods toward advanced deep learning and hybrid models. Early
efforts, as chronicled in seminal works such as Wijeratne et al. (2017), provided the foundation for
emoji sense disambiguation using Word2Vec and machine-readable sense inventories (EmojiNet).
Their resource-centric approach, leveraging 147 million tweets and integrating multiple sources,
achieved notable image matching accuracy (96.27%) and overall sense disambiguation accuracy
(83.53%) [22]. However, these classical paradigms-relying on tokenization, stemming, and
feature-based models-while computationally efficient, struggled with the inherent contextual
richness and ambiguity of social media language. A significant pivot emerged with the adoption of
neural network-based models, such as the SVM and Logistic Regression fusion frameworks
presented by Al-Azani & El-Alfy (2021). Their multi-level fusion of emoji and text features, tested
on 2,091 manually annotated Arabic tweets, demonstrated that multimodal feature integration
could achieve accuracy rates exceeding 85% [21]. This upward trend continued with the
introduction of robust deep learning architectures, such as ET-BILSTM with attention (Li et al.,
2023), BILSTM [23], and transformer-based models like AraBERT (Althobaiti, 2022). Each
iteration not only increased the granularity of sentiment detection but also extended coverage to
more complex and multilingual datasets [28]. The movement toward deeper, context-aware, and
hybrid approaches underlines a recognition across the literature: traditional models are valuable as
baselines, but contemporary sentiment analysis demands architectures that can capture sequential
dependencies, semantic nuance, and multimodal cues. This evolution sets the stage for
benchmarking newer methodologies not just in terms of accuracy, but also in their adaptability,
interpretability, and robustness in the face of rapid linguistic shifts that characterize real-world
social media, as shown in Table 2, Summary of results and Figure 2.

The Power and Challenges of Multimodal Sentiment Analysis:

A major inflection point in sentiment analysis research is the systematic integration of multimodal
cues, most notably the inclusion of emojis as explicit features alongside text. The impact of this
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development is vividly demonstrated in the empirical results of Al-Azani & EI-Alfy (2021), whose
rigorous cross-validation on Arabic tweets demonstrated that score-level fusion of text and emoji
embeddings [21] could push sentiment classification accuracy up to 85.41%. Their findings
revealed that models trained on emoji-only features, such as LR with Skip-Gram, still achieved
nearly 80% accuracy, underscoring the standalone predictive power of visual sentiment symbols in
platforms like Twitter. Li et al. (2023) further advanced this paradigm, proposing a novel emoji
vectorization approach that mapped emoji use into emotional dimensions (love, joy, anger,
sadness, disgust) [23] and integrating these with text representations in an attention-enhanced
BiLSTM (ET-BILSTM). Their model outperformed all baselines, with macro-F1 scores as high as
82.91%, and ablation studies confirmed the synergistic effect of combining emoji and textual
information. Supporting resources like EmojiNet (Wijeratne et al., 2017) facilitate this integration
by offering large-scale, platform-aware, and context-dependent emoji sense mappings [22], which
are crucial for reducing ambiguity and maximizing interpretability. However, the literature also
highlights persistent challenges: effective multimodal sentiment analysis requires sophisticated
preprocessing to manage platform-specific emoji renditions, ambiguous meaning in context, and
evolving emoji usage trends. The growing evidence points to multimodal frameworks not simply
as an enhancement, but as essential for capturing the full affective spectrum of social media,
especially in informal or low-resource linguistic environments where emojis frequently substitute
for or amplify text-based sentiment cues.

