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The customer sentiments are extremely significant to a business, where
as positive or negative feedback may influence the sales and uptake
of the product in the market and ultimately justify the success of the
product in the market. The monthly active users of the major social
media sites like Facebook are 2.32 bilion monthly active users (MAU)
and Twitter 126 million; therefore, the market in learning about the
customer mood using social media may be a game changer to a
company and may be instrumental in determining the success of the
company in the future. Failure to capture the emotions of the users
properly may translate to disastrous product failure and loss of the
company's reputation of the company. The current systems entail a lot
of manual processes like customer surveys, compiling the sentiments
and creating Excel reports that are not quite interactive and take a
significant amount of time to compile the findings. This research
addresses the critical need within the telecom industry for a scalable
and real-time framework that classifies customer feedback sentiment
in order to help improve service quality and reduce churn. The analysis
of hundreds of thousands of unstructured customer reviews collected
via Web forms using tools such as Oracle APEX is performed inefficiently
using traditional methods. The core challenge is the seamless

infegration of powerful ML models developed in scalable
environments-Databricks-with  an  existing transactional Oracle
Database 19c  infrastructure, without compromising  system

performance or security. The article explore an Al Assisted Customer
Aware Analysis to improve User experience based on Natural
Language Processing (NLP), Databricks, and Oracle APEX in depth for
this a new Sentiment Aware Framework is proposed and will be
developed to address this integration gap. The framework design
involves using Databricks Machine Learning tools in creating and
deploying accurate sentiment models based on classical supervised
learning algorithms Naive Bayes (NB) & Support Vector Machines
(SVM). The integration work is facilitated by using Oracle REST Data
Services (ORDS), which acfts as a bridge in handling the customer query
submission in real time from the APEX front end to the Databricks ML
service, in addition to sentiments to be acted upon. The main
contribution of this research is to validate this hybrid, real-time MLOps
pipeline in an enterprise environment. This framework provides a
concrete roadmap for telecom operators to automate customer
feedback classification into positive, negative, or neutral. Quantitative
testing proves that the integrated system achieves high accuracy of
classification with the required ultra-low latency to support immediate
business decisions.

Keywords: Sentiment analysis, emotion recognition, sarcasm detection, explainable NLP, rationalization,
transformers, and large language models, BERT, GPT, text classification.
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INTRODUCTION

The modern telecom industry is confronted with aggressive competition, an
expanding internet infrastructure, and a diverse customer base. In this dynamic
environment, a crucial element for the improvement of service quality, while
maintaining customer satisfaction by strategically minimizing customer churn, involves
understanding customer sentiment. It is often a yardstick for measuring efficiency
when a service provider can respond promptly and adequately to customer
feedback. In consequence, effective issue resolution, combined with analysis of
customer reviews that are usually collected through web-based feedback forms, built
on enterprise platforms like Oracle APEX, are significant process underlying the
optimization of field operations with a view to creating sustainable revenue streams
[1, 2]. Traditionally, the processing of this immense volume of unstructured, text-form
customer feedback by telcos proved to be a challenge. Manual analysis of these
texts not only proves to be inefficient and costly but is also not very time-conscious,
failing to deliver a proactive Customer Service response.

With a bottleneck in this manner, therefore, developing a highly automated and
scalable solution for sentiment analysis in this problem proved to be an urgent need
where advanced methodologies offered by Machine Learning and Natural
Language Processing emerged as efficient tools in  this quest [3, 4].
The solution at this stage is based on harnessing the Databricks Machine Learning
capability for scaling data analytics and model hosting. Databricks provides a
platform with a strong focus on high-throughput data processing and hosting
machine learning models as microservices. To make this cloud-native machine
learning solution work in perfect sync with the existing system in the organization, the
Oracle REST Data Services tool is leveraged. The tool acts as an APl gateway and
provides a safe and low-latency interface for seamless integration with the existing
Oracle Database 19c and APEX front-end environment [5]. Although better sentiment
analysis models and more reliable environments for machine learning exist, a vital
Integration & Performance Gap remains in the focused telecommunications sector.
The proposed framework integrates three distinct academic and technological
domains: Sentiment-Aware Search, Machine Learning for Text Analysis, and Hybrid
Enterprise System Architecture. This review synthesizes the foundational research in
these areas, identifies current limitations, and positions the proposed solution within
the existing body of knowledge [6, 7].

