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Abstract: This review examines the evolution of machine learning
for social media sentiment analysis, highlighting its transition from
traditional methods, such as SVM and Naive Bayes, to modern
deep learning and transformer-based models. This evolution has
been characterized by the use of contextual embeddings, hybrid
neural networks, and the analysis of non-textual cues, such as
emojis, which together have enhanced classification accuracy in
complex social media settings. The most advanced hybrid
architectures, fine-tuned with algorithmic search, have reached top-
tier performance with accuracy and F1-scores approaching 97% on
large Twitter datasets. Other successful models, which combine
text and images with attention mechanisms or use transfer learning
and automated feature selection, achieve F1-scores from 0.57 to
0.83 on difficult multilingual benchmarks. This progress
demonstrates that successfully analyzing global social media data
depends on integrating multiple data types, using sophisticated
preprocessing, and creating adaptive models.
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1 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 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].

The integration of machine learning techniques with trend prediction models has
been applied to a wide range of domains, and may also have potential in some areas,
like condition assessment [15], Al evaluation [16], structural damage detection [17]
performance assessment [18], Web application firewalls [19], computational modeling
[20], ensemble learning for image classification [21], computational fluid dynamics [22],
Bayesian networks [23], fusion-based brain tumor classification [24], cross-domain
intelligent forecasting [25], cross-domain intelligent forecasting solvers [26]
decentralized finance [27] Positional encoding [28], valued neural network [29],
,molecular dynamics study [30], Anomaly detection [31], uncertain neutral systems
[32], polynomial programming [33], water monitoring and sediment levels [34], tidal
wave energy [35], sewer networks [36], damage in concrete structures [37] drift ratios
prediction [38], adaptive hybrid sort [39], design equations [40], COVID-19 Pandemic
[41], Gradient-Based optimization techniques [42], reinforced concrete moment frames
[43][44], feedback-driven decision support system [45], classification of stock listing
boards [46], stock exchange [47], compliance detection in wearable sensors [48],
hemodynamic differences in cerebral aneurysms [49], decision-making under
uncertainty [50], signal imaging and deep neural networks [51], seismic performance
[52][53], adaptive ecologies [54], urban structure [55], micro energy-water-hydrogen
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nexus [56], genomic research [57], riemann surfaces [58], bounded pseudo-
amenability algebras [59], product of derivations [60], impact of facility design [61],
degradation testing [62], numerical analysis [63], growth hacking methodology [64],
pyramid learning based [65], spintronic and nanoscale [66], freeze-thaw cycles [67],
vortex induced vibration [68], parametric performance analysis [69], blockchain and
loT-Enabled [70], network analysis [71][72][73], financial resource allocation [74], deep
clustering [75], material handling systems [76], privacy trade-offs [77], obstructive
sleep apnea [78], integrating economic and environmental [79], observability analysis
[80], power distribution networks [81], cyber-physical systems [82], Albedo estimation
[83] digital economy [84], inertial sensors [85], techno-economic and environmental
analysis [86], monitoring and shelf life extension [87], collagenous connective [88],
canser detection [89], analysis of clinical tests [90], cryptocurrency trading [91],
hyperdimensional computing [92][93], Automated detection [94], forces estimation
[95], epistemic network analysis [96], urban and interior space design [97], energy
efficient transformer inference [98], implementation analysis [99], Cerebrospinal fluid
flow dynamics [100], Intelligent controller [101], Mechanical and Geomechanical modeling
[102][103], satellite thermal-based parameter estimation [104] damage risk [105], Auto-
tuning Hyperparameters [106], optimizing performance [107], optimal scheduling [108],
observing drought [109], failure values [110], natural language processing [111],
Identification of community [112], Mental health text analysis [113], Prioritizing app
reviews [114], Industry customer clustering [115], supply chain analytics [116][117], Stock
Market [118], life cycle cost [119], Glass Nanocomposites [120], university portals
[121][122][123], damage progression [124], Parallel control of the electric power [125],
Detection in loT Networks [126], Ensemble of LSTM, GRU, and stacked autoencoders [127],
hemodynamic analysis of treatment response [128], hybrid data mining [129], underground
logistics systems [130], orbit estimation [131], pipelines with corrosion damage [132], and
construction managment [133]. By combining time-series analysis with social network
theory [134], researchers can identify emergent topics and forecast shifts in public
opinion with remarkable precision. These predictive capabilities are invaluable for
businesses seeking [135] 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 [136], demonstrating their potential for the applications.

This research 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
hyperparameter optimization strategies machine learning algorithms 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.

2 RELATED WORKS (LITERATURE REVIEW)

The past decade has witnessed a dramatic evolution in sentiment analysis [137] 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 [138]. However,
these methods struggled with the informal, dynamic, and contextually rich nature of
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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 [139].
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 [139]. Systematic reviews, such as
Alslaity & Orji (2022) [138], confirm that while classical models remain relevant for their
simplicity and 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.

A particularly transformative trend in the field is the integration of multimodal
data sources—chiefly, the inclusion of emojis—to enrich sentiment analysis beyond
text alone. 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 El-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 [140]. 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 [141].

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 [142]. Similarly, Khalil et al. (2021) utilized multilabel BiLSTM
models—Ileveraging 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,
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further expanding the utility of sentiment analysis in global social media applications
[143].

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 [144]. 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 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 plines—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 [145].

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 [146].
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 [147]. Together, these studies highlight a
converging trend: advanced sentiment analysis for social media increasingly depends
on the deployment of context-aware deep neural architectures [148], hybrid models,
multimodal feature engineering, and algorithmic optimization [149]. Persistent
challenges remain—such as handling noisy, code-mixed, and multilingual texts [150];
expanding the availability of labeled datasets in underrepresented languages [151];
and improving model transparency [152] 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.

3 METHODOLOGY

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
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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 [153], where the shift from lexicon-based and shallow models to
context-aware neural architectures [154] 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.

COMPREHENSIVECOMPARATIVEFRAMEWORK ]

l

DATACOLLECTIONANDPREPROCESSINGFORLITERATUREREVIEW

w—
-

s N

MULTIMODALFEATUREINTEGRATION ]

1

DECISION: PROCEED OR
REASSESS?

/ N\
// \\
/ N
/ \
/ PROCEED

| L 2

[ CONTEXTUALANDDOMAINADAPTATION

'

REASSESS COMPARATIVEEXPERIMENTALEVALUATION

-

[ QUALITATIVEANALYSISANDEXPLAINABILITY

R .

_ v

BRIDGINGLITERATUREGAPS

Figure 1, Flowchart of Metodology

For Data Collection and Preprocessing, the methodology emphasizes the
importance of data collection and preprocessing as foundational steps in sentiment
analysis [155]Mo. 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 [156], 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
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quality and ensure that subsequent machine learning models can effectively extract
meaningful patterns [157] from the inherently noisy and heterogeneous social media
text. This step is crucial for improving model robustness and generalizability across
diverse datasets.

Regarding Machine Learning and Deep Learning Approaches [158], which had
been used in the previously mentioned research, revolves around the deployment and
evaluation of a spectrum 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, some researchs
primarily focuses on advanced deep learning architectures, including recurrent neural
networks (RNNs) [159], long short-term memory networks (LSTMs), bidirectional
LSTMs (BiLSTMs) [160], 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 [161].

Integration of Multimodal and Contextual Features, can be 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. In Summary Evaluation, Comparative Analysis is the final component
of the methodology beyond quantitative evaluation. The methodology agrees with the
qualitative analysis and transparency and interpretability, recognizing the importance
of explainability in sensitive domains [162].

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 classi(wherei €
{positive,negative,neutral}) the following definitions are used; True Positives (TPi)
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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) [163] 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 [142]:

TP
P = o0 €Y
TP, + FP;
_Th
Ri = o—7v (2)
TP; + FN;
2 X P; X R;
FF=—ouw— 3
=R TR 3)

Where Pi is the precision, R; is the recall, Fi is the F1 score, all for the 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 equation 4 to 6 [142]:

n
1
Macro_P = Ez P; (4)
i=1
n
1
Macro R = Ez R; (5)
i=1
n
1
Macro_F1 = EZ 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 [164].

4 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
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more sophisticated deep learning and transformer-based models. Early approaches,
such as Support Vector Machines and Naive Bayes [165], 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 [166] 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 [167]. 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 emaojis 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 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 [168],
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,
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all grounded in an awareness of the linguistic and cultural diversity that defines global

social media.
4.1 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%) [141]. 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 & EI-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% [140]. This upward trend
continued with the introduction of robust deep learning architectures, such as ET-
BILSTM with attention (Li et al., 2023), BiLSTM [142], 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 [147]. 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 1 and

Figure 2.
4.2 The Power and Challenges of Multimodal Sentiment Analysis (Text + Emojis and Beyond)

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 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 [140] 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) [142]and integrating these with text representations
in an attention-enhanced BIiLSTM (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 [141], 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
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the full affective spectrum of social media, especially in informal or low-resource
linguistic environments where emojis frequently substitute or amplify text-based
sentiment cues.

