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Since interpretable feature-engineered pipelines, natural language
processing (NLP) has developed into deep neural and transformer-
based architectures, and finally, large language models (LLMs) that
can generalize their results across tasks. This development has
significantly enhanced the subjective language comprehension, such
as sentiment, emotion, sarcasm, humor, stance, metaphor, intent and
aesthetic judgments, and increased the requirements of explainability
in high-stakes areas. Already trained transformers (e.g., encoder-only
and decoder-only versions) and LLMs like BERT and GPT have
established powerful baselines on text classification and zero/few-shot
subjectivity modeling, but the opaqueness of these models drives
language-based rationalization (extractive/abstractive  natural-
language justifications) and feature-attribution algorithms (e.g., LIME,
Integrated Gradients, SHAP). The four strands brought together by this
survey include: (i) sentiment-analysis methods and datasets (e.g.,
IMDb, Sentiment140, Twitter Airline, SemEval), (ii) tfransformer-era text
classification, (iii) LLMs on subjective language, and (iv) rationalization
of explainable NLP. We have provided a unified taxonomy of
subjective tasks and have analyzed model families, starting with
classical ML up to transformers/LLMs; have collected major data sets
and benchmarks; and have systematized explainability methods, in
particular rationalization, and their evaluations and classify open
problems dataset bias and annotation ambiguity, constraints of
faithfulness and explanatory comprehensibility, evaluation bias,
compute cost, and ethical risks. The article will facilitate the formation
of a coherent foundation of explainable, credible subjective NLP
based on the functions of fransformer/LLM and analyze feature
extraction techniques methodically based on LLM. We have trained a
Machine Learning classifier using 70% of the training data and 30% of
the testing data. Based on our results, we find that the proposed ML
based technique gives enhanced performance, with an improved
accuracy of 99% in the UCI-ML reviews dataset and 96% in the Twitter
Kaggle dataset. This study underscores the paramount significance of
feature extraction in sentiment analysis, endowing pragmatic insights
to elevate model performance and steer future research pursuits.

Keywords: Senfiment analysis, emotion recognition, sarcasm detection, explainable NLP, rationalization,
transformers, and large language models, BERT, GPT, fext classification.
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Approach based on Machine Learning Ahmed, A, et al., (2025)
INTRODUCTION

Sentiment analysis is known as a method in which a statement is divided into small
parts, learning from them (like what these parts perform) that how they communicate
to one another. Analysis of human behavior according to their textual contents is
called Opinion Mining (OM). Online consumption has become more popular with the
fast penetration of the Internet into the everyday lives of people. New forms of
communication between customers and service providers can be offered by its
emergence and pervasiveness. Consumers are likely to use e-commerce websites to
share their experiences of consumption and voice their views on any product or
service, after the consumption behavior. The amount of online reviews created on
review sites, forums, blogs etc., can be viewed as a big data challenge to the
consumers and organizations themselves, should they fail to analyze and make the
best use of them. The challenge of this data deluge can be tackled with cognitive
computing by this means of processing this multimodal data, besides transforming raw
data into useful information [1, 2]. The focus on cognitive computing has increased
recently due to its capacity to offer an interdisciplinary approach and a set of
technologies to analyze big data, attaining intelligent cognitive processes by cutting
through the complexity of big data that would help enhance human decision-making
[3].

Early sentiment mining and opinion mining pipelines employed transparent feature
engineering (e.g., TF-IDF, n-grams, lexicons) in linear/ probabilistic classifiers (Naive
Bayes, SVM, logistic regression. These techniques were interpretable with explicit
feature weights and decision-making rules that the practitioner could use to interpret
the predictions as being made by a particular linguistic pattern. Nevertheless, they
could not make broad cross-domain and fine-grained context generalization due to
their dependence on hand-crafted characteristics. Neural models (CNNs, RNNs,
LSTMs) were more accurate and less interpretable. Convolutional architectures
learned filters representing local n-gram statistics, and recurrent architectures learned
sequential dependencies and long-range context. The developments facilitated
improved action on intricate subjective problems, yet the acquired representations
grew more opaque, and it was hard to describe individual forecasts [4, 5]. The
transformer architecture and pretraining paradigm established a general-purpose
framework for text classification and subjective tasks. BERT introduced bidirectional
contextualized representations through masked language modeling, while GPT
demonstrated the power of autoregressive language modeling. These architectures
became de facto backbones for downstream classification and inference tasks [6].
The self-attention mechanism enabled modeling of long-range dependencies
without the vanishing gradient problems of RNNs, leading to substantial performance
improvements across benchmarks [7].
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Massive scale, tuned to instructions, and few-shot learning Large language models

(LLMs) like GPT-3 [8]. PaLM [9]. LLaMA [10], and GPT-4 [11] extended capabilities by
large scale, instruction tuning, and few-shot learning. The remarkable zero-shot and
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few-shot performance on subjective tasks without task-specific fine-tuning seen in
these models is fundamentally changing our approach to NLP applications.
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Simultaneously, explainable NLP evolved to feature-attribution and saliency-type tools
(e.g.. LIME [12], Integrated Gradients [13], SHAP [14]) to ratfionalization, where the
explanations are expressed in natural language through extracting the spans of
evidence or creating justifications [15]. Influential input tokens are emphasized by
feature-attribution techniques, which are gradient-based or perturbation-based, yet
necessitate technical skills to interpret and do not have natural-language
explanations [15]. Rationalization handles these lacks by generating human-
understandable textual explanations that can be comprehended by non-expert users
[16].
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Cognitive computing is a relatively new research area that derives its inspiration in the
intersection of cognitive science, data science, and computing technologies [17].
The cognitive computing definition is a controversial subject matter. Academic and
industrial ranges of thought have described and defined cognitive computing in a
variety of ways. Through the applications and service perspective, cognitive
computing may offer a set of processes that allow computer systems to extend and
multiply the human expertise by replicating intelligent behaviors of the human mind
in reasoning, remembering and learning through experience to perform a wide range
of cognitive functions. An analogy of human beings can be useful in getting to know
the role of cognitive computing and its mechanism of working. As a study field of the
cognitive science profession, cognition has been defined as the mental powers or
functions of learning and knowing using senses, thinking, and experience. In the case
of human cognition, the cognitive processes use organismal means of their realization
i.e. the brain and the mind [18].
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Eq (4)
The machine cognition is to cognitive computing like the brain or mind to human
cognition. Implementation of cognitive computing depends on cognitive analytics

being offered by data science and computing technologies offered by computing
disciplines.
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The cognitive computing systems are allowed to perform cognitive tasks of
observation, interpretation, assessment, and decision, which is similar to human brain
work, with the help of cognitive technologies, including big data, cloud computing,
artificial intelligence, machine learning, pattern recognition, data mining and natural
language processing. In total, cognitive computing draws various interdisciplinary
theories, techniques, and tools to simulate human cognition, driving cognitive systems
that can perceive, reason, learn, and behave independently and hence providing
real human-machine cooperation [19].
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Two main types of rationalization are identified, extractive rationalization which
chooses critical terms or phrases of the input as the rationale, and abstractive
rationalization which creates a new explanatory text that summarizes the reasoning.
Current LLMs support either of these forms by enabling them to make natural-
language generation and prompt them to give a series of reasons with chain-of-
thought methods. The non-expert audiences find rationalization more appealing
since it is employed to convey reasoning in written form, as opposed to numerical
afttributions, which makes Al systems more understandable and acceptable. This is
especially crucial in subjective tasks where context, tone as well as implicit meaning
are greatly important in human perception [21].