Advances in Deep Learning, Optimization, and Transfer for Social Media Sentiment

The field has rapidly evolved with the introduction of advanced deep learning, hybrid, and transfer
learning approaches. This is exemplified by Howard et al. (2020), who evaluated a wide range of
feature extraction and modeling pipelines-including fine-tuned GPT-1, DeepMoji, Universal
Sentence Encoder, and AutoML frameworks-on crisis detection tasks in mental health forums [25].
Their strategy, which fused neural embeddings with classical lexicon-based features and engaged
Auto-Sklearn for model selection, achieved a macro-F1 score of 0.559, surpassing previous
benchmarks. Similarly, Khalil et al. (2021) employed multilabel BiLSTMs with AraVec pre-
trained embeddings for emotion recognition in Arabic tweets [24], achieving a test Jaccard
accuracy of 0.498 and micro-F1 of 0.615, well ahead of SVM baselines. The field has also
witnessed the emergence of hybrid models leveraging optimization algorithms, as demonstrated by
Vadakkethil Somanathan Pillai et al. (2024), whose LSTM+Bi-GRU classifier, optimized using
Hosted Cuckoo Optimization Algorithm and Doc2Vec features [27], set a new standard with an
accuracy and Fl-score of 97.36% in smartphone sentiment detection on Twitter. Notably,
ensemble and hybrid pipelines-such as the 56-model comparison by Bengesi et al. (2023) on
107,000 multilingual tweets-illustrated that traditional classifiers like SVM, when carefully
combined with refined preprocessing [26] (lemmatization, emoji-to-text mapping) and feature
engineering, could rival or even surpass more complex deep architectures in specific domains
(with top accuracy 93.48%). These findings collectively demonstrate that state-of-the-art sentiment
analysis increasingly depends on the fusion of neural models, transfer learning, domain-specific
embeddings, and algorithmic optimization to maximize predlctlve robustness across diverse, noisy,
and often multilingual social media datasets [50].

Multilingual and Domain Adaptation, Progress, and Gaps from Comparative Studies:

One of the most consistent trends identified across recent literature is the growing emphasis on
multilingual sentiment analysis and domain adaptation. Historically, English-language datasets
dominated the field, but there is a clear shift toward addressing morphologically complex and
underrepresented languages. Case in point, both Al-Azani [21] & EI-Alfy (2021) and Khalil et al.
(2021) [24] focused on Arabic tweets-one of the most morphologically rich languages-
demonstrating that properly tuned word2vec embeddings, custom emoji features, and deep
learning models (such as BILSTM) can deliver competitive or state-of-the-art results (accuracy
exceeding 85%, macro/micro F1 >0.6) even in non-English contexts. Althobaiti (2022) further
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underscored the power of transformer-based models like AraBERT [28] in offensive and hate
speech detection, outpacing traditional SVM and logistic regression by margins of 10-20% in
macro-F1, with fine-grained classification remaining more challenging. Meanwhile, large-scale
multi-language datasets, as compiled by Bengesi et al. (2023) for the monkeypox outbreak,
illustrate that classical models like SVM can still achieve strong performance [26] and, paired with
multilingual preprocessing, can rival deep architectures on polarity tasks, reflecting the continued
utility of classical approaches in multilingual and high-noise settings. Taken together, these results
highlight both the progress and persistent gaps: while deep learning and multimodal integration
now enable robust sentiment analysis in previously challenging linguistic environments, there
remains an acute need for more diverse, balanced, and contextually annotated datasets, as well as
for transparent models that can adapt dynamically to evolving language and domain-specific trends
on social media.

Synthesis, Trends, Limitations, and Directions in State-of-the-Art Sentiment Analysis:

Synthesizing insights from the literature and comparative results highlights several converging
trends and ongoing challenges in social media [51] sentiment analysis. While modern neural and
hybrid models demonstrate marked improvements in accuracy, macro-F1, and adaptability-often
achieving over 85-95% performance in focused benchmarks-the field continues to grapple with
issues of interpretability, computational complexity, data imbalance, and limited coverage in low-
resource languages. The integration of multimodal data (emojis, images, etc.) not only boosts
sentiment detection accuracy but also raises new challenges for semantic alignment and platform-
specific representation. Studies such as Li et al. (2023) [23] and Vadakkethil Somanathan Pillai et
al. (2024) [27] show that attention mechanisms, optimized model parameters, and ensemble
learning can all play substantial roles in advancing performance.

However, the “best” approach remains highly context-dependent; for example, classic SVM
pipelines still shine in environments with limited labeled data or when paired with advanced
feature engineering. Across the board, the literature underscores the importance of robust
preprocessing, balanced and representative datasets, and transparent evaluation-macro-precision,
macro-recall, and macro-F1 remain the gold standards for fair comparison in class-imbalanced and
multi-class settings. Looking ahead, the most promising direction involves harmonizing deep
neural architectures with multimodal fusion, data-efficient learning, and explainable Al,
complemented by a strategic expansion of multilingual and domain-rich datasets. This synthesis
sets a clear research agenda: that the future of sentiment analysis in social media [52] will be
defined by adaptability, inclusivity, and interpretability as much as by raw predictive accuracy.