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

To evolve 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, DeepMaji,
Universal Sentence Encoder, and AutoML frameworks—on crisis detection tasks in
mental health forums [144]. 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 [143], 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 [146], set a new standard with an accuracy and F1-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 [145] (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 predictive robustness across diverse, noisy, and often multilingual social
media datasets [169].

4.4 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[140] & El-Alfy (2021) and Khalil et al. (2021) [143] 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
underscored the power of transformer-based models like AraBERT [147]M 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
[145], 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.
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4.5 Synthesis,Trends, Limitations, and Directions in State-of-the-Art Sentiment Analys
Synthesizing insights from the literature and comparative results highlights several
converging trends and ongoing challenges in social media [170] 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) [142] and
Vadakkethil Somanathan Pillai et al. (2024) [146] 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 [171] will be defined by adaptability, inclusivity, and
interpretability as much as by raw predictive accuracy.
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Figure 2, Model/Approach, Best Metric Type with the Best Result
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In summary, Recent advancements in sentiment analysis for social media highlight a
decisive shift from traditional approaches like 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 better capture nuance and
emotion. Multimodal integration, as shown by the use of emoji features alongside text
(e.g., Al-Azani & EI-Alfy [140], Li et al.) [142], 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.

Table 2, Summary of results

Model(s) / . Best Accuracy /
e Dataset & Size F1

Study Notable Features

Pillai et al., Hybrid LSTM+Bi- 32,420 smartphone Deep/hybrid, optimized,

97.4% (Acc, F1)

2024[146] GRU+HCOA tweets, crypto large dataset
Bengesi et al., . 107,000 tweets, 103 93.5% Multilingual, traditional ML
2023[145] SVM (best pipeline) languages (Accuracy) w/ tuning
Lietal, ET-BILSTM + Sina Weibo, emoji-  82.9% (Macro-  Emoji vectors, BiLSTM,
2023[142] attention rich F1) attention
Al-Azani & El- SVM, Emoji+Text 2091 Arabic tweets 85.4% Multimodal fusion, SVM,
Alfy, 2021[140] fusion ’ (Accuracy) Arabic
Althobaiti, AraBERT (fine- 12,698 Arabic tweets 84.3% (Macro- Transformer, emoji &
2022[147] tuned) (7 classes) F1) sentiment features
Khalil et al., . 4,381 Arabic tweets, 0.50 (Jaccard), = Multilabel emotion, deep
2021[143]  DILSTM+ AraVec 11 emotions F1: 0.62 learning

Howard et al., GPT-1 (fine-tuned) 1,588 crisis forum
2020[144] + AutoML posts

Transfer learning, crisis

0.56 (Macro-F1) detection

5 DISCUSSION

The comparative evaluation of state-of-the-art machine learning techniques [172] 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
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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
(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.

6 CONCLUSION

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 [173] 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 [174] sentiment and adapt to the dynamic nature
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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 [175] 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 [176].

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) [146], ET-BILSTM (Li et al., 2023) [142], 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 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 [177].

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
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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 [178] 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
[146] and algorithmic optimization (Pillai et al., 2024). The second-ranked ET-BILSTM
model, integrating emoji-text fusion and attention [142], 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 [144] feature selection (Howard et al., 2020). Evaluated datasets ranged
from 2,091 annotated tweets to over 147 million multilingual posts.

7 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 an urgent need to expand and diversify labeled
datasets [179]. 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, 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. Simplified architectures, 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.
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 [180], and collaboration with
domain experts—including linguists, sociologists, and professional researchers —uwiill
further enrich model development and validation, ensuring that sentiment analysis
tools are both technically sound and contextually aware.

Mohammadagha et al. | May 2025 | p. 17



8 REFERENCES

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Y. A. Solangi, Z. A. Solangi, S. Aarain, A. Abro, G. A. Mallah, and A. Shah, “Review on
Natural Language Processing (NLP) and Its Toolkits for Opinion Mining and Sentiment
Analysis,” 2018 IEEE 5th International Conference on Engineering Technologies and
Applied Sciences, ICETAS 2018, Jul. 2018, doi: 10.1109/ICETAS.2018.8629198.

S.Y. Yoo, J.l. Song, and O. R. Jeong, “Social media contents based sentiment analysis
and prediction system,” Expert Syst Appl, vol. 105, pp. 102-111, Sep. 2018, doi:
10.1016/J.ESWA.2018.03.055.

X. Du, M. Kowalski, A. S. Varde, G. de Melo, and R. W. Taylor, “Public opinion matters,”
ACM SIGWEB Newsletter, vol. 2019, no. Autumn, pp. 1-15, Feb. 2020, doi:
10.1145/3352683.3352688.

A. Alslaity and R. Orji, “Machine learning techniques for emotion detection and
sentiment analysis: current state, challenges, and future directions,” Behaviour &
Information Technology, vol. 43, no. 1, pp. 139-164, Jan. 2024, doi:
10.1080/0144929X.2022.2156387.

R. Punithavathi, M. Premkumar, G. Sinha, and K. Chandrasekaran, “Transforming
sentiment analysis for e-commerce product reviews: Hybrid deep learning model with
an innovative term weighting and feature selection,” Inf Process Manag, vol. 61, no. 3,
p. 103654, May 2024, doi: 10.1016/J.IPM.2024.103654.

M. Arora and V. Kansal, “Character level embedding with deep convolutional neural
network for text normalization of unstructured data for Twitter sentiment analysis,” Soc
Netw Anal Min, vol. 9, no. 1, pp. 1-14, Dec. 2019, doi: 10.1007/S13278-019-0557-
Y/METRICS.

E. Boiy and M. F. Moens, “A machine learning approach to sentiment analysis in
multilingual web texts,” Inf Retr Boston, vol. 12, no. 5, pp. 526-558, Sep. 2009, doi:
10.1007/S10791-008-9070-Z/TABLES/14.

S. Das, R. K. Behera, M. Kumar, and S. K. Rath, “Real-Time Sentiment Analysis of
Twitter Streaming data for Stock Prediction,” Procedia Comput Sci, vol. 132, pp. 956—
964, Jan. 2018, doi: 10.1016/J.PROCS.2018.05.111.

A. Kumar and A. Joshi, “Ontology driven sentiment analysis on social web for
government intelligence,” ACM International Conference Proceeding Series, vol. Part
F127653, pp. 134-139, Mar. 2017, doi: 10.1145/3055219.3055229.

M. Giatsoglou, M. G. Vozalis, K. Diamantaras, A. Vakali, G. Sarigiannidis, and K. C.
Chatzisavvas, “Sentiment analysis leveraging emotions and word embeddings,” Expert
Syst Appl, vol. 69, pp. 214—224, Mar. 2017, doi: 10.1016/J.ESWA.2016.10.043.

M. Wankhade, A. C. S. Rao, and C. Kulkarni, “A survey on sentiment analysis methods,
applications, and challenges,” Artificial Intelligence Review 2022 55:7, vol. 55, no. 7, pp.
5731-5780, Feb. 2022, doi: 10.1007/S10462-022-10144-1.

M. F. R. Abu Bakar, N. Idris, L. Shuib, and N. Khamis, “Sentiment Analysis of Noisy
Malay Text: State of Art, Challenges and Future Work,” IEEE Access, vol. 8, pp. 24687—
24696, 2020, doi: 10.1109/ACCESS.2020.2968955.

E. M. Mercha and H. Benbrahim, “Machine learning and deep learning for sentiment
analysis across languages: A survey,” Neurocomputing, vol. 531, pp. 195-216, Apr.
2023, doi: 10.1016/J.NEUCOM.2023.02.015.

D. Vilares, M. A. Alonso, and C. Gomez-Rodriguez, “Supervised sentiment analysis in
multilingual environments,” Inf Process Manag, vol. 53, no. 3, pp. 595-607, May 2017,
doi: 10.1016/J.IPM.2017.01.004.

L. Rahimikhameneh, J. Montgomery, A. A. Reyna, and F. O’'Donnell, “Monitoring and
Assessment of Landslides Along Alabama Highways,” Auburn University. Highway
Research Center, no. 931-054, Oct. 2024, doi: 10.21949/1503647.

D. Charkhian and B. Moghaddami, “HOW CAN Al EVALUATE AND IMPROVE
INCLUSIVITY IN UNIVERSITY PORTALS, WITH A FOCUS ON CULTURAL,
LINGUISTIC, AND ACCESSIBLE REQUIREMENTS?,” INTED2025 Proceedings, pp.
1584-1589, Mar. 2025, doi: 10.21125/INTED.2025.0486.