The result of sentiment classification, senfiment orientation has been a major
reference as well as an influencer not only to individuals but also to organizations in
the decision-making process. The sentiment polarity present in the user reviews has
been observed to be among the most effective factors that contribute to the
usefulness of the user reviews in the aspect of making a purchase decision and
consumers have the instinct of making a purchase of a product that has positive
reviews. Conversely, depending on the sentiment orientation of the consumers'
reviews, the organization can formulate its marketing strategy, including amending its
brand positioning, launching marketing messages, designing new products and other
operations to enhance the organizational performance. Consequently, the quality of
the sentiment classification directly indicates the possibility of consumers and
organizations to make smart decisions or not, depending on reviews and poor results
may result in ineffective or even incorrect decisions.

ELU — E- Linear Unit with 0 < a is
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Figure 1.
Generdlize enhanced Sentiment Analysis approach [22]

Natural language processing (NLP)

Natural language processing (NLP) is a very crucial aspect in the area of cognitive
computing, as it provides a cycling learning process such that cognitive systems may
be used to make sound data-driven decisions. The ability to process unstructured data
within a context where questions are posed and to give intelligent cognitive
responses, in other words, to enable machines to communicate with humans is one
of the most basic tasks in cognitive computing processes. This is what NLP does best,
i.e., to convert an unstructured material info a cognitive knowledge base that
determines the meaning of natural language [23]. NLP relies on statistical applications,
language rules and other methods like machine learning.

These tools may be used to perform various linguistic analyses, i.e. lexical analysis,
syntactical analysis, discourse analysis etc. NLP, therefore, can automate the thinking
process of deriving the meaning of words, recognition of patterns and association
between words, and establishment of layers of context perception. Among the NLP-
oriented applications that have been introduced in the field of cognitive computing
is the ability to comprehend the word-of-mouth (WOM) of the text-based remarks
posted by customers in the online web, with the help of sentiment analysis to find out
the actual feelings or atfitudes of the customers towards any product or service.
Sentiment analysis, sentiment classification, or opinion mining is a binary classification
task of categorizing the textual reviews in terms of being either positive or negative
polarity [24, 25].
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Motivation

Transformer and LLM systems achieve state-of-the-art results but behave as opaque
black boxes, making it difficult to understand why a subjective prediction was
produced (e.g., irony vs. literal, positive vs. negative). In sensitive domains such as
healthcare, legal decision-making, content moderation, and financial analysis,
opacity jeopardizes trust, auditability, and safety. Users and stakeholders need to
understand not just what the model predicted, but why it made that prediction, to
assess reliability and identify potential biases or errors [26].

In the meantime, subjective tasks tend to be ambiguous and situation-specific
(sarcasm, humor, aesthetics), typically resulting in discrepancies between the
annotators and difficulty in evaluation. Detection of sarcasm, such as, can be based
on mutual cultural context, tone of voice or situational knowledge not found in the
text itself [27]. The humor recognition is about the incongruity, surprise and subjective
appreciation, which is different to individuals and cultures. Emotion recognition has to
negotiate the multidimensional affective conditions, which can include a mixture of
different emotions or represent the expression of culturally-specific emotional
categories [28]. Such concurrent demands of high performance and low
tfransparency drive a single approach to subjectivity and elucidate the ability of LLMs
to make fine judgments and the rationalization process to reveal the reasoning
behind the judgment in an accurate way [29, 30]. It is required that the field should
offer predictively accurate techniques, offer meaningful explanations that make users
frust and appropriate to rely on model outputs [31].

This work incorporates four quality sources and the foundations used in citing them:
Sentiment analysis approaches and datasets: including classical approaches to
machine learning, deep learning, and transformers, with standard datasets such as
IMDb, Sentiment140, Twitter US Airline, and SemEval shared tasks [32, 33]. Transformer-
based text classification: architectural overview and overview of the BERT-family
encoders, GPT-family decoders, and their classification task adaptations, efficiency
and safety concerns [34, 35]. LLMs for subjective language: extensive taxonomy of
senfiment, emotion, sarcasm, humor, stance, metaphor, intent, and aesthetics with
evaluation of zero-shot and few-shot performance [36, 37].

Table 1.
Analysis of Textual data Model
Ref Model Task Performance
[38] Dynamic convolutional Binary sentiment The accuracy of binary
neural network (DCNN) prediction sentiment classification is 86.8%
[39] Deep recursive neural Multi-class sentiment  The accuracy of fine-grained
network (DRNN) prediction sentiment classification is 48.5%
[40] Uniform-layer LSTM Twitter sentiment The accuracy of six-way
architecture prediction question classification is 93.0%
[41] Uniform-layer LSTM Sentence-level Uniform-layer model achieves
architecture senfiment average 0.8%
classification
[42] Coupled-layer LSTM classification improvement of the
architecture performances
[43] Shared-layer LSTM Document-level Coupled-layer model achieves
architecture senfiment

classification
Explainable NLP via rationalization, extractive and abstractive methods, schemes of
evaluation based on fidelity and plausibility, and human-oriented evaluation
methods. The goal is to standardize task taxonomies, model families,
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datasets/benchmarks, and explainability approaches, rigorously under the
mentioned materials, to be useful in helping trace scholarly research and high-density
IEEE referencing. This combination will give the researchers and practitioners a whole
picture and learn more about the actual situation in the field of subjective NLP and
explainability, including gaps and how to further research. Coherent vision of
subjectivity + explainability. We unify sentiment analysis (to interpretable ML to DL to
transformers/LLMs), subjective task taxonomies, and explainability systems into a
unified system, rationalizing it to be a first-class subjective NLP component [44, 45]. The
integration points out the natural synergy between subjective language
comprehension, which involves the necessity of both contextual and practical
reasoning and the explanation generation that also necessitates these forms of
reasoning abilities. Unified taxonomic classification of subjective tasks. We are using
an eight-task perspective sentiment, emotion, sarcasm, humor, stance, metaphor,
intent, aesthetics, which aligns with current surveys in the era of the LLM [46-49]. This
taxonomy offers an orderly framework of how research can be organized, what
similarities can be found in tasks, and what challenges are task-generated.
Comparison of paradigm families.