In summary, recent advancements in sentiment analysis for social media highlight a decisive shift
from traditional approaches such as SVM and Naive Bayes toward deep learning, transformers
(e.g., BERT, GPT), and hybrid multimodal models. Classic methods, while foundational, often lag
in handling social media’s informal, highly contextual language. Modern models leverage
contextual embeddings, optimized neural networks, and the fusion of text with emojis to capture
nuance and emotion better. Multimodal integration, as shown using emoji features alongside text
(e.g., Al-Azani & EI-Alfy [21], Li et al.) [23], consistently improves accuracy—sometimes by over
5%. Multilingual research and resource development have enabled robust sentiment detection in
languages such as Arabic and across diverse domains. Transfer learning and ensemble/hybrid
models (e.g., GPT-1 with AutoML, Bi-GRU+LSTM+HCOA) achieve top results, with macro-F1
and accuracy exceeding 90% in specialized benchmarks. However, challenges persist handling
code-mixing, ensuring model interpretability, and expanding datasets for underrepresented
languages. The consensus is that integrating multimodal signals, robust preprocessing, and
domain-rich data with advanced architectures is key to accurate, scalable, and inclusive sentiment
analysis across global social media, as shown in Table 2. These findings provide a basis for
broader interpretation of methodological trends, which are examined in the following discussion.
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Table 1. Overview of State-of-the-Art

Ref.

Pre-Processing

Focus

Key Contributions

Methodology

Wijeratne et al.
2017 [22]

,|Tokenization, stemming,

image matching

Emoji sense
disambiguation

Built EmojiNet, 12,904
senses, API

WSD, crowdsourcing, image-
alignment

Al-Azani & EI-
Alfy, 2021 [21]

Emoji to Unicode,
cleaning, word features

Sentiment polarity,
Arabic tweets

Multi-level emoji+text
fusion

10-fold CV,
feature/score/decision fusion

Lietal., 2023

Tokenize, emoji vector,

Polarity: pos/neg/neutral,

Emoji vectors, attention,

Compare 7 baselines, macro-

[23] \Word2Vec with emojis ablation study F1

Howard et al., |Remove links, seg., Urgency/crisis risk Transfer/Fine-tuned GPT, |7 feature sets, AutoML, cross-
2020 [25] normalization detection Crisis posts validation

Khalil et al., Normalize, stopword,  [Multiclass/multilabel First BILSTM Arabic, 10-fold CV, ablation,

2021 [24] emoji lexicon emotion emoji lexicon hyperparam

Bengesi et al., |Translate, clean, Polarity on monkeypox |Largest monkeypox S .

2023 [26] emoji2text, stemming  [tweets dataset, 56 ML tests Pipeline grid, SVM best
Pillai et al., Pattern, stop, TF-IDF,  [Polarity, HCOA-tuned hybrid, best|Compare 7 models, train/test
2024 [27] Doc2Vec smartphone/crypto tweets tested split

Althobaiti, Clean, emoji2text, Offensive/hate/fine- Emoji/sent augment 3 tasks x 5 preprocessing
2022 [28] sentiment add grained Arabic BERT types
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Table 2. Summary of results

Study Model(s) / Approach Dataset & Size Best A;clu racy / Notable Features
Pillai et al., Hybrid LSTM+Bi- 32,420 smartphone Deep/hybrid, optimized, large
7.4% (Acc, F1
2024[27] GRU+HCOA tweets, crypto 97.:4% (Acc, F1) dataset
Bengesi et al., A 107,000 tweets, 103 Multilingual, traditional ML w/
VM | .5% (A .
2023[26] S (best pipeline) languages 93.5% (Accuracy) tuning

Lietal., 2023[23]

ET-BILSTM +
attention

Sina Weibo, emoji-rich

82.9% (Macro-F1)

Emoji vectors, BiLSTM,
attention

Al-Azani & El-
Alfy, 2021[21]

SVM, Emoji+Text
fusion

2,091 Arabic tweets

85.4% (Accuracy)

Multimodal fusion, SVM,
Arabic

Az\lct)gglgzag]l AraBERT (fine-tuned) 12,698 ,ilr::;;:st)weets (7 84.3% (Macro-F1) Transformer];ezrtr:;jeis& sentiment
K;glglllfgt j]l., BILSTM + AraVec 4,381 A;rr?]t:t(i: cf\r/]\;eets, 11 {0.50 (J%c.(éa;rd), F1: Multilableelae;r:iﬁgon, deep
Hozvzl)azréi[ze;]a = GPT-lpgitr;Tw-tEned) * 1,588 crisis forum posts | 0.56 (Macro-F1) Transfe;elfeacrtrilgr:]g, crisis
Discussion