Mohammadagha et al. | May 2025 | p. 18



[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

S. T. Ataei, P. M. Zadeh, and S. Ataei, “Vision-based autonomous structural damage
detection using data-driven methods,” Jan. 2025, Accessed: Aug. 23, 2025. [Online].
Available: https://arxiv.org/pdf/2501.16662

M. Farhang and H. Hojat Jalali, “Performance assessment of corroded buried pipelines
under strike-slip faulting using stochastic wall loss modeling,” Soil Dynamics and
Earthquake  Engineering, vol. 199, p. 109697, Dec. 2025, doi:
10.1016/J.SOILDYN.2025.109697.

V. Babaey and A. Ravindran, “GenSQLi: A Generative Atrtificial Intelligence Framework
for Automatically Securing Web Application Firewalls Against Structured Query
Language Injection Attacks.,” Future Internet, vol. 17, no. 1, p. 8, Jan. 2025, doi:
10.3390/F117010008.

A. DEYLAMI and H. HABASHI, “A computational model for elastic analysis of steel
moment frames with RBS connection,” Fourth International Conference on Advances in
Steel Structures, pp. 321-326, Jan. 2005, doi: 10.1016/B978-008044637-0/50047-0.
S. Vasheghani and S. Sharifi, “Dynamic Ensemble Learning for Robust Image
Classification: A Model-Specific Selection Strategy,” 2025, doi:
10.2139/SSRN.5215134.

R. Bozorgpour, “Computational Fluid Dynamics in Highly Complex Geometries Using
MPI-Parallel Lattice Boltzmann Methods: A Biomedical Engineering Application,”
bioRxiv, p. 2025.05.25.656026, May 2025, doi: 10.1101/2025.05.25.656026.

F. Salboukh, A. Jahanimoghadam, and Y. Mousavi, “Discovering new interaction
between genes in extrahepatic Cholangiocarcinoma using Bayesian networks,” Network
Modeling Analysis in Health Informatics and Bioinformatics, vol. 14, no. 1, pp. 1-17,
Dec. 2025, doi: 10.1007/S13721-024-00500-2/FIGURES/8.

M. Filvantorkaman, M. Piri, M. F. Torkaman, A. Zabihi, and H. Moradi, “Fusion-Based
Brain Tumor Classification Using Deep Learning and Explainable Al, and Rule-Based
Reasoning,” Aug. 2025, Accessed: Aug. 23, 2025. [Online]. Available:
https://arxiv.org/pdf/2508.06891

M. Zarchi, « Zohreh, H. Aslani,  Kong, and F. Tee, “An interpretable information fusion
approach to impute meteorological missing values toward cross-domain intelligent
forecasting,” Neural Computing and Applications 2025, pp. 1-57, Aug. 2025, doi:
10.1007/S00521-025-11538-2.

H. Moradi and H. Hossei, “Investigation of the Estimation Accuracy of 5 Different
Numerical ODE Solvers on 3 Case Studies,” Feb. 2025, Accessed: Aug. 23, 2025.
[Online]. Available: https://arxiv.org/pdf/2502.10289

S. Ataei, S. T. Ataei, and A. M. Saghiri, “A Systematic Review on the Application of
Artificial Intelligence in Decentralized Finance,” Authorea Preprints, Jun. 2025, doi:
10.36227/TECHRXIV.175099684.47325415/V1.

Q. Yuan, K. Chen, Y. Yu, N. Q. K. Le, and M. C. H. Chua, “Prediction of anticancer
peptides based on an ensemble model of deep learning and machine learning using
ordinal positional encoding,” Brief Bioinform, vol. 24, no. 1, pp. 1-10, Jan. 2023, doi:
10.1093/BIB/BBAC630.

V. K. Shukla, M. C. Joshi, P. K. Mishra, Y. Mousavi, M. R. Zadeh, and A. Fekih,
“Predefined Synchronization of Mixed and Leakage-Delayed Quaternion-Valued Neural
Network,” Int J Dyn Control, vol. 13, no. 2, pp. 1-28, Feb. 2025, doi: 10.1007/S40435-
024-01525-1/METRICS.

M. Sohrabian, S. Ranjbareslamloo, B. Arab, and M. Vaseghi, “Enhancing mechanical
properties of PCL Biopolymers with APTES-Functionalized Bioactive Glass
Nanoparticles: A molecular dynamics study,” Comput Mater Sci, vol. 255, p. 113930,
Jun. 2025, doi: 10.1016/J.COMMATSCI.2025.113930.

G. Ghajari, M. K. Pk, and F. Amsaad, “Hybrid Efficient Unsupervised Anomaly Detection
for Early Pandemic Case l|dentification,” Proceedings of the IEEE National Aerospace
Electronics Conference, NAECON, pp. 279-284, 2024, doi:
10.1109/NAECON61878.2024.10670679.

Z. S. Aghayan, A. Alfi, Y. Mousavi, and A. Fekih, “Robust Delay-Dependent Output-
Feedback PD Controller Design for Variable Fractional-Order Uncertain Neutral

Mohammadagha et al. | May 2025 | p. 19



[33]

[34]

[35]

[36]

[37]
[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Systems With Time-Varying Delays,” IEEE Trans Syst Man Cybern Syst, 2025, doi:
10.1109/TSMC.2024.3508573.

A. Papi, A. Jabbarzadeh, and A. Aazami, “Global optimization of mixed-integer
polynomial programming problems: A new method based on Grobner Bases theory,”
Journal of Industrial and Systems Engineering, vol. 11, no. Special issue: 14th
International Industrial Engineering Conference, pp. 1-15, Sep. 2018, Accessed: Apr.
26, 2025. [Online]. Available: https://www.jise.ir/article_69140.html

M. Moradi, H. Ahmari, and Q. A. E Mowla, “Impact of Bridge Construction on Suspended
Sediment Levels in Walnut Creek, Texas,” in World Environmental & Water Resources
Congress 2025, Anchorage, May 2025.

M. S. AL-Musaylh, Z. Gharineiat, K. Al-Daffaie, K. F. Jasim, E. Sharma, and A. A. Nahi,
“Predicting near-real-time total water level with an artificial intelligence model based on
Australia’s tidal wave energy belt dataset,” J Ocean Eng Mar Energy, vol. 11, no. 3, pp.
679-699, Aug. 2025, doi: 10.1007/S40722-025-00394-W/METRICS.

T. T. Ha, “ANN MODEL FOR SEWER NETWORK: A classification-based machine
learning approach for predicting sewer pipe condition,” 2025, Accessed: Aug. 23, 2025.
[Online]. Available: https://urn.kb.se/resolve?urn=urn:nbn:se:mdh:diva-71852

S. Ataei, “Detection and Evaluation of Damage in Concrete Structures Using Data-
Driven Methods,” 2023.

S. Zehsaz, S. Kameshwar, and F. Soleimani, “Kernel-based Column Drift Ratios
Prediction in Highway Bridges,” 2024, doi: 10.11159/icceia24.164.

S. A. Balasubramanian, “Adaptive Hybrid Sort: Dynamic Strategy Selection for Optimal
Sorting Across Diverse Data Distributions,” Jun. 2025, Accessed: Aug. 23, 2025.
[Online]. Available: https://arxiv.org/pdf/2506.20677

K. Kaur, E. Rajaie, ; Zaid Momani, S. Ghalambor, and M. Najafi, “Applicability of Hole-
Spanning Design Equations and FEM Modeling for Carbon Steel Pipelined with Spray
Applied Pipe Lining,” Pipelines 2025, pp. 690-700, Aug. 2025, doi:
10.1061/9780784486368.071.

S. SALEHI, Roozbeh Naghshineh, and Ali Ahmadian, “Determine of Proxemic Distance
Changes before and During COVID-19 Pandemic with Cognitive Science Approach,”
OSF, May 2025, Accessed: Aug. 24, 2025. [Online]. Available: https://osf.io/y4p82

S. Asadi et al.,, “Comparative Analysis of Gradient-Based Optimization Techniques
Using Multidimensional Surface 3D Visualizations and Initial Point Sensitivity,” Sep.
2024, Accessed: Aug. 23, 2025. [Online]. Available: https://arxiv.org/pdf/2409.04470

S. Faghirnejad, “Performance-Based Optimization of 2D Reinforced Concrete Moment
Frames through Pushover Analysis and ABC Optimization Algorithm,” Earthquake and
Structures, vol. 27, no. 4, pp. 285-302, Jul. 2025, doi: 10.12989/eas.2024.27.4.285.

S. Faghirnejad, D.-P. N. Kontoni, and M. R. Ghasemi, “Performance-based optimization
of 2D reinforced concrete wall-frames using pushover analysis and ABC optimization
algorithm,” Earthquakes and Structures, vol. 27, no. 4, p. 285, Oct. 2024, doi:
10.12989/EAS.2024.27.4.285.