We are tracking the development of interpretable ML (NB/SVM/LR with TF-IDF/n-
grams) to deep learning (CNN/LSTM/GRU) and transformers/LLMs (BERT/GPT and
successors), and its implications to subjective NLP [50, 51]Every paradigm shift led to
the increase in performance as well as restructured the interpretability landscape
which required the novel methods of explanation. Datasets and benchmarks. We
select a task-wise and dataset-wise view of reviews and social media: IMDb (50k
balanced), Sentiment140 (1.6M tweets), Twitter US Airline (14k, 3-class), SemEval-2017
Task 4 (Twitter subtasks), GoEmotions (58k Reddit comments, 27 emotions), SARC
(sarcasm corpus), and numerous others [52, 53]. This detailed data catalog assists
scientists in choosing the right standards and knowing what domains are represented
and what the constraints are.

Explainability and Datasets Involved

evaluation and ratfionalization methods. We systematize extractive vs. abstractive
rationalization [54] detail common attribution baselines (LIME [55], Integrated
Gradients [56], SHAP [57]), and summarize benchmarking datasets like ERASER [58]
and e-SNLI [59]] with human-centered evaluations [60]. We distinguish between
fidelity (faithfulness to model reasoning) and plausibility (human-judged quality),
guiding evaluation methodology. Open issues and directions. We consolidate
reported limitations in annotation quality and ambiguity, dataset bias,
faithfulness/comprehensibility gaps in explanations, computational cost, and the
need for standardized evaluation [61, 52].

5h=60°< 2+ m’iﬁ?lX:ﬂg

Eq (8)
Table 2.
Major Datasets for Sentiment Analysis
Dataset Size Domain Classes Ref
IMDb Movie Reviews 50,000 Movies Binary (pos/neg) [53]
Senfiment140 1.6M Twitter Binary (pos/neg) [54]

265



Approach based on Machine Learning Ahmed, A, et al., (2025)

Dataset Size Domain Classes Ref
Twitter US Airline ~14,000 Customer service 3-class (pos/neu/neg) [55]
SemEval-2017 Task 4 Varied Twitter Multi-task [56]
Amazon Product Reviews Millions E-commerce 5-star scale [57]
Yelp Reviews 1.6M+ Restaurant/business 5-star scale [58]

Emotion Recognition

Definition: Automatic recognition of the affective or emotional expression of text: e.g.,
joy, anger, sadness, fear, surprise, disgust, or continuous dimensions (valence, arousal,
dominance) [59]. Affect ambiguity and co-occurrence (mixed emotions), Cultural
diversity in emotion expression, Class imbalance (joy prevails in many corpora), Fine-
grained emotions (fear and anxiety) distinction.

Table 3.

Major Datasets for Emotion Recognition
Dataset Size Emotions Domain Ref
ISEAR ~7,600 7 basic Surveys [60]
GoEmotions 58,000 27 fine- Reddit [61]

grained

SemEval-2018 Task 1 ~10,000 11 emotions Twitter [62]
DailyDialog 13,000 7 basic Dialog [63]
MELD 13,000 7 basic Multimodal [64]

v

Overall, sentiment analysis is done in two types of techniques. One of them is machine
learning-based methods and the other is lexicon-based methods [65]. The latter is
disadvantaged by the fact that machine learning-based methods have a high
reputation in academia and in the industrial world because their performance is often
better as compared to the former. Deep learning is a form of machine learning
algorithm and it has been successful due to the increased capabilities of chip
processors, reduced hardware prices and it has also led to the improvement of
machine learning algorithms [66].

m_—m
v= ()
" Eq (9)

Precise sentiment analysis in e-commerce, multiple research works suggest new
machine learning methods or enhance the current algorithms, suggesting to report a
greater degree of accuracy because of the application of potent algorithms to the
feature extraction [67] or classifier design [68].

6\; = mx(ﬁra ﬂgﬁbs )a 63\; = mn(ﬂra ﬂgﬁbs) Eq (10)
These problems are important research challenges that can be used in the further
development of the field. The rest of this survey is structured in the following manner:
Section 2 formalizes foundations and definitions of subjectivity and explainability,
defining the major concepts and terms. Section 3 outlines our survey methodology
and literature search strategy as well as the taxonomy formation process. Section 4
shows the single taxonomy of subjective tasks, which includes sentiment, emotion,
sarcasm, humor, stance, metaphor, intfent, and aesthetics. Section 5 reviews
algorithms and models from classical ML through transformers/LLMs, analyzing the
evolution of approaches and their implications for explainability. Section 6 includes
datasets and benchmarks on tasks, which is a comprehensive contribution to
researchers. Section 7 details explainability and rationalization techniques, evaluation
frameworks, and integration with modern architectures. Section 8 offers a



The Asian Bulletin of Big Data Management 5(4),259-291
comparative integration of tasks, models, as well as methods of explanation. Section
9. The issues and unresolved problems of the subjective NLP and explainability are
discussed here. Section 10 describes the future research directions and Section 11 the
final section of the survey, is the conclusions and recommendations.

LITERATURE REVIEW

Foundations of Subjective and Explainable NLP

The term subjectivity in natural language is used to describe the articulation of
individual views, judgments, beliefs, feelings or feelings of affection as opposed to
objective and verifiable facts. According to linguistic research, subjectivity can be
defined as the encoding of personal stance, which is expressed by opinion adjectives,
intensifiers, first-person references, hedges, or modality cues [69].

Computationally, subjectivity classification draws the line between those sentences
that have an opinion, sentiment, or emotion and those that are factual. Subjective
language, which uses subjective language, is cognitively based on the internal state
or purpose of a speaker, and is based on Theory of Mind reasoning and pragmatic
inference. Such language may only be comprehended in terms of context and
culture since the text of such language is never understood literally, as, e.g., sarcasm
(Great, another meeting! meaning frustration) and metaphor (Time is money meaning
abstract relationships) can be understood in terms of their literal meaning and
infended meaning, respectively [70].

RO = D" FI@) * 14+ [7, % 7]
i—1 i ih h i—1 Eq (11)
The first computational methods of subjectivity were lexicon-based (e.g., MPQA,
SentiWordNet) and rule-of-thumb-based methods to detect opinionated language
[71]. Subsequent neural and transformer architectures were able to pick up finer
contextual details in learned representations, allowing implicit sentiment and
figurative language to be done in a better way [72, 73].

~ N2
X% -T)
Y (f — )2

NLP Explainability and Rationalization

RZ=1 Eq (12)

Explainability aims to render model predictions clear and understandable to allow
users to know how decisions were made [74, 75]. Due to the high performance of
deep models as well as transformer-based models, which are black-box.