The comparative evaluation of state-of-the-art machine learning techniques [53] for sentiment
analysis in social media reveals a field that is both rapidly evolving and inherently
multidimensional. Analysis of recent benchmark studies demonstrates a paradigm shift from early
reliance on lexicon-based approaches and shallow models such as Support Vector Machines
(SVM) to the adoption of deep neural architectures, transformers, and hybrid multimodal systems.
The progression is evident in the contrast between classic models, which have provided reliable
baselines but often underperform in the face of noisy, contextually complex user-generated
content, and the new generation of algorithms that leverage contextual embeddings, attention
mechanisms, and domain-specific feature engineering. For instance, while traditional SVM
pipelines may achieve commendable results in multilingual or highly structured datasets-as
evidenced by Bengesi et al. (2023), who reached 93% accuracy in a large-scale, multilingual
monkeypox Twitter dataset-the preponderance of recent literature supports the competitive edge of
deep learning and hybrid models. Models such as the hybrid LSTM+Bi-GRU with optimization
(Pillai et al., 2024) achieved record accuracy and F1 scores exceeding 97% on large, emotion-rich
corpora. Similarly, the ET-BILSTM model (Li et al., 2023), fusing emojis and textual features with
an attention mechanism, outperformed both classical and simpler deep learning baselines,
achieving a macro-F1 of over 82%.

A significant factor driving these advances is the integration of multimodal cues, with emojis
emerging as a critical variable for capturing nuanced emotional signals in social media. Studies
consistently show that multimodal feature fusion, such as combining emoji embeddings with
textual data, provides a tangible accuracy boost-sometimes by upwards of five percentage points-
over text-only approaches. This is particularly evident in low-resource and morphologically rich
languages, where conventional models frequently fail to capture the full expressive range of
sentiment. The strategic utilization of resources like EmojiNet and domain-adapted embeddings
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(e.g., AraBERT for Arabic or custom emoji vectorization for Chinese microblogs) has enabled
models to disambiguate sentiment even in challenging linguistic environments. Transfer learning
and optimization algorithms have further bolstered generalizability and efficiency, as demonstrated
by Howard et al. (2020) with fine-tuned GPT-1 models for crisis risk detection, and by custom
hybrid ensembles in emotion and event detection tasks. Nevertheless, the empirical results also
suggest that classical models, when equipped with advanced preprocessing and annotation (e.g.,
lemmatization, emoji mapping), remain viable contenders in certain scenarios, particularly where
computational resources are limited or interpretability is paramount.

Despite these promising developments, several persistent challenges shape the research agenda:
handling extreme linguistic diversity and code-mixed content, ensuring performance robustness
across domains, and addressing the need for transparent, explainable Al. The dominance of
English-language and well-resourced datasets continues to restrict the generalizability of most
state-of-the-art models, marginalizing non-English speakers and low-resource domains.
Additionally, the inclusion of multimodal data such as emojis, while advantageous, raises new
complexities in semantic mapping and cross-platform consistency. Moving forward, the
comparative synthesis of results underscores that further methodological innovation is needed-not
only to improve raw predictive accuracy, but also to promote fairness, transparency, and
inclusivity in global sentiment analysis.

Persistent Challenges and Proposed Directions

While the reviewed literature demonstrates substantial progress in sentiment analysis for social
media, two key challenges-multilingual processing and model interpretability-warrant deeper
examination, as only briefly noted in the current synthesis.

Multilingual Processing

English-centric datasets continue to dominate the field, limiting generalizability to the global,
multilingual nature of platforms such as Twitter and Facebook. Concrete examples illustrate both
progress and gaps. Al-Azani and El-Alfy (2021) and Khalil et al. (2021) achieved strong results on
Arabic tweets (accuracy >85 % and competitive macro-F1 scores) by fusing emoji features with
AraVec embeddings, yet Arabic’s rich morphology, dialects, and code-mixing still required
extensive custom preprocessing. Bengesi et al. (2023) analyzed over 107,000 tweets spanning 103
languages during the monkeypox outbreak, but even their best SVM pipeline relied on translation
steps that introduce noise. Low-resource languages such as Malay remain particularly
underexplored, with limited annotated corpora and inadequate tools for handling informal slang
and abbreviations [12, 31].

Proposed solutions include adopting cross-lingual transformer models such as mBERT and XLM-
R for improved zero-shot transfer across languages. Emojis, being largely language-agnostic, can
serve as a universal multimodal anchor (as demonstrated by Li et al. (2023) and Al-Azani & El-
Alfy (2021)). Additional strategies involve data augmentation via back-translation, synthetic
generation with large language models, and crowdsourced annotation campaigns focused on
underrepresented languages [32].