SENTIMENT ANALYSIS AND SENTIMENT-AWARE SEARCH

Evolution of Sentiment Analysis (SA)

Sentiment Analysis, or Opinion Mining, is a sub-domain of Natural Language
Processing, which aims to identify the afttitude (positive, negative, or neutral) of an
author towards a particular topic or the net document polarity in general [8, 9]. The
early solutions were based on the Lexicon Method, which utilizes predefined word lists
evaluated for their subjective polarity. The application of machine learning
techniques facilitated a radical evolution in this area. Some of the earliest machine
learning solutions in SA were based on supervised learning algorithms such as Support
Vector Machines (SVM), Naive Bayes (NB), and Logistic regression, applied to labeled
datasets [10, 11]. As evidenced in the literature, these solutions have empirically
proved their efficacy in two-class and multi-class text classification [12].
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Sentiment-Aware Information Retrieval

Traditional Information Retrieval systems, such as common search engines, mainly
focus on lexical matching and relevance ranking. The idea of "Sentiment-Aware
Search" arose to incorporate additional sentiment information with respect to a
search query or topic of interest into search results [12, 13]. Past research, which
utilized approaches such as Oracle Text, concentrated on sentiment score extraction
from the hit list of documents obtained by a standard query based on keywords [14,
15]. Although efficient for sentiment analysis in a hit list of documents, this model did
not have the facility to:

Analyze Query Sentiment. Conduct sentiment analysis on the query in real time to
gauge the intent of the end-user based on query sentiment, whether it is

Dynamic Ranking: As a major input, make use of the predicted sentiment of the query
in dynamic ranking to promote relevant action-oriented content, such as support links
for negative query sentiment. Where the current state is concerned, the current gap
is in providing seamless and real-time integration with a specialized service for
sentiment prediction to affect ranking within a fransactional search process [16-19].
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Figure 1.
Generadlize Process of Oracle APEX [20]
MACHINE LEARNING MODELS FOR REAL-TIME SENTIMENT PREDICTION

Deep Learning Advancements

The rise of large-scale datasets and distributed computing has led to the dominance
of Deep Learning (DL) architectures in sentiment analysis. Models such as
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and
particularly Long Short-Term Memory (LSTM) and Bi-directional RNNs (Bi-RNNs) are
widely used for their ability to capture contextual meaning and subtle nuances in text
[21]. Recent research indicates superior performance from advanced DL
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architectures, such as those employing BERT (Bidirectional Encoder Representations
from Transformers) or similar large language models (LLMs). These models achieve
state-of-the-art accuracy by understanding the context of words in a sentence, which
is critical for classifying subtle sentiment in short, often ambiguous search queries [22,
23].

Scalable ML Deployment

The shift to large-scale data requires robust platforms for training and real-time
inference. Databricks, built on Apache Spark and Delta Lake, has established itself as
a leading platform for unified data and Al workloads [24]. Tools within the Databricks
ecosystem, such as specific ML flow functions, demonstrate the platform's capability
for performing batch and real-time sentiment analysis [25, 26]. However, the
challenge of MLOps is not just model training, but real-time model serving. Integrating
the model—once frained on a scalable platform like Databricks—into a production
application often requires a sophisticated, low-latency API layer. This necessity
highlights the critical role of the middleware components in the proposed framework
[27, 29].