1 n A2
RMSE = f—z (v, - 1) Eq (13)
n i=1

LIME (Local Interpretable Model-agnostic Explanations) [76] generates local linear
model approximations around particular model predictions. Infegrated Gradients [77]
predicts the score of an attribute using the integration of the gradient on the input
features. SHAP (Shapley Additive exPlanations) [78] Shapley values, which are
computed using the game-theoretic model, are used to assign importance to
features. Such techniques emphasize influential input tokens, but demand technical
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skills and do not tend to be naturally language justified. Rationalization is a way to fill
these holes through the generation of human-readable textual explanations [79]. Two
major forms are identified. Chooses the least, adequate input spans
(words/sentences) to make a prediction. The rationale is a part of the original input
text that is used to justify the decision of the model. Attention-based selection based
on learned attention weights, learning by reinforcement to determine informative
spans, and Differentiable sampling with hard selection.

TDI = \/(AC)? + (A0)? Eq (14)

Abstractive Rationalization and Stance Detection

Produces free textual explanations of the reasoning. The strategy involves the
application of sequence-to-sequence models or the LLM decoders to generate new
explanations that are not limited to the input text. Examples include: Explanations in
e-SNLI using natural languages [80], Chain-of-thought reasoning in LLMs [81],
Predictions are generated with justifications [82]. The modern versions of LLMs support
both types due to the natural-language generation features, and they can be asked
to explain step-by-step [6][134]. Rationalization offers the local explanations to
individual predictions and is complementary to the traditional feature-attribution
approaches since it can disclose the linguistic evidence that leads to a model output
[83, 84].

TP * TN — FP * FN)

MCC = J((TP + FP) = (TP + FN) * (TN + FP) * (TN + FN)) Eq (15)
Table 4.
Major Datasets for Sarcasm Detection
Dataset Size Modality Domain Reference
SARC (Reddit) 1.3M Text Social media [85]
Sarcasm Detection  1yitter Sarcasm ~100k  Text Twitter [86]
iSarcasmEval 2022 ~5,000 Text Twitter/Reddit [87]
MUSTARD 690 Multimodal TV shows [88]
MUSTARD++ 345 Multimodal TV shows [89]
Pun of the Day ~2,400 Puns Various [90]
Humicroedit ~15,000  Micro-edits News headlines [91]
Humor Defection  semEval-2021 Task 7 ~10,000  Rating & binary  Reddit/Twitter  [92]
Short Jokes Dataset  ~200,000 Short jokes Reddit [93]
Pun of the Day ~2,400 Puns Various [94]

Contrast words, punctuation (), sentiment flip detection & Neural: BiLSTM/CNN with
attention to context [95], Transformers: ROBERTa with discourse context [96],
Multimodal: Audio-visual cues combined with text, LLMs: Few-shot prompting with
explanation generation [97, 98] Determining the presence of humor, wit or comedic
intent in text [99, 100]. Humor often involves discrepancy, surprise, pun or contextual
reversal. Very subjective (different people have different preferences), Cultural
peculiarity (jokes do not) never translate), Type of humor (puns, satire, dark humor),
and Scarcity of fraining data. The identification of whether text is favorable,
unfavorable or neutral in its position concerning a. specific target, issue, or claim [101,
102]. As opposed to sentiment, stance is target-dependent. The Major Problems are
Target identification and disambiguation, Implicit stance (no explicit opinion words),
multi-target situations, Fact-checking and rumor detection applications.
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Y(t) = wlt, * h(1)]

Eq (16)
Stance and Metaphor Recognition

Target-based feature engineering & Neural: Attention mechanisms between text and
target [103], Transformers: BERT, it has target encoding [104], LLMs: Instruction target
mention on tuned models [105, 106]. Finding figurative expressions where a word or
phrase is applied symbolically instead of. Literally [107, 108]. Example: her voice is
music to my ears. The voice is analogized to music. The Key Challenges are Traditional
and novel metaphors, Cross-domain mappings (abstract « concrete), differentiating
literal and figurative usage, Limited annotated corpus

@ = Ey * L —Or
1+ e £ Eq (17)
Table 5.
Major Datasets for Stance Detection
Dataset Size Targets Domain Reference
Stance SemEval-2016 Task ~4,000 6 topics Twitter [107]
Detection 6
RumourEval ~8,000 Rumor threads  Twitter [108]
2017/2019
FakeNewsNet ~20,000 News arficles News/social [109]
VU Amsterdam  ~200,000 All-POS Twitter [110]
Metaphor Corpus  tokens
Metaphor MOH-X ~15,000 Verb Twitter [111]
Recognition metaphors
TroFi ~3,700 Verb usage Twitter [112]

Relationship Between Subjectivity, Sentiment, and Explainability

Subjectivity, sentiment, and explainability are related, with subjectivity being the least
explainable or the most imprecise, and sentiment the most imprecise and
explainable, which is understandable. The relationship between subjectivity,
sentiment, and explainability is, loosely, as follows: the less explainable, the more
imprecise the subjectivity, and the more imprecise yet explainable, sentiment. The
intersection between subjectivity and explainability lies in both focusing on
interpretation [113, 114]. The underlying subjective task sentiment analysis originally
relied on decipherable lexicons and feature weights that revealed decision logic [115,
116]. The Bag-of-words and TF-IDF representations enabled practitioners to view the
words that were associated with positive or negative labels, which inherently gave
transparency [117, 118]. With the increase in the complexity of architectures (CNNs,
LSTMs, transformers), interpretability decreased since features were now latent and
spread across high-dimensional representations [119, 120]. This obscurity spurred
rationalization and attention-visualization techniques in order to regain transparency
[121, 122]. Explainability gives subjective NLP two important enhancements:

Clarifying ambiguity

Differentiating between sarcasm and actual praise, detecting emotion stimuli, or
disclosing metaphorical mappings by referring to contextual clues [123, 124]. By
enabling users to check the validity of textual evidence in supporting model
predictions, especially in affective computing systems used in mental health,
customer service, and content moderation, this can be encouraged [125, 126].
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Therefore, rationalization is not merely peripheral but infegral to modeling human-like
subjectivity [127].

Deep learning for sentiment analysis

Deep learning or deep neural networks (DNNs) is a sub-field of machine learning
algorithms that has been broadly used in classic areas of artificial inteligence,
including computer vision [128], speech recognition and natural language processing
[129]. Deep learning can reach the state of the art when applied to sentiment
analysis, which is also one of the most popular issues in NLP, since it can learn
representations of data with many layers of abstraction by using computational
models made of many processing layers [130].