T. O. Adeyemi and N. F. AlOtaibi, “Designing a Feedback-Driven Decision Support
System for Dynamic Student Intervention,” Aug. 2025, Accessed: Aug. 23, 2025.
[Online]. Available: https://arxiv.org/pdf/2508.07107

D. Prasetyo and M. A. Fauzi, “Classification of Stock Listing Boards for Warrants using
Machine Learning and Bayesian Optimization,” Journal of Artificial Intelligence and
Legal Technology, vol. 1, no. 1, pp. 26-34, Aug. 2025, Accessed: Aug. 23, 2025.
[Online]. Available: https://journal.sah.co.id/index.php/JAILT/article/view/5

S. Mashhadi, S. Mojtahedi, and M. Kanaanitorshizi, “Return Anomalies Under
Constraint: Evidence from an Emerging Market,” Journal of Economics, Finance and
Accounting Studies , vol. 7, no. 4, pp. 166-184, Aug. 2025, doi:
10.32996/JEFAS.2025.7.4.13.

S. E. Fard et al., “Development of a Method for Compliance Detection in Wearable
Sensors,” in International Conference on Electrical, Computer and Energy
Technologies, ICECET 2023, Institute of Electrical and Electronics Engineers Inc.,
2023. doi: 10.1109/ICECET58911.2023.10389483.

Mohammadagha et al. | May 2025 | p. 20



[49]

[50]

[51]

[52]

[53]

[54]

[59]

[56]

[57]
[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

R. Bozorgpour and P. Kim, “CFD and FSI Face-Off: Revealing Hemodynamic
Differences in Cerebral Aneurysms,” May 2025, doi: 10.31219/0OSF.I0O/M4W3V_V1.

S. Sharifi, “Novel stratified algorithms for sustainable decision-making under
uncertainty: MOSDM and SSDM,” Appl Soft Comput, vol. 178, p. 113239, Jun. 2025,
doi: 10.1016/J.ASOC.2025.113239.

K. Yazdipaz, N. Kohli, S. Ali Golestaneh, and M. Shahbazi, “Robust and Efficient Phase
Estimation in Legged Robots via Signal Imaging and Deep Neural Networks,” IEEE
Access, vol. 13, pp. 49018—-49029, 2025, doi: 10.1109/ACCESS.2025.3549165.

S. Faghirnejad, D. P. N. Kontoni, C. V. Camp, M. R. Ghasemi, and M. Mohammadi
Khoramabadi, “Seismic performance-based design optimization of 2D steel chevron-
braced frames using ACO algorithm and nonlinear pushover analysis,” Structural and
Muiltidisciplinary Optimization, vol. 68, no. 1, pp. 1-27, Jan. 2025, doi: 10.1007/S00158-
024-03948-Y/FIGURES/1.

S. Zehsaz and F. Soleimani, “Enhancing seismic risk assessment: a sparse multi-task
learning approach for high-dimensional structural systems,” in 74th International
Conference on Structural Safety and Reliability - ICOSSAR’25, Scipedia, S.L., Jun.
2025. doi: 10.23967/ICOSSAR.2025.092.

A. Ahmadian, S. Salehi, and R. Naghshineh, “Recognize adaptive ecologies and their
applications in architectural structures,” Sharif Journal of Civil Engineering, vol. 39, no.
4, pp. 101-109, Mar. 2024, doi: 10.24200/J30.2023.61722.3192.

M. Minaei, Y. S. Salar, I. Zwierzchowska, F. Azinmoghaddam, and A. Hof, “Exploring
inequality in green space accessibility for women - Evidence from Mashhad, Iran,”
Sustain Cities Soc, vol. 126, p. 106406, May 2025, doi: 10.1016/J.SCS.2025.106406.
M. Goodarzi and Q. Li, “Micro Energy-Water-Hydrogen Nexus: Data-driven Real-time
Optimal Operation,” Nov. 2023, Accessed: Aug. 24, 2025. [Online]. Available:
https://arxiv.org/pdf/2311.12274

Z. Rahmani et al., “Privacy-Preserving Collaborative Genomic Research: A Real-Life
Deployment and Vision,” pp. 85-91, Nov. 2023, doi: 10.1145/3689942.3694747.

H. Shafie-Asl, “A Note on Ramified Coverings of Riemann Surfaces,” International
Mathematical Forum, vol. 15, no. 8, pp. 377-381, 2020, doi: 10.12988/imf.2020.912102.
Hasan Pourmahmood-Aghababa, Mohammad Hossein Sattari, and Hamid Shafie-Asl,
“Bounded Pseudo-Amenability and Contractibility of Certain Banach Algebras,” JSTOR,
2020, Accessed: Aug. 25, 2025. [Online]. Available:
https://www.jstor.org/stable/273832927seq=1

M. H. Sattari and H. Shafieasl, “PRODUCT OF DERIVATIONS ON TRIANGULAR
BANACH ALGEBRAS,” Journal of Hyperstructures, vol. 6, no. 1, pp. 28-39, 2017.

N. Jafari, S. Sheikhfarshi, F. Raisali, P. Aghaei, P. Azini, and H. Estejab, “Design
Strategies to Foster Improved Experiences for Patients in Rehabilitation,” Health
Environments Research and Design Journal, 2025, doi:
10.1177/19375867251346497/ASSET/5DB6645E-3FB9-4C83-BEE3-
72D718E92197/ASSETS/IMAGES/LARGE/10.1177_19375867251346497-FIG8.JPG.
C. Ruiz and A. Dashti, “Mixed Models for Product Design Selection Based on
Accelerated Degradation Testing,” in Proceedings - Annual Reliability and
Maintainability Symposium, Institute of Electrical and Electronics Engineers Inc., 2025.
doi: 10.1109/RAMS48127.2025.10935278.

D. BOLHASSANI et al., “Numerical analysis with experimental verification of a multi-
layer sheet-based funicular glass bridge,” in Proceedings of IASS Annual Symposia,
IASS 2024 Zurich Symposium: Computational Methods - Numerical Methods for
Geometry, Form-Finding and Optimization of Lightweight Structures, International
Association for Shell and Spatial Structures (IASS), 2024, pp. 1-10.

P. Omidmand, “View of Short Review: Artificial Intelligence Applications in Growth
Hacking Methodology,” International Journal of Applied Data Science in Engineering
and Health, 2025, Accessed: Aug. 25, 2025. [Online]. Available:
https://ijadseh.com/index.php/ijadseh/article/view/36/35

E. Ziad, F. Ju, Z. Yang, and Y. Lu, “Pyramid Learning Based Part-to-Part Consistency
Analysis in Laser Powder Bed Fusion,” in Proceedings of ASME 2024 19th International

Mohammadagha et al. | May 2025 | p. 21



[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

Manufacturing Science and Engineering Conference, MSEC 2024, American Society of
Mechanical Engineers Digital Collection, Aug. 2024. doi: 10.1115/MSEC2024-124538.
Y. Fazeli, Z. Nourbakhsh, S. Yalameha, and D. Vashaee, “Anisotropic Elasticity, Spin—
Orbit Coupling, and Topological Properties of ZrTe2 and NiTe2: A Comparative Study
for Spintronic and Nanoscale Applications,” Nanomaterials, vol. 15, no. 2, p. 148, Jan.
2025, doi: 10.3390/NANO15020148.

A. Yeganeh Rikhtehgar and B. Teymdr, “Effect of Magnesium Chloride Solution as an
Antifreeze Agent in Clay Stabilization during Freeze-Thaw Cycles,” Applied Sciences
2024, Vol. 14, Page 4140, vol. 14, no. 10, p. 4140, May 2024, doi:
10.3390/APP14104140.

M. Yari and G. D. Acar, “Dynamics of a cylindrical beam subjected to simultaneous
vortex induced vibration and base excitation,” Ocean Engineering, vol. 318, p. 120198,
Feb. 2025, doi: 10.1016/J.O0CEANENG.2024.120198.

N. Karpourazar, S. K. Mazumder, V. Jangir, K. M. Dowling, J. Leach, and L. Voss,
“Parametric Analysis of First High-Gain Vertical Fe-doped Ultrafast Ga203
Photoconductive Semiconductor Switch,” Aug. 2025, Accessed: Aug. 25, 2025.
[Online]. Available: https://arxiv.org/pdf/2508.04911

Ebrahim Maghsoudlou, Sruthi Rachamallaa, and Henry Hexmoor, “Blockchain and loT-
Enabled Earning Mechanism for Driver Safety Rewards in Cooperative Platooning
Environment,” International Journal of Emerging Trends in Engineering Research, 2025,
Accessed: Aug. 25, 2025. [Online]. Available:
https://www.warse.org/IJETER/static/pdfffile/ijeter021322025.pdf

B. Kiafar, P. U. Ravva, A. A. Joy, S. Daher, and R. L. Barmaki, “MENA: Multimodal
Epistemic Network Analysis for Visualizing Competencies and Emotions,” IEEE Trans
Vis Comput Graph, Apr. 2025, Accessed: Aug. 25, 2025. [Online]. Available:
https://arxiv.org/pdf/2504.02794

S. Sharmin et al, “Functional Near-Infrared Spectroscopy (fNIRS) Analysis of
Interaction Techniques in Touchscreen-Based Educational Gaming,” Jul. 2025, doi:
10.1145/3716553.3750811.