Hybrid Enterprise System Architecture:

Integration of Oracle Ecosystem with Cloud Analytics. The final domain of literature
covers the integration of traditional enterprise platforms with modern cloud analytics
tools, specifically focusing on the Oracle ecosystem components.
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Role of Oracle REST Data Services (ORDS)

Oracle REST Data Services (ORDS) serves as the crucial middle-tier application that
bridges HTTPS requests from web clients to the Oracle Database [30, 31]. ORDS
provides: RESTful Web Services: It can expose database tables, views, and, most
importantly, PL/SQL stored procedures as secure, high-performance REST APIs [32, 33].
This ability to wrap PL/SQL logic as an RPC (Remote Procedure Call) endpoint is

essential for orchestrating the sentiment check.
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Figure 2.
Typical Environment of Customer Sentiment Aware Using Role of Oracle REST Data Services
(ORDS) [34]
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Application Gateway: ORDS acts as the gateway for Oracle APEX applications,
providing connectivity and security [34]. The literature confirms ORDS's capability to
act as a secure, fast conduit for database operations, making it an ideal choice for
the low-latency API layer necessary for real-time inference calls.

Oracle APEX for Rapid Application Development (RAD)

Oracle APEX (Application Express) is a low-code development platform for building
scalable, secure web applications, built entirely on the Oracle Database [35]. Its key
advantage is its proximity to the data, ensuring high performance for transactional
and reporting applications. The literature supports the use of APEX for consuming
external data and services via RESTful integration [36, 37]. In this research, APEX will
serve as the presentation layer, relying on its ability to send the search query to the
ORDS endpoints, receive the resulting sentiment classification, and then execute a
final search query whose ranking logic is informed by that classification [38].
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Figure 3.
Generic Process of Oracle APEX for Rapid Application Development (RAD) [39]

Oracle-Databricks Integration Patterns

Oracle to Databricks data transfer in analytic applications is a common issue in the
field. The common approaches in this regard include the use of a batch ETL or a
change data capture tool in the case of near real-time updates [40, 41]. The current
body of research has a major emphasis on Oracle to Databricks data fransfer in offline
analytics. The gap filled by this thesis is the real-time synchronous round trip from the
Oracle APEX/ORDS environment that originates a single live query to the implemented
Databricks ML service and returns from it the classification result within milliseconds to
satisfy the request of the user. This new kind of hybrid operational method is the main
architectural achievement of this research [42].
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Figure 4.
Generic Process to Boost Your Data Strategy with Databricks [43]
Research Synthesis and Proposed Contribution

Existing literature validates the individual components: sentiment analysis is feasible
using ML, Databricks is a scalable platform, and ORDS/APEX form a powerful
application stack. This arficle contributes by integrating these validated, disparate
components info a cohesive, operational framework for sentiment-aware search:
Novel Real-Time Architecture: Designing and validating the synchronous API
handshake between APEX (user interface), ORDS (APl gateway), and the Databricks
ML Service (inference engine) [44]. Proof of Concept: Delivering a working, end-to-
end framework that dynamically alters search result ranking based on query
sentiment—a functionality not comprehensively demonstrated across this specific
high-performance, enterprise-grade technology stack (Databricks + ORDS + APEX)
[45]. This framework will serve as a practical model for implementing MLOps strategies
where intelligent features must be seamlessly embedded into existing, low-latency
transactional enterprise applications. Sentiment analysis is referred to as a system
where a statement is segmented into tiny segments, where learning is made on how
they speak (as such, what they do) to each other. Opinion Mining (OM) is the analysis
of human behavior based on their textual content. The Internet has gained rapid
penetration into the lives of individuals, making the consumption of goods online more
popular. Its emergence and ubiquitous nature can provide new means of
communication between customers and the service providers [46, 49]. Consumers
would prefer to review their consumption experiences using e-commerce websites
and their opinions on any given product or service, following the consumption
behavior. The sheer volume of online reviews that are developed on review sites,
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forums, blogs, etc., can be thought of as a big data problem to the consumers and
organizations themselves, in the event that they do not analyze and utilize them in the
best way possible. This problem of data overload can be addressed with cognitive
computing in this way of processing this