5y =604 24 PP o — g

Eq (18)

Due to this, sentiment analysis is increasingly being conducted by researchers using
deep learning methods. Different network architectures that are effective in deep
learning are the convolutional neural network (CNN), recurrent neural network (RNN),
recursive neural network (RNN), deep belief network (DBN), among others. As a rule,
the existing study on the topic takes two directions. Other studies focus on the
construction of powerful network structures based on simple deep learning models to
address various problems in sentiment analysis tasks [131], whereas others tend to
make comparative analyses of the various basic deep neural networks on a given
task to offer practical advice in the choice of deep learning models [132, 133]. This
section briefly outlines some of the representative research methodologies on
sentiment analysis with the use of deep learning methods. The dynamic convolutional
neural network (DCNN) is a CNN network that is used to semantically model a
sentence in when it comes to the task of sentiment analysis. The network considers the
input sentences of different lengths and explicitly captures word relations of different
sizes by constructing a feature graph on the sentence. It also happened that the
network is very efficient in a range of sentiment analysis tasks. In [134] suggested three
different information sharing architectures were suggested with the RNN architecture
i.e., uniform-layer architecture, coupled-layer architecture, and shared-layer
architecture.

m,.—m
5= ()
n Eq (19)

They incorporated an RNN within a multi-learning framework to project arbitrary text
directly to semantic representations in the form of vectors with task-specific and
shared layers and they have shown that their models may be used to boost the
performance of a classification task in the presence of other related tasks. To enable
the possibility of the capacity of a hierarchical representation, [135] proposed a deep
recursive neural network (deep RNN) using a stack of recursive layers. They evaluated
the network through the fine-grained sentiment classification and the outcome
revealed that their method did better than earlier baselines in the sentiment analysis
task. The semi-supervised recursive autoencoders (RAE) in [136] learns to learn the
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representations of the multi-word phrases in the form of vectors. The model is able to
perform sentiment prediction tasks better than other state-of-the-art algorithms, and
predict sentence-level sentiment distribution better than a number of baselines. [137]
infroduced a VBN framework of learning word dependencies in text, which has a
constant number of variables. They trained dynamic Gaussian Bayesian networks to
get the starting weights of the neurons in the hidden layer, and trained the time-
delayed network in a deep DBN network.

Reviews

lStored form

Sentiment identification

Opinions word
or phrases

Feature selection

Extract relevant
features

Sentiment classification

I

Sentiment dimension

Figure 2.
Generadlize Process of sentiment analysis Approach [138]

5v = mx(ﬁra ﬂgﬂbs )a 5sv = mn(ﬂra ﬂgﬁba) Eq (20)
The experimental findings showed that VBN can make more than 30% improvement
over state-of-the-art baselines. Studied four dissimilar kinds of features, which are
linguistic category characteristics, review metadata, readability and subjectivity,
which lead to the quality of online reviews, and suggested a new predictive model of
review helpfulness by utilizing them. The prediction model was created using three
machine learning algorithms (Naive Bayes, Support Vector Machine and random
forest). It was discovered that the proposed model was able to provide a predictive
precision of more than 77 percent on actual review data, and a blend of attributes
gives the best predictive score. It was also clear that these aspects might be powerful
predictors of the quality of the review. The reviewer-related characteristics of reviews
are also examined in other studies to compare the usefulness of reviews [139].
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n

R =D, FI(D * 7+ [5, x 7] e 21)
Examined not only a quantitative aspect (i.e., message length) but also qualitative
aspects (e.g., reviewer experience, reviewer impact, product rating) with their
influence on the helpfulness of the review. To test their hypotheses, a Tobit regression
of review data was run on the data of Amazon.com. They confirmed that the word
count is a significant predictor of the helpfulness [140, 141], however, they observed
that the positive influence of the word count on the helpfulness might decrease
considerably or even reverse at some point when the word count surpasses some
threshold. In particular, their empirical findings showed that the threshold may be as
small as 144 words. As to the qualitative factors, the experience of the reviewer and
the influence of the reviewer were reported to have no significance on the predictors
of helpfulness, but the review framing was proven to be effective and confributed to
the online review helpfulness, as the research conducted by [142].

Y(t) = wlty, = h(1)] Eq (22)

The work by [143] was different compared to other studies that applied the signaling
theory in order to create an advanced model of the investigation of the variables that
impact the quality and usefulness of the review. Regarding the theoretical
backgrounds of signaling theory, they singled out two classes of signals, namely,
content-related signals of reviews (particular content and writing styles) and reviewer-
related signals (reviewer knowledge and non-anonymity), to attempt to model
interrelations between them and the review helpfulness. Using the proposed model,
the analysis of the Tobit regression revealed that the drivers of the higher quality review
were a greater number of signals linked to the quality of the product, a greater
signaled strength of the sentiment polarity in the reviews, a lesser level of signaled
uncertainty and a greater level of signaled expertise which could better explain the
helpfulness of the reviews and provide more accurate predictions on most helpful
reviews than the outcomes of the prior review predictions [144, 145].

1
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Eq (23)

They identified the nature of features of a review that might result in a high-quality or
most useful review. Their input on the matter is highly informative and descriptive to
ourresearchin selecting textual qualities of reviews to gauge the quality of the reviews
and in studying their effect on the performance of sentiment classification.

METHODOLOGY

The literature search and selection were done by searching high-quality research
papers from journals like IEEE Access, Frontiers in Artificial Inteligence, Applied
Sciences, MDPI, Springer and arXiv preprint awaiting publication. The present survey is
a synthesis of the results of four high-quality and extensive surveys that have been
published since 2023-2025: A total of 150 references are quoted in these four sources,
which represent a comprehensive overview of the discipline, including the beginnings
and the latest advancements in the field.
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Data Extraction and Taxonomy Formulation

This section will extract the necessary data and formulate the taxonomy. The
information that we obtained in each source was the following:

a. Task definition and scope: Subjective language understanding.

b. Classical ML to LLM model architectures and algorithm:s.

C. Big datasets and benchmarks containing size, domain and task information.
d. Rationalization-based explainability techniques.

€. Measurements and strategies of prediction and explanation quality.

f. Problems and restrictions in tasks and approaches are reported.

g. Future research directions as identified by the domain experts.

Quality Evaluation and Integration

Each of the four source surveys has gone through peer review and publication in a
reputable source (Applied Sciences, IEEE Access, Frontiers in Artificial Intelligence,
arXiv preprint awaiting publication). We ensured that our findings were consistent with
others conducted in the surveys, and where different authors concluded the same
way and different ways. Tracing all claims to cited sources, Comprehensiveness: The
coverage of tasks, models, and methods of evaluation, Recency: Including latest LLM
developments through 2025, Practical utility: Emphasizing datasets, benchmarks, and
evaluation methods.