B. Kiafar, “Enhancing Nursing Assistant Attitudes Towards Geriatric Caregiving through
Transmodal Ordered Network Analysis,” in Sixth International Conference on
Quantitative Ethnography: Conference Proceedings Supplement, 2024. Accessed: Aug.
25, 2025. [Online]. Available: https://par.nsf.gov/biblio/10555543

Amirhossein Saghezchi, Vesal Ghassemzadeh Kashani, and Faraz Ghodratizadeh, “A
Comprehensive Optimization Approach on Financial Resource Allocation in Scale-Ups
- ProQuest,” Journal of Business and Management Studies , 2024.

E. Ziad, Z. Yang, Y. Lu, and F. Ju, “Knowledge Constrained Deep Clustering for Melt
Pool Anomaly Detection in Laser Powder Bed Fusion,” in IEEE International Conference
on Automation Science and Engineering, IEEE Computer Society, 2024, pp. 670-675.
doi: 10.1109/CASE59546.2024.10711781.

Matin Ghasempour Anaraki, Masoud Rabbani, Moein Ghaffari, and Ali Moradi Afrapoli,
“Simulation-Based Optimization of Truck Allocation in Material Handling Systems,” MOL
Report Ten, 2022, Accessed: Aug. 25, 2025. [Online]. Available: www.ualberta.ca/mol

A. Morteza and R. A. Chou, “Distributed Matrix Multiplication: Download Rate,
Randomness and Privacy Trade-Offs,” in 2024 60th Annual Allerton Conference on
Communication, Control, and Computing, Allerton 2024, Institute of Electrical and
Electronics Engineers Inc., 2024. doi: 10.1109/ALLERTON63246.2024.10735263.

A. Vaysi et al., “Network-based methodology to determine obstructive sleep apnea,”
Physica A: Statistical Mechanics and its Applications, vol. 673, p. 130714, Sep. 2025,
doi: 10.1016/J.PHYSA.2025.130714.

M. G. Anaraki and A. M. Afrapoli, “Sustainable open pit fleet management system:
integrating economic and environmental objectives into truck allocation,” Mining
Technology: Transactions of the Institutions of Mining and Metallurgy, vol. 132, no. 3,
pp. 153-163, 2023, doi: 10.1080/25726668.2023.2233230/ASSET/FD5FF8D7-DCDC-
4746-A0AD-

Mohammadagha et al. | May 2025 | p. 22



[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

348A85C5E168/ASSETS/IMAGES/LARGE/10.1080_25726668.2023.2233230-
FIG9.JPG.

F. Nasihati and Z. M. Kassas, “Observability Analysis of Receiver Localization with DOA
Measurements from a Single LEO Satellite,” IEEE Trans Aerosp Electron Syst, 2025,
doi: 10.1109/TAES.2025.3570278.

S. Sohrabi, Y. Darestani, and W. Pringle, “Accurate and efficient resilience assessment
of coastal electric power distribution networks,” in 14th International Conference on
Structural Safety and Reliability - ICOSSAR’25, Los Angeles California, USA: Scipedia,
S.L., Jun. 2025. doi: 10.23967/ICOSSAR.2025.052.

S. Dolhopolov, T. Honcharenko, and D. Chernyshev, “NeuroPhysNet: A Novel Hybrid
Neural Network Model for Enhanced Prediction and Control of Cyber-Physical
Systems,” in Lecture Notes in Networks and Systems, Springer Science and Business
Media Deutschland GmbH, 2025, pp. 351-365. doi: 10.1007/978-3-031-90735-
7_27/FIGURES/4.

F. N. Gourabi, M. Kiani, and S. H. Pourtakdoust, “On-Line Orbit and Albedo Estimation
Using a Strong Tracking Algorithm via Satellite Surface Temperature Data,” IEEE Trans
Aerosp Electron Syst, vol. 57, no. 3, pp. 1443-1454, Jun. 2021, doi:
10.1109/TAES.2020.3043522.

M. Entezami, S. Basirat, B. Moghaddami, D. Bazmandeh, and D. Charkhian, “Examining
the Importance of Al-Based Criteria in the Development of the Digital Economy: A Multi-
Criteria Decision-Making Approach,” Journal of Soft Computing and Decision Analytics,
vol. 3, no. 1, pp. 72-95, Feb. 2025, doi: 10.31181/JSCDA31202555.

M. Younesi Heravi, A. Y. Demeke, I. S. Dola, Y. Jang, |. Jeong, and C. Le, “Vehicle
intrusion detection in highway work zones using inertial sensors and lightweight deep
learning,” Autom  Constr, vol. 176, p. 106291, Aug. 2025, doi:
10.1016/J.AUTCON.2025.106291.

M. H. Shahverdian et al., “Towards Zero-Energy Buildings: A Comparative Techno-
Economic and Environmental Analysis of Rooftop PV and BIPV Systems,” Buildings
2025, Vol. 15, Page 999, vol. 15 no. 7, p. 999, Mar. 2025, doi:
10.3390/BUILDINGS15070999.

A. G. M. D. Ablegue, M. Zhang, Q. Guo, and L. Rui, “Monitoring and Shelf Life Extension
of Food Products Based on Machine Learning and Deep Learning: Progress and
Potential  Applications,” Food Reviews International, Aug. 2025, doi:
10.1080/87559129.2025.2541856;PAGE:STRING:ARTICLE/CHAPTER.

R. Nouri et al., “Unveiling putative modulators of mutable collagenous tissue in the brittle
star Ophiomastix wendtii: an RNA-Seq analysis,” BMC Genomics, vol. 25, no. 1, p.
1013, Dec. 2024, doi: 10.1186/S12864-024-10926-7/FIGURES/7.

M. Deldadehasl, M. Jafari, and M. R. Sayeh, “Dynamic Classification Using the Adaptive
Competitive Algorithm for Breast Cancer Detection,” Journal of Data Analysis and
Information Processing, vol. 13, no. 2, pp. 101-115, Apr. 2025, doi:
10.4236/JDAIP.2025.132006.

M. Abdollahi et al., “Post-Stroke Functional Changes: In-Depth Analysis of Clinical Tests
and Motor-Cognitive Dual-Tasking Using Wearable Sensors,” Bioengineering 2024, Vol.
11, Page 349, ol 11, no. 4, p. 349, Apr. 2024, doi:
10.3390/BIOENGINEERING11040349.

S. Ataei, S. T. Ataei, and A. M. Saghiri, “Applications of Deep Learning to
Cryptocurrency Trading: A Systematic Analysis,” Authorea Preprints, Jun. 2025, doi:
10.36227/TECHRXIV.175099684.44514402/V1.

G. Ghajari, A. Ghimire, E. Ghajari, and F. Amsaad, “Network Anomaly Detection for loT
Using Hyperdimensional Computing on NSL-KDD,” Mar. 2025, Accessed: May 02,
2025. [Online]. Available: https://arxiv.org/pdf/2503.03031

E. Soltanmohammadi, “INNOVATIVE STRATEGIES FOR HEALTHCARE DATA
INTEGRATION: ENHANCING ETL EFFICIENCY THROUGH CONTAINERIZATION
AND PARALLEL COMPUTING,” 2024.

Mohammadagha et al. | May 2025 | p. 23



[94]

[99]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

V. Babaey and A. Ravindran, “GenXSS: an Al-Driven Framework for Automated
Detection of XSS Attacks in WAFs,” in SoutheastCon 2025, IEEE, Mar. 2025, pp. 1519—
1524. doi: 10.1109/SOUTHEASTCONS56624.2025.10971558.

B. Hamedi, N. Kalantaryardebily, A. Alipanahi, and S. Taheri, “Estimating Tire Forces
Using MLP Neural Network and LM Algorithm: A Comparative Study,” Universal Journal
of Mechanical Engineering, vol. 11, no. 3, pp. 64-81, 2023, doi:
10.13189/ujme.2023.110302.

B. Kiafar, S. Daher, S. Sharmin, A. Ahmmed, L. Thiamwong, and R. L. Barmaki,
“Analyzing Nursing Assistant Attitudes Towards Geriatric Caregiving Using Epistemic
Network Analysis,” Communications in Computer and Information Science, vol. 2278
CCIS, pp. 187-201, 2024, doi: 10.1007/978-3-031-76335-9_14/FIGURES/3.