Model Interpretability

The shift toward complex deep learning and transformer architectures (e.g., ET-BILSTM [23],
fine-tuned GPT-1 [25], and AraBERT [28]) delivers superior accuracy but renders models largely
opaque (“black boxes”). This opacity is especially problematic in sensitive applications such as
public health monitoring, political discourse analysis, and crisis detection, where understanding
why a sentiment label was assigned is critical [33].
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To mitigate this, several practical approaches are available. Attention visualization in BiLSTM and
transformer models can highlight the most influential words or emojis driving predictions (as
partially explored in Li et al. (2023)). Post-hoc explanation techniques such as LIME and SHAP
provide local, instance-level interpretability for individual posts. Hybrid architectures that combine
high-performing neural components with inherently interpretable elements (e.g., rule-based layers
or decision trees) offer a balanced trade-off between accuracy and transparency. Future studies
should systematically benchmark these XAl methods within multimodal social media frameworks.

Addressing these challenges through the proposed directions will enhance the inclusivity,
trustworthiness, and real-world applicability of sentiment analysis systems, directly building on the
trends synthesized in this review.

Conclusion

Building on the patterns identified in the discussion, the conclusion synthesizes key implications
for future research and practical deployment. The findings from this review highlight how the
landscape of sentiment analysis on social media has matured into a domain that is both
technologically advanced and methodologically diverse. The transition from traditional lexicon-
based and shallow machine learning models to deep learning [54] and transformer-based
architectures has been pivotal in addressing the unique challenges posed by social media data.
These challenges include the prevalence of informal language, frequent use of slang and emojis,
and the rapid evolution of online discourse. Modern models, particularly those leveraging
contextual embeddings and multimodal data, have demonstrated a remarkable ability to capture
nuanced [55] sentiment and adapt to the dynamic nature of social platforms.

However, the research also reveals persistent limitations. While deep learning models excel in
extracting context and managing large-scale data, they often require extensive labeled datasets and
significant computational resources, which can be prohibitive for real-time or resource-constrained
applications. Moreover, the dominance of English-language datasets continues to restrict the
generalizability of current models, with languages [56] such as Malay, Arabic, and others
remaining underrepresented in both research and available resources. Another critical issue is the
difficulty in interpreting the decisions of complex neural models, which raises concerns about
transparency and trust, especially in sensitive domains like public health, politics, and crisis
management. The integration of emojis and other multimodal features has improved sentiment
detection, particularly in low-resource languages and informal contexts, but it has also introduced
new challenges related to data preprocessing and semantic ambiguity. Overall, while the field has
made significant strides in accuracy and robustness, the need for explainable, multilingual, and
resource-efficient models remains a pressing concern. The comparative analysis underscores that
future progress will depend on addressing these challenges through methodological innovation,
expanded dataset diversity, and a deeper integration of linguistic and cultural context [57].

The current landscape of sentiment analysis for social media reflects a domain that has matured
through a combination of technological innovation and methodological rigor. The move from
traditional lexicon-based, bag-of-words, and classical machine learning techniques to advanced
deep learning and transformer models has fundamentally altered both the capability and scope of
sentiment detection. Modern approaches, especially those leveraging contextual embeddings,
attention-based architectures, and the fusion of multimodal features, have unlocked new levels of
accuracy and robustness, as demonstrated by leading models like hybrid LSTM+Bi-GRU (Pillai et
al., 2024) [27], ET-BILSTM (Li et al., 2023) [23], and fine-tuned transformer models for non-
English languages. This evolution has been particularly impactful in datasets characterized by
informal language, frequent use of emojis, and dynamic conversational context. Benchmarks now
regularly report macro-F1 scores and accuracies surpassing 80% and, in some specialized
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applications, exceeding 95%, marking a dramatic improvement from the early SVM- and Naive
Bayes-based systems.

However, these gains come with notable caveats. The performance of deep and hybrid models is
closely tied to the availability of large, carefully labeled datasets, substantial computational
resources, and intricate preprocessing. Their complexity can also hinder transparency and
interpretability, raising valid concerns for domains where trust and explainability are fundamental.
Furthermore, the field continues to grapple with issues of generalizability, as most state-of-the-art
models are developed and validated primarily on English-language and high-resource datasets.
This restricts the applicability of advances to global, multilingual social media ecosystems, where
sentiment analysis could provide the greatest societal value. Additional challenges include the
persistent difficulty in handling code-mixed, slang-heavy, or ambiguous text, and the need for
frequent model updates to stay current with the evolving language trends of online communities
[58].