The approach proposed is concerned with the application of the enhanced feature-
based sentiment analysis (FSA) to classify the reviews according to their features and
provide the correct sentiment score to each feature of the reviews. The key input in
the proposed method is to develop an improved feature-based sentiment analysis,
which can primarily identify the spam reviews using a mixture of various properties
obtained on the review itself. These are content properties, POS properties, sentiment
properties and improved bag of words properties. Not just that, the method can also
provide the correct sentiment scores on the features, owing to the ability to deal with
negation and identify emoticons. The suggested solution consists of five major
modules, i.e., (a) preprocessing, (b) features and sentiment terms extraction, (c)
features sentiment scores, (d) spam reviews and (e) polarity. The overview of the
proposed approach is in Figure 2.

Proposed Approach

.
Inflf =5 oalnWT x 4 b, = Zi max(aW? )+ g, Eq (24)

+
Infli =X, amWT x + b= X5, max(aW?! )+ €,
Eq (25)

The proposed solution functions in the following way: First, every review of the dataset
is subjected to preprocessing. These preprocessed reviews are then transformed into
features, opinion words and emoticons. Then, the polarity of each of the obtained
opinion words is determined and processed by negation handling process.
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The polarity of each of the extracted emoticons is then determined and subsequently
senfiment score of each of the extracted features is obtained. This is then followed by
a spam review detection strategy of filtering spam reviews. Lastly, every honest review
is categorized as either negative or positive. In determining spam reviews, the
property processing sub-module is used to find the properties that must be extracted
from each review. The accuracy of the spam reviews detection module depends on
the choice of the right set of properties. Various kinds of properties might be identified
within the text of the reviews. This sub-module proposes various kinds of properties,
which greatly influence the performance of the spam reviews detection module, to
be identified in the text of the reviews.
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Figure 4.

Approach used for Review detection

The recommended properties are: sentiment properties and enhanced bag of words
properties. This is on top of the most popular group of properties: content properties
and POS properties. The content properties are properties that are based on the fext
of the review and the properties are divided info two sub-properties, namely number
of words and number of unique words. The POS properties refer to a bunch of
properties that hinge upon the frequency of POS tags within the text of the review and
are made up of one subproperty, namely, number of pronouns, which is further
divided info two additional subproperties, namely, number of verbs and number of
adjectives. Sentiment properties. An assortment of properties that relies on the
previously determined sentiment scores of features, upon neglecting negation
management and emoticon identification These properties are further subdivided
into two sub-properties, namely the number of positive features in a review and the
number of negative features in areview. Negation handling and emoticons detection
influence these sentiment properties in a positive manner. These properties, based on
this, are thus seen as being part of the key contribution in this proposed method since
they greatly influence the classification of the review as either spam or truthful.
Enhanced bag of words properties a collection of properties which are anchored on
the common words in fruthful reviews text and the common words in spam reviews
text and the frequency of the common words in both texts in each review.
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TAXONOMY OF SUBJECTIVE NLP TASKS

We present a unified faxonomy of eight core subjective tasks, each characterized by
its definition, key challenges, and representative datasets.

Sentiment Analysis

Definition: The process of identifying and categorizing opinions or attitudes expressed
in text toward an entity, product, or event. Sentiment is typically represented as
polarity (positive, negative, neutral), though modern research expands to intensity
scoring and aspect-based analysis. Context-dependent polarity (-not bad) is
positive despite negation), Domain adaptation (movie reviews # , product
reviews # tweets), Aspect-level granularity (two or more aspects
with<|human | >adaptation (movie reviews # , product reviews # tweets),
Aspect-level granularity (two more aspects with heterogeneous feelings),
Detection of sarcasm and irony.

Modeling Evolution

Classical ML Lexicons and NB/SVM/LR achieve 80-85% accuracy on balanced
datasets, Deep Learning, CNN/LSTM/BILSTM with 85-92% accuracy, Transformers:
BERT/ROBERTa achieves 92-96% accuracy, LLMs, GPT-3/Lliama with 85-95% zero-shof,
and 90-97% with few-shot. Classical: Emotion lexicons (NRC, Emolex) and ML
classifiers, Deep Learning: BIiLSTM with attention to context, Transformers: BERT fine-
tuned on emotion corpora, LLMs: GPT-3/4 with emotion-labeled prompts.

Theoretical Frameworks and Sarcasm Detection

Ekman’s basic emotions, joy, sadness, anger, fear, surprise, disgust, Dimensional
models: valence-arousal-dominance space, Appraisal theory: cognitive evaluation
of events. While it is important to determine whether an utterance is ironic or
confradictory, the term here is used to refer to an utterance in which the meaning is
both ironic and confradictory, literal interpretation is not the intended message.
Reliance on context (must have background knowledge), An absence of overt cues
in text-only data, Cultural and individual difference, Dataset quality (hashtag-based
labels are noisy)

MAJOR DATASETS

Detection Methods

Semantic violation of selection preference, conceptual metaphor theory, Word
embeddings represent abstract-concrete mappings, Neural:  BiLSTM  using
contextualized representation and Transformers: BERT learns metaphorical patterns of
use. Understanding the goal/purpose of communication which was behind the
utterance of a user. Examples: Book me a flight to Toronto is an expressive of an intent
to book a flight. Fine-grained intent taxonomies (100 more intents in banking/retail),
Out-of-scope. utterance handling, Domain adaptation, and Multiingual intent
classification.
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Dataset Training and Testing Approach

Table 6.

Major Datasets for Intent Detection
Dataset Size # Intents Domain Reference
ATIS ~5,900 26 Airline booking [147]
SNIPS ~14,000 7 Voice assistants [148]
BANKING77 ~13,000 77 Banking [149]
CLINC150 ~23,000 150 Multi-domain [150]

Aesthetics Assessment and Evaluation Dimensions

Definition: Evaluating the perceived quality, creativity, or beauty of text, whether of
literary style, poetic appeal, or narrative coherence. High subjectivity (there is no
ground truth), Multi-dimensional quality (creativity, coherence, imagery), small-scale
annotated data, and Cultural and individual inclinations. Linguistic inventiveness and
innovation, Coherence and narrative structure, Imagery and figurative language,
Emotional impact.

Table 7.

Major Datasets for Aesthetics Assessment
Dataset Size Aspect Reference
Poetry Foundation ~1,000 Creativity/imagery [151]
Writing Prompts ~300,000 Story quality [152]
ROCStories 50,000 Narrative coherence [152]
Story Cloze Test 3.744 Coherence [153]

ALGORITHMS AND MODELS

In this survey, we trace the history of paradigms of subjective NLP models and discuss
their implications in regard to explainability.