S. Salehi, A. Talaei, and R. Naghshineh, “Proxemic Behaviors in Same-Sex and
Opposite-Sex Social Interactions: Applications in Urban and Interior Space Design,”
Apr. 2025, doi: 10.21203/RS.3.RS-6499935/V1.

A. Kermani, E. Zeraatkar, and H. Irani, “Energy-Efficient Transformer Inference:
Optimization Strategies for Time Series Classification,” Feb. 2025, Accessed: May 02,
2025. [Online]. Available: https://arxiv.org/pdf/2502.16627

G. Abdolahzadeh, S. M. Asce, ; S Yasaman Ahmadi, and J. |. Lather, “Implementation
Analysis of a Simulation-Aided Redesigned Emergency Department before and after
the Emergence of COVID-19,” Computing in Civil Engineering 2023: Visualization,
Information Modeling, and Simulation - Selected Papers from the ASCE International
Conference on Computing in Civil Engineering 2023, pp. 104-111, 2024, doi:
10.1061/9780784485231.013.

F. Shojaeianforoud and M. Lahooti, “Cerebrospinal fluid flow dynamics in the aqueduct
of Sylvius for rigid and deformable brain models,” Comput Biol Med, vol. 190, p. 110047,
May 2025, doi: 10.1016/J.COMPBIOMED.2025.110047.

A. N. Azari and G. Sarfi, “Robust Intelligent Controller for Voltage Stabilization of dc-dc
Boost Converters,” International Research Journal of Engineering and Technology, vol.
9001, Mar. 2018, Accessed: May 02, 2025. [Online]. Available: https://hal.science/hal-
02117947

S. Zehsaz, S. Werth, and M. Shirzaei, “Lake Mead Interaction with Nearby Aquifer
System: Evidence from Surface Deformation and Mechanical Models,” in AGU Fall
Meeting Abstracts, Dec. 2022, pp. G53A-02.

M. Khorrami, S. Werth, S. Zehsaz, and M. Shirzaei, “Drought-induced Lake and
Groundwater Storage Decline surrounding Lake Mead from INSAR Observations and
Geomechanical Modeling,” AGU Fall Meeting, vol. 2023, no. 614, pp. NS31A-0614,
2023.

F. Nasihati Gourabi, M. Kiani, S. H. Pourtakdoust, and A. Labibian, “Simultaneous Orbit,
Attitude and Albedo Parameter Estimation Using Satellite Surface Temperature Data,”
Sharif Journal of Mechanical Engineering, vol. 37.3, no. 2, pp. 47-55, Nov. 2021, doi:
10.24200/J40.2021.57732.1583.

G. Zhai et al., “Quantifying subsidence damage risk to infrastructures in 25 most
populous U.S. cities from the space,” AGUFM, vol. 2022, pp. NH34A-02, 2022,
Accessed: Aug. 25, 2025. [Online]. Available:
https://ui.adsabs.harvard.edu/abs/2022AGUFMNH34A..02Z/abstract

L. Yang and A. Shami, “On hyperparameter optimization of machine learning algorithms:
Theory and practice,” Neurocomputing, vol. 415, pp. 295-316, Nov. 2020, doi:
10.1016/J.NEUCOM.2020.07.061.

E. Hasani, F. Torabi, and A. Salavati-Zadeh, “Electrochemical simulation of lithium-ion
batteries: a novel computational approach for optimizing performance,” Hydrogen, Fuel
Cell & Energy Storage, vol. 11, no. 4, pp. 215-224, Nov. 2024, doi:
10.22104/HFE.2024.7095.1315.

E. Ghanaee, J. |. Pérez-Diaz, D. Fernandez-Mufoz, J. Najera, M. Chazarra, and S.
Castano-Solis, “Optimal Scheduling of a Hybrid Wind—Battery Power Plant in the Day-
Ahead and Reserve Markets Considering Battery Degradation Cost,” 2024 International

Mohammadagha et al. | May 2025 | p. 24



[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

Conference on Smart Energy Systems and Technologies (SEST), pp. 1-6, Sep. 2024,
doi: 10.1109/SEST61601.2024.10694289.

S. Zehsaz, “Observing Drought-Induced Crustal Loading Deformation Around Lake
Mead Region via GNSS and InSAR: A Comparison with Elastic Loading Models,”
Virginia Tech, Virginia, 2023.

F. Shojaeianforoud, B. Coats, and K. Monson, “INCREMENTAL OVERSTRETCH
INCREASES FAILURE VALUES OF CEREBRAL BLOOD VESSELS,” in Summer
Biomechanics, Bioengineering, and Biotransport Conference, Jun. 2024, pp. 299-300.
Accessed: Apr. 26, 2025. [Online]. Available: https://sb3c.org/wp-
content/uploads/2024/SB3C2024_Proceedings_Book.pdf

P. Akbari, M. Gabriel, and C. A. MacKenzie, “Retrieving and Disseminating Information
about Disasters through Natural Language Processing Tools,” in /[ISE Annual
Conference Proceedings, 2022, pp. 1-6.

G. Ghajari, H. Jazayeri-Rad, and M. A. Dezfooli, “Identification of Community Structures
in Networks Employing a Modified Divisive Algorithm,” Apr. 2025, Accessed: May 02,
2025. [Online]. Available: https://arxiv.org/pdf/2504.09769

A. Kermani, V. Pérez-Rosas, and V. Metsis, “A Systematic Evaluation of LLM Strategies
for Mental Health Text Analysis: Fine-tuning vs. Prompt Engineering vs. RAG,” in
Volume: Proceedings of the 10th Workshop on Computational Linguistics and Clinical
Psychology (CLPsych 2025), Albuquerque, New Mexico, May 2025, pp. 172-180.
Accessed: May 02, 2025. [Online]. Available: https://aclanthology.org/2025.clpsych-
1.14/

M. Jafari, F. Majidi, and A. Heydarnoori, “Prioritizing App Reviews for Developer
Responses on Google Play,” in 30th International DMS Conference on Visualization and
Visual Languages (DMSVIVA), Oct. 2024, pp. 96-103.

M. Deldadehasl and P. Haddadian Nekah, “A Multilevel Analysis of Hotel Industry
Customer Clustering Using a Hybrid Data-Mining Decision-Making Approach,” in
Reconceptualizing Marketing in Today’s Global Environment. 2022 SMA Conference,
2022, pp. 440-445. Accessed: Apr. 26, 2025. [Online]. Available: DOI:
10.13140/RG.2.2.16310.82249

M. Khajehzadeh, Farhad Pazhuheian, F. Seifi, A. Ghorbani, and Golshan Madraki, “A
Novel Prescriptive Supply Chain Analytics Model for Monitoring the Relationship
Between Influential Variables Across the Supply Chain Network,” OPERATIONS AND
SUPPLY CHAIN MANAGEMENT, 2024, doi: 10.31387/0scm0590441.

Adel Aazami and Ali Papi, “An integrated model for a multi-product production-inventory-
routing problem in a bi-echelon green supply chain,” 2019.

S. Mojtahedi, S. Mashhadi, and A. Savin, “MAX Effect and Investor Sentiment: Evidence
from the Swedish Stock Market,” Journal of Business and Management Studies, vol. 7,
no. 2, pp. 184-206, Apr. 2025, doi: 10.32996/JBMS.2025.7.2.13.

Saeed Sohrabi, Yousef Darestani, William J. Pringle, Daniel M. Dowden, and Payman
Dehghanian., “Life Cycle Cost Analysis of Prestressed Concrete Poles Subjected to
Wind, Surges, and Waves,” Journal of Structural Engineering, 2025, doi:
10.1061/JSENDH.STENG-13840.

S. Ranjbar, M. Vaseghi, M. Sameezadeh, and M. Sohrabian, “The Effect of Secondary
Particles on Mechanical Properties of Polycaprolactone/Bioactive glass
Nanocomposites,” in Proceedings of the 8 th International Conference on
Nanostructures (ICNS8), Apr. 2019. Accessed: May 02, 2025. [Online]. Available:
https://www.researchgate.net/publication/3526654 36

D. Charkhian and B. Moghaddami, “MAKING UNIVERSITY PORTALS MORE
INCLUSIVE: A DESIGN-FOCUSED APPROACH TO Al INTEGRATION,”
EDULEARNZ25 Proceedings, vol. 1, pp. 242-247, Jul. 2025, doi:
10.21125/EDULEARN.2025.0110.

D. Charkhian, “Exploring the potential of Al forimproving inclusivity in university portals,”
Drexel University, Philadelphia, Pennsylvania, United States, 2025. doi:
10.17918/00011005.

Mohammadagha et al. | May 2025 | p. 25



[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

D. Charkhian and B. Moghaddami, “MAKING UNIVERSITY PORTALS MORE
INCLUSIVE: A DESIGN-FOCUSED APPROACH TO Al INTEGRATION,”
EDULEARNZ25  Proceedings, vol. 1, pp. 242-247, Jul. 2025, doi:
10.21125/EDULEARN.2025.0110.

F. Shojaeianforoud, L. Marin, W. J. Anderl, M. Marino, B. Coats, and K. L. Monson,
“‘Repeated loading and damage progression in cerebral arteries,” Acta Biomater, vol.
197, pp. 256265, May 2025, doi: 10.1016/J.ACTBI0.2025.03.027.

G. Sarfi, O. Beik, M. Gholamian, and S. Talebzadeh, “Parallel Control of an Electric
Power and Propulsion System for an Interplanetary Spacecraft,” IEEE Aerospace
Conference Proceedings, 2024, doi: 10.1109/AER058975.2024.10521437.

G. Ghajari, E. Ghajari, H. Mohammadi, and F. Amsaad, “Intrusion Detection in loT
Networks Using Hyperdimensional Computing: A Case Study on the NSL-KDD
Dataset,” Mar. 2025, Accessed: May 02, 2025. [Online]. Available:
https://arxiv.org/pdf/2503.03037

V. Babaey and H. R. Faragardi, “Detecting Zero-Day Web Attacks with an Ensemble of
LSTM, GRU, and Stacked Autoencoders,” Apr. 2025, Accessed: May 05, 2025. [Online].
Available: https://arxiv.org/pdf/2504.14122

R. Bozorgpour, “Development of a Massively Parallel In-House Lattice Boltzmann
Solver for Patient-Specific Vasculature: Hemodynamic Analysis of Treatment Response
and Rupture Risk with FSI-Based Structural Assessment,” 2025, Accessed: Aug. 23,
2025. [Online]. Available: https://minds.wisconsin.edu/handle/1793/95402

M. Deldadehasl, H. H. Karahroodi, and P. Haddadian Nekah, “Customer Clustering and
Marketing Optimization in Hospitality: A Hybrid Data Mining and Decision-Making
Approach from an Emerging Economy,” Apr. 2025.

K. Kaur, M. Arjun, V. Kaushal, M. Najafi, and A. Jibreen, “Advantages of Underground
Logistics Systems Using Pipelines in Airport Applications,” Pipelines 2023: Planning and
Design - Proceedings of Sessions of the Pipelines 2023 Conference, pp. 552-560,
2023, doi: 10.1061/9780784485019.057.

Forough Nasihati Gourabi, Maryam Kiani, and Seid H. Pourtakdoust, “Assessment of
Earth Albedo Effect on Temperature-based Orbit Estimation,” in Accepted for Iranian
society of mechanical engineering (ISME 2019)At: Tehran, Iran, Jan. 2019.

M. Farhang, N. Hassani, and A. Seyedkazemi, “Seismic fragility curves for buried steel
gas pipelines with corrosion damage,” Innovative Infrastructure Solutions, vol. 9, no. 2,
pp. 1-15, Feb. 2024, doi: 10.1007/S41062-023-01340-1/METRICS.

Q. A. E. Mowla, H. Ahmari, and M. Moradi, “Soil Erodibility at Bridge Construction Sites,”
in World Environmental and Water Resources Congress 2024, Reston, VA: American
Society of  Civil Engineers, May 2024, pp. 1608-1622. doi:
10.1061/9780784485477.141.

M. Kesavan, J. Karthiraman, T. Ebenezer Rajadurai, and S. Adhithyan, “Stock Market
Prediction with Historical Time Series Data and Sentimental Analysis of Social Media
Data,” Proceedings of the International Conference on Intelligent Computing and
Control ~ Systems, ICICCS 2020, pp. 477-482, May 2020, doi:
10.1109/ICICCS48265.2020.9121121.

J. R. Saura, P. Palos-Sanchez, and A. Grilo, “Detecting Indicators for Startup Business
Success: Sentiment Analysis Using Text Data Mining,” Sustainability 2019, Vol. 11,
Page 917, vol. 11, no. 3, p. 917, Feb. 2019, doi: 10.3390/SU11030917.

A. R. Pathak, M. Pandey, and S. Rautaray, “Topic-level sentiment analysis of social
media data using deep learning,” Appl Soft Comput, vol. 108, p. 107440, Sep. 2021,
doi: 10.1016/J.ASOC.2021.107440.

M. H. Abd El-Jawad, R. Hodhod, and Y. M. K. Omar, “Sentiment analysis of social media
networks using machine learning,” ICENCO 2018 - 14th International Computer
Engineering Conference: Secure Smart Societies, pp. 174-176, Jul. 2018, doi:
10.1109/ICENCO.2018.8636124.

A. Alslaity and R. Orji, “Machine learning techniques for emotion detection and
sentiment analysis: current state, challenges, and future directions,” Behaviour &

Mohammadagha et al. | May 2025 | p. 26



[139]

[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

[153]

[154]

[155]

Information Technology, vol. 43, no. 1, pp. 139-164, Dec. 2022, doi:
10.1080/0144929X.2022.2156387.

A. Albladi, M. Islam, and C. Seals, “Sentiment Analysis of Twitter data using NLP
Models: A Comprehensive Review,” IEEE  Access, 2025, doi:
10.1109/ACCESS.2025.3541494.

S. Al-Azani and E. S. M. El-Alfy, “Early and Late Fusion of Emojis and Text to Enhance
Opinion Mining,” IEEE Access, vol. 9, pp. 121031-121045, 2021, doi:
10.1109/ACCESS.2021.3108502.

S. Wijeratne, L. Balasuriya, A. Sheth, and D. Doran, “EmojiNet: An Open Service and
API for Emoji Sense Discovery,” Proceedings of the International AAAI Conference on
Web and Social Media, vol. 11, no. 1, pp. 437-446, May 2017, doi:
10.1609/ICWSM.V1111.14857.

X. Li, J. Zhang, Y. Du, J. Zhu, Y. Fan, and X. Chen, “A Novel Deep Learning-based
Sentiment Analysis Method Enhanced with Emojis in Microblog Social Networks,”
Enterp Inf Syst, vol. 17, no. 5, Feb. 2023, doi: 10.1080/17517575.2022.2037160.

E. A. H. Khalil, E. M. F. El Houby, and H. K. Mohamed, “Deep learning for emotion
analysis in Arabic tweets,” J Big Data, vol. 8, no. 1, pp. 1-15, Dec. 2021, doi:
10.1186/S40537-021-00523-W/TABLES/7.

D. Howard, M. M. Maslej, J. Lee, J. Ritchie, G. Woollard, and L. French, “Transfer
learning for risk classification of social media posts: Model evaluation study,” J Med
Internet Res, vol. 22, no. 5, p. e15371, May 2020, doi: 10.2196/15371.

S. Bengesi, T. Oladunni, R. Olusegun, and H. Audu, “A Machine Learning-Sentiment
Analysis on Monkeypox Outbreak: An Extensive Dataset to Show the Polarity of Public
Opinion From Twitter Tweets,” IEEE Access, vol. 11, pp. 11811-11826, 2023, doi:
10.1109/ACCESS.2023.3242290.

S. E. V. S. Pillai, R. Vallabhaneni, P. K. Pareek, and S. Dontu, “The People Moods
Analysing Using Tweets Data on Primary Things with the Help of Advanced
Techniques,” International Conference on Distributed Computing and Optimization
Techniques, ICDCOT 2024, 2024, doi: 10.1109/ICDCOT61034.2024.10516073.

Maha Jarallah Althobaiti, “BERT-based Approach to Arabic Hate Speech and Offensive
Language Detection in Twitter: Exploiting Emojis and Sentiment Analysis - ProQuest,”
(IJACSA) International Journal of Advanced Computer Science and Applications, 2022.
H. Nguyen and M. Le Nguyen, “A Deep Neural Architecture for Sentence-Level
Sentiment Classification in Twitter Social Networking,” Communications in Computer
and Information Science, vol. 781, pp. 15-27, 2018, doi: 10.1007/978-981-10-8438-
6_2/TABLES/5.

A. Narayanan, “Understanding Social Media Recommendation Algorithms,” 2023, doi:
10.7916/KHDK-M460.

M. M. Aglero-Torales, J. I. Abreu Salas, and A. G. Lépez-Herrera, “Deep learning and
multilingual sentiment analysis on social media data: An overview,” Appl/ Soft Comput,
vol. 107, p. 107373, Aug. 2021, doi: 10.1016/J.ASOC.2021.107373.