Despite these challenges, the trajectory of research and application underscores a clear path
forward: future progress depends on the continued fusion of advanced neural and hybrid
algorithms with robust, multilingual, and multimodal resources. Expanding dataset diversity and
coverage, improving model interpretability, and developing resource-efficient architectures will be
essential for the next generation of sentiment analysis tools. These priorities not only promise
increased accuracy but also more equitable and actionable insights, supporting a wide range of
applications from consumer analytics to public health and crisis management. The evidence from
recent comparative benchmarks thus affirms that the field stands poised to deliver sentiment
analysis solutions that are more accurate, inclusive, and responsive to the complexities [59] of
global social media.

In summary, this study reviews machine learning techniques for social media sentiment analysis,
benchmarking them across diverse datasets and methodologies. The best performance was
achieved by the hybrid LSTM+Bi-GRU model, optimized with the Hosted Cuckoo Optimization
Algorithm, which reached 97.36% accuracy and F1-score on a Twitter dataset, due to its effective
combination of sequential modeling [27] and algorithmic optimization (Pillai et al., 2024). The
second-ranked ET-BILSTM model, integrating emoji-text fusion and attention [23], obtained a
macro-F1 of 82.91% on Chinese microblogs, leveraging multimodal features for richer sentiment
detection (Li et al., 2023). Third, a fine-tuned GPT-1 with AutoML pipeline scored macro-F1
0.572 on the CLPsych 2017 set, benefitting from transfer learning and automated [25] feature
selection (Howard et al., 2020). Evaluated datasets ranged from 2,091 annotated tweets to over 147
million multilingual posts.

Recommendation

Drawing on the comparative synthesis of state-of-the-art methods and persistent challenges in
social media sentiment analysis, several concrete recommendations emerge for researchers. First,
there is a need to expand and diversify labeled datasets [60]. To overcome the scarcity of labeled
data in underrepresented languages like Malay, researchers should leverage cross-lingual transfer
learning frameworks, such as XLM-RoBERTa. These models allow algorithms trained on high-
resource languages (eg English) to transfer their learned semantic representations to low-
resource languages with minimal fine- -tuning.  Additionally, employing automated data
augmentation techniques-such as back-translation or using generative Al to synthesize dialect-
specific social media posts-can serve as a practical, short-term solution to build robust multilingual
datasets without requiring extensive manual annotation.

Multilingual and culturally adaptive sentiment resources should be prioritized to bridge the gap
between English-centric research and the global reality of social media discourse. This includes
targeted efforts to annotate data in underrepresented languages, dialects, and topical domains,
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thereby improving the inclusivity and generalizability of sentiment analysis frameworks. Second,
the development of lightweight, explainable, and resource-efficient models must become a central
focus, especially for applications in real-time monitoring, mobile deployment, or services in
resource-constrained environments.

To address the 'black box' nature of deep learning, especially in high-stakes domains like public
health, the integration of eXplainable Al (XAl) frameworks is highly recommended. Specifically,
researchers should apply post-hoc explanation methods like SHAP (SHapley Additive
exPlanations) or LIME (Local Interpretable Model-agnostic Explanations). These tools can
quantify and visualize the exact contribution of individual words or emojis to the final sentiment
prediction. Furthermore, visualizing the weights of attention mechanisms within transformer
models can provide stakeholders with clear, concrete evidence of which parts of a social media
post drove the model's decision, thereby fostering trust.

Simplified architectures [61], model pruning, and the incorporation of interpretable algorithms will
balance predictive power with transparency-crucial for fostering trust where sentiment insights
inform sensitive decisions. Third, the integration of multimodal features (including emojis, images,
and audio) should be systematically advanced, but always with rigorous preprocessing and
semantic mapping strategies to manage ambiguity and cross-platform variation [62] [63]. Research
should continue to explore early, late, and hybrid fusion techniques, as the literature consistently
demonstrates their effectiveness in boosting performance across languages and genres. Finally,
ongoing model maintenance is vital: social media language evolves rapidly, and sentiment models
should be routinely updated with new data, emergent trends, and evolving emoji sets. The
establishment of continuous learning, domain adaptation strategies, and regular benchmarking
against evolving datasets will help ensure that models remain robust and relevant. This includes
addressing privacy concerns, mitigating algorithmic bias [64], and collaboration with domain
experts-including linguists, sociologists, and professional researchers -will further enrich model
development and validation, ensuring that sentiment analysis tools are both technically sound and
contextually aware.
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