Traditional Machine Learning Classifiers:

Tokenization & normalization includes Lowercasing, punctuation and stop-word
filtering, Lexical: TF-IDF, n-grams (unigrams, bigrams, frigrams), Sentiment: MPQA,
SentiWordNet, AFINN, NRC Emotion Lexicon, Linguistic: POS tags, dependency
relations, negation processing Naive Bayes Probabilistic, fast, interpretable, feature
independence, Support Vector Machines Kernel methods for non-linear boundaries;
strong baselines, Logistic Regression [154] Linear model with probability outputs;
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interpretable coefficients, Performance: Accuracy on sentiment analysis benchmarks
75-85%, Explainability: Have a higher fransparency by feature weights and lexicon
scores [155]. Manual feature engineering work, Low generalization between domains,
does not process figurative language and context well.
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Figure 6.

Different ML approaches for sentiment analysis

The three additional sub classifications of machine learning included supervised,
unsupervised and semi-supervised methods as the methods in which various learning
classifiers were employed to train the dataset e.g., Decision Tree, Support Vector
Machine, Neural Networks, Naive Bayes and Maximum Entropy. These were the



The Asian Bulletin of Big Data Management 5(4),259-291
classifiers that were applied under the shadow of supervised approaches.
Probabilistic methods and rough sets were applied on the unsupervised methods and
co-fraining or wrapper on the semi-supervised methods. Lexicon methods further
separated into two of which are dictionary and corpus based methods. Dictionary is
a collection of words where each word retain dimensions such as positive, negative
or can be neutral or can be created by own purpose/ event/ product/ service/
software/ field or can be made use of baseline dictionaries. Similar to the dictionary-
based approach, the corpus-based approach applied to a large or big quantity of
textual information, because of this factor, this method maintains a keep rate of an
utterance of sentiments with possibility in the form of combination. Authors attempt to
bring out the different approaches in Fig. 11 using the assistance of many researchers.
These researchers pose their sentiment to be in five distinct key levels in an analysis
form of document, sentence, aspect, cross domain and multi lingual sentiment.

As a result, the sentiment analysis levels were further split into sub level methods that
are applied to extract the senfiments of the various kinds of data. There were five
broad sentimental analysis levels which were further subclassified as supervised,
unsupervised, semi-supervised, probabilistic, lexicon and adaptive based learning,
parallel arrangement and machine franslation. In  other cases, sentiment
categorization studies the dimension of a sentence the same as the dimensions of
words and the same is also known as dimension examination. This mode of analysis
has been running on reviews, forums, blogs, news articles and micro blogs due to the
limitation in 140 words in micro blogs; it cannot inhabit sentences, therefore the
limitation in the number of words lets it handle merely playing around with
abbreviations amidst the cacophonic information. Data of micro blogs applied in
many applications and the dimensions were used with sentiment classification.

DEEP NEURAL MODELS

Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs):

Filters capture local n-gram patterns, Dimensionality reduction via max-pooling, Can
be used to classify sentences at the sentence level, and CNN (2014) by Kim: Simple
and effective baseline [156]. LSTM Long Short-Term Memory, GRU Gated Recurrent
Units, less complex than LSTM, BIiLSTM Bidirectional processing of the whole context
[157].

Hybrid Models

CNN-LSTM: Local patterns and sequential modeling, Attention mechanisms: State-of-
the-art pre-tfransformer, BiLSTM-Attention: State-of-the-art pre-transformer. Word2Vec
CBOW and Skip-gram distributional semantics, GloVe: World vectors based on co-
occurrence statistics, FastText: Sub-word embeddings based on morphology. Ranges
between 85 to 92% for sentiment analysis; which is massive improvement over classical
ML. Smaller than classical ML; attention weights give partial interpretability. Sequential
processing (slow on long texts), Difficulty capturing long-range dependencies, and
Less interpretable than feature-based methods

Self-Attention Revolution Sequence parallel processing, Multi-head attention to
represent many different features, Positional encodings of the order of a sequence,
and Scaled dot-product attention mechanism.

Table 8.
BERT Family with its Major Innovation and Parameters
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Model Parameters Key Innovation Reference
BERT-base 110M Bidirectional MLM + NSP [157]
BERT-large 340M Larger capacity [158]
RoOBERTa 355M Optimized training [159]
DistilBERT 66M Knowledge distillation [160]
ALBERT 12M-235M Parameter sharing [161]
ELECTRA 110M Discriminative pretraining [162]
DeBERTa 1.5B Disentangled attention [163]

Pretraining: Pretraining Masked Language Modeling (MLM) on large corpora, and
Fine-tuning: Heads on fine-tuning classification. T5 (Text-to-Text Transfer Transformer):
Universal text-to-text structure, and BART: Denoising autoencoder generation. 20-96
percent of sentiment analysis; new state-of-the-art among subjective tasks. Attention
visualization, Probing classifiers for linguistic knowledge, Layer-wise analysis of
representations, still requires post-noc interpretation methods [164].

Large Language Models: Zero/Few-Shot Subjectivity
GPT Family (Decoder-only)

Table 9.

Open Ai's GPT version along with its training data and parameters
Model Parameters Training Data Context Reference
GPT 117M BooksCorpus 512 [164]
GPT-2 1.5B WebText 1,024 [165]
GPT-3 175B Common Crawl + curated 2,048 [166]
GPT-4 Unknown (>1T est.) Multimodal 32k/128k [167]

Open-Source LLMs Llama (7B-65B): Efficient open foundation models, Liama 2 (7B-
70B): Chat tuned models are improved, PaLM (540B): Pathways Language Model, and
Falcon, MPT, Mistral: Community alternatives. Explaining reasoning

Table 10.
Major Sentiment Analysis Benchmarks [168]
Dataset Size Domain Classes Language Annotation
IMDb 50,000 Movie reviews Binary English User ratings
Sentimentl4  1.6M Twitter Binary English Emoticon-based
0
Twitter US 14,640 Customer 3-class English Crowdsourced
Airline service
SemEval- ~50,00  Twitter Multi- English/Arabi  Expert
2017 Task 4 0 subtask c
Amazon 142M E-commerce 5-star English User ratings
Reviews
Yelp Reviews 1.6M+ Business/restaur  5-star English User ratings
ant
SST 11,855  Movie reviews 5- English Expert
(Stanford) class/binary
Table 11.
Emotion Recognition Benchmarks [169]
Dataset Size # Emotions Domain Modality Classes
ISEAR 7,666 7 basic Survey responses  Text Binary
GoEmotions 58,000 27 fine-grained Reddit Text Binary
comments
SemEval-2018 Task ~10,000 11 emotions Twitter Text 3-class
1
DailyDialog 13,118 7 basic Conversations Text Multi-subtask
MELD 13,000 7 basic TV dialogues Multimodal  5-star
EmoBank 10,000 VAD Various Text 5-star

dimensions
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Emotion Taxonomies

Basic emotions: joy, sadness, anger, fear, surprise, disgust, neutral Fine-grained:
admiration, amusement, anger, annoyance, approval, caring, confusion, curiosity,
desire, disappointment, disapproval, disgust, embarrassment, excitement, fear,
gratitude, grief, joy, love, nervousness, optimism, pride, realization, relief, remorse,
sadness, surprise, neutral, Valence (positive-negative), Arousal (activated-
deactivated), Dominance (controlled-in-control)