G Belmar and M Glass, “Virtual communities as breathing spaces for minority
languages: Re-framing minority language use in social media,” Adeptus , no. 14, pp. 1—-
24,2019.

C. Song and J. Lee, “Citizens’ Use of Social Media in Government, Perceived
Transparency, and Trust in Government,” Public Performance & Management Review,
vol. 39, no. 2, pp. 430—453, Apr. 2016, doi: 10.1080/15309576.2015.1108798.

C. Dhaoui, C. M. Webster, and L. P. Tan, “Social media sentiment analysis: lexicon
versus machine learning,” Journal of Consumer Marketing, vol. 34, no. 6, pp. 480—488,
2017, doi: 10.1108/JCM-03-2017-2141/FULL/PDF.

A. Yadav and D. K. Vishwakarma, “Sentiment analysis using deep learning
architectures: a review,” Artif Intell Rev, vol. 53, no. 6, pp. 4335-4385, Aug. 2020, doi:
10.1007/S10462-019-09794-5/TABLES/11.

C. Colon-Ruiz and |. Segura-Bedmar, “Comparing deep learning architectures for
sentiment analysis on drug reviews,” J Biomed Inform, vol. 110, p. 103539, Oct. 2020,
doi: 10.1016/J.JBI1.2020.103539.

Mohammadagha et al. | May 2025 | p. 27



[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

[165]

[166]

[167]

[168]

[169]

[170]

[171]

[172]

M. Trupthi, S. Pabboju, and G. Narasimha, “Sentiment analysis on twitter using
streaming API,” Proceedings - 7th IEEE International Advanced Computing Conference,
IACC 2017, pp. 915-919, Jul. 2017, doi: 10.1109/IACC.2017.0186.

L. Yue, W. Chen, X. Li, W. Zuo, and M. Yin, “A survey of sentiment analysis in social
media,” Knowl! Inf Syst, vol. 60, no. 2, pp. 617-663, Aug. 2019, doi: 10.1007/S10115-
018-1236-4/TABLES/7.

L. C. Chen, C. M. Lee, and M. Y. Chen, “Exploration of social media for sentiment
analysis using deep learning,” Soft comput, vol. 24, no. 11, pp. 8187-8197, Jun. 2020,
doi: 10.1007/S00500-019-04402-8/FIGURES/3.

R. Monika, S. Deivalakshmi, and B. Janet, “Sentiment Analysis of US Airlines Tweets
Using LSTM/RNN,” Proceedings of the 2019 IEEE 9th International Conference on
Advanced  Computing, IACC 2019, pp. 92-95, Dec. 2019, doi:
10.1109/1ACC48062.2019.8971592.

G. Xu, Y. Meng, X. Qiu, Z. Yu, and X. Wu, “Sentiment analysis of comment texts based
on BIiLSTM,” [IEEE Access, vol. 7, pp. 51522-51532, 2019, doi:
10.1109/ACCESS.2019.2909919.

M. Imani and G. A. Montazer, “A survey of emotion recognition methods with emphasis
on E-Learning environments,” Journal of Network and Computer Applications, vol. 147,
p. 102423, Dec. 2019, doi: 10.1016/J.JNCA.2019.102423.

P. Linardatos, V. Papastefanopoulos, and S. Kotsiantis, “Explainable Al: A Review of
Machine Learning Interpretability Methods,” Entropy 2021, Vol. 23, Page 18, vol. 23, no.
1, p. 18, Dec. 2020, doi: 10.3390/E23010018.

J. P. A. loannidis, R. Tarone, and J. K. McLaughlin, “The false-positive to false-negative
ratio in epidemiologic studies,” Epidemiology, vol. 22, no. 4, pp. 450—456, Jul. 2011, doi:
10.1097/EDE.OB013E31821B506E.

M. Birjali, M. Kasri, and A. Beni-Hssane, “A comprehensive survey on sentiment
analysis: Approaches, challenges and trends,” Know/ Based Syst, vol. 226, p. 107134,
Aug. 2021, doi: 10.1016/J.KNOSYS.2021.107134.

C. Troussas, M. Virvou, K. J. Espinosa, K. Llaguno, and J. Caro, “Sentiment analysis of
Facebook statuses using Naive Bayes Classifier for language learning,” IISA 2013 - 4th
International Conference on Information, Intelligence, Systems and Applications, pp.
198-205, 2013, doi: 10.1109/11SA.2013.6623713.

M. U. Salur and I. Aydin, “A Novel Hybrid Deep Learning Model for Sentiment
Classification,” |EEE Access, vol. 8, pp. 58080-58093, 2020, doi:
10.1109/ACCESS.2020.2982538.

N. V. Babu and E. G. M. Kanaga, “Sentiment Analysis in Social Media Data for
Depression Detection Using Artificial Intelligence: A Review,” SN Comput Sci, vol. 3, no.
1, pp. 1-20, Nov. 2022, doi: 10.1007/S42979-021-00958-1/METRICS.

M. S. Neethu and R. Rajasree, “Sentiment analysis in twitter using machine learning
techniques,” 2013 4th International Conference on Computing, Communications and
Networking Technologies, ICCCNT 2013, 2013, doi: 10.1109/ICCCNT.2013.6726818.
Z. Wang et al., “Demographic inference and representative population estimates from
multilingual social media data,” The Web Conference 2019 - Proceedings of the World
Wide Web Conference, WWW 2019, vol. 12, pp. 2056-2067, May 2019, doi:
10.1145/3308558.3313684.

E. Di Minin, H. Tenkanen, and T. Toivonen, “Prospects and challenges for social media
data in conservation science,” Front Environ Sci, vol. 3, no. SEP, p. 156137, Sep. 2015,
doi: 10.3389/FENVS.2015.00063/BIBTEX.

F. Neri, C. Aliprandi, F. Capeci, M. Cuadros, and T. By, “Sentiment analysis on social
media,” Proceedings of the 2012 IEEE/ACM International Conference on Advances in
Social Networks Analysis and Mining, ASONAM 2012, pp. 919-926, 2012, doi:
10.1109/ASONAM.2012.164.

E. Mjolsness and D. DeCoste, “Machine learning for science: State of the art and future
prospects,” Science (1979), vol. 293, no. 5537, pp. 2051-2055, Sep. 2001, doi:
10.1126/SCIENCE.293.5537.2051/ASSET/59CAD30D-7FF2-4A1E-ACBC-
8B3DDDF483AC/ASSETS/GRAPHIC/SE3619767002.JPEG.

Mohammadagha et al. | May 2025 | p. 28



[173]

[174]

[175]

[176]

[177]

[178]

[179]

[180]

Q. T. Ain et al., “Sentiment Analysis Using Deep Learning Techniques: A Review,”
IJACSA) International Journal of Advanced Computer Science and Applications, vol. 8,
no. 6, 2017, Accessed: Apr. 16, 2025. [Online]. Available: www.ijacsa.thesai.org

A. Abbasi, Y. Zhou, S. Deng, and P. Zhang, “Text analytics to support sense-making in
social media: A language-action perspective,” MIS Q, vol. 42, no. 2, pp. 427-464, Jun.
2018, doi: 10.25300/MISQ/2018/132309.

K. Dashtipour et al., “Multilingual Sentiment Analysis: State of the Art and Independent
Comparison of Techniques,” Cognit Comput, vol. 8, no. 4, pp. 757-771, Aug. 2016, doi:
10.1007/S12559-016-9415-7/TABLES/2.

W. Medhat, A. Hassan, and H. Korashy, “Sentiment analysis algorithms and
applications: A survey,” Ain Shams Engineering Journal, vol. 5, no. 4, pp. 1093—-1113,
Dec. 2014, doi: 10.1016/J.ASEJ.2014.04.011.

D. M. E. D. M. Hussein, “A survey on sentiment analysis challenges,” Journal of King
Saud University - Engineering Sciences, vol. 30, no. 4, pp. 330-338, Oct. 2018, doi:
10.1016/J.JKSUES.2016.04.002.

E. Fersini, E. Messina, and F. A. Pozzi, “Sentiment analysis: Bayesian Ensemble
Learning,” Decis Support Syst, vol. 68, pp. 26-38, Dec. 2014, doi:
10.1016/J.DSS.2014.10.004.

G. Beigi, X. Hu, R. Maciejewski, and H. Liu, “An overview of sentiment analysis in social
media and its applications in disaster relief,” Studies in Computational Intelligence, vol.
639, pp. 313-340, 2016, doi: 10.1007/978-3-319-30319-2_13/TABLES/2.

A. Ceron, L. Curini, and S. M. lacus, “iSA: A fast, scalable and accurate algorithm for
sentiment analysis of social media content,” Inf Sci (N Y), vol. 367-368, pp. 105-124,
Nov. 2016, doi: 10.1016/J.INS.2016.05.052.

Mohammadagha et al. | May 2025 | p. 29