Table 12.
Exiractive Rationalization Evaluation Metrics
Metric Definition Measures
Token F1 Overlap with human rationales Plausibility
IOU (Intersection over Union) Span overlap measure Plausibility
Comprehensiveness Prediction change when removing Fidelity
rationale (sufficiency)
Sufficiency Prediction maintained with rationale only Fidelity
Aopc (Area over Perturbation Curve) Cumulative prediction degradation Fidelity
Table 13.
Abstractive Rationalization Evaluation
Metric Definition Measures
BLEU/ROUGE N-gram overlap with gold explanations Surface similarity
BERTScore Semantic similarity using embeddings Semantic quality
Human rating Expert judgment of quality Plausibility
Faithfulness score Explanation aligns with model internals Fidelity
Simulation consistency Humans predict label from explanation Comprehensibility
Table 14.
Rationalization Benchmark Datasets
Dataset Task Size Rationale Type
e-SNLI NLI 570k Abstractive
ERASER Multi-task ~175k Extractive
CoS-E Commonsense QA 10k Abstractive
FEVER Fact verification 185k Extractive (evidence)
MuItiRC Reading comp. 10k Extractive
Movie Reviews Sentiment 2k Extractive
BeerAdvocate Aspect sentiment 1.5k Extractive

Challenges in Rationalization

No consensus on best evaluation protocol, and Fidelity and plausibility sometimes
conflict, Human evaluation expensive and variable. Models may rely on dataset
artifacts, Rationales highlight spurious features (e.g., negation words for positive class),
and Adversarial robustness of explanations. Attribution methods require many forward
passes, LLM explanation generation adds latency, Trade-off between explanation
quality and efficiency. Audio-visual-text integration for sarcasm/humor, How to
generate unified multimodal explanations?, Limited benchmarks and methods

COMPARATIVE ANALYSIS AND INTEGRATION

Cross-Task Patterns and Explainability Trade-offs Across Model Families

Analyzing performance across the eight subjective tasks reveals consistent patterns

Table 15.
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Model Performance Summary Across Tasks

Deep LLMs (Zero- LLMs (Few-
Task Classical ML Learning Transformers  shot) shot)
Senfiment Analysis 75-85% 85-92% 92-96% 85-95% 90-97%
Emotion Recognition 70-80% 80-88% 88-93% 70-85% 80-90%
Sarcasm Detection 60-70% 70-80% 80-88% 60-75% 70-82%
Humor Detection 55-65% 65-75% 75-85% 65-80% 72-85%
Stance Detection 65-75% 75-83% 83-90% 75-88% 82-92%
Metaphor 60-72% 72-82% 82-90% 70-85% 78-90%
Recognition
Intent Detection 80-88% 88-93% 93-97% 80-92% 88-95%
Aesthetics Assessment  50-60% 60-70% 70-82% 65-78% 70-83%
Table 16.
Explainability Characteristics by Model Family

Inherent Post-hoc Rationalization
Model Family Accuracy Interpretability Explainability Support
Classical ML Low- High (feature weights)  Low need Lexicon-based

Medium
Deep Neural Medium Low (hidden states) Medium (attention) Attention-based
Transformers ~ High Low (distributed) Medium (aftribution) Extractive modules
LLMs High Very Low (scale) High (generation) Abstractive
prompfing
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Accuracy and Readability for Different Models (ARI) (b) Accuracy and Readability for
Different Models (CLI)

CONCLUSION

The articles considered in this paper are categorized into six broad areas of the
sentiments that include, analysis, classification, feature selection, emotion detection
and transfer learning and building resources. The identified division assists the review
on sentiment analysis o receive the aspects such as in how problems should be
addressed, datasets and methods/structures/techniques use, feature selection,
approaches, empirical tests, results and explore the prospect enrichment. The
datasets, properties and preprocessing steps of the same are addressed in various
articles. These datasets have been utilized to increase the performance of empirical
tests. The degrees of sentiments namely document, sentence, aspect, cross domain
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and multi lingual etc are pointed out. The publicly available datasets, as well as toolkits
that are helpful in various lexicon and corpus based methods, are also detailed on
the other hand, this study is experiencing some significant community medium
confrols and test examination parameters that are generally utilized under
examination and classification with good influence. Typically, there are four major
categories of approaches that include supervised, unsupervised, semi supervised and
hybrid. The approaches, levels, datasets and toolkits available, the properties, the
conftrols of the sources of communication and mediums of the community and test
evaluation parameters make the major part of this systematic research. Thus, in the
case of sentiment classification area, newcomers will find this paper handy. In the
end, the way to go is self-explanatory NLP systems that will bring together subjective
and these systems should:

1. Accurately predict on various subjective tasks

2 Explain transparently using natural language rationales

3. Verify faithfully through causal intervention tests

4 Serve equitably across languages, cultures, and demographics
5. Deploy sustainably with manageable computational costs

Integration of LLM abilities, rationalization and strict assessment standards sets the field
to achieve such a vision. Future research should give more importance to
standardized benchmarks, causal explainability, multimodal reasoning, and human.
Feedback, multiculturalism, computational performance, and ethics governance. By
infegrating subjective language understanding with explainability, we enable
machines not only to predict what humans feel or intend but also to explain why.
Transparently, responsibly, and across cultures. This single framework drives forward
science. Knowledge and skills in the practical implementation of NLP systems, which
can be used by human beings to serve their needs. Creditworthiness and
responsibility. The contemporary healthcare system produces enormous amounts of
data from various sources. They are electronic health records (EHRs), medical imaging
systems, lab results, wearable health monitors, mobile health apps, insurance claims
and, most recently, genomics data.

It is this heterogeneous combination of structured and unstructured data, which
encompasses the patient demographics and diagnostic codes, but goes all the way
up to the continuous biometric streams to what is known as big data in healthcare.
Big data presents radical possibilities in medicine. It allows making diagnoses more
accurately, supporting predictive analytics, providing patients with an opportunity to
detect diseases at an early stage, managing the health of the population, and
improving clinical decision-making. Nevertheless, storing and controlling such large
volumes of sensitive data is extremely demanding in terms of technical and ethical
factors. The healthcare system's big data lifecycle can be generally broken down into
five steps that are essentfial: data collection, storage, analysis, utilization, and
destruction. There are vulnerabilities presented by each stage. As an example, when
collecting data, the data sent by loT-based devices, such as fitness trackers or smart
medical sensors, may be compromised because of the insecure fransmission
protocols. As soon as they have been gathered, the information is stored in centralized
or cloud-based repositories that are frequently targeted by cybercriminals because
of the high price of medical records.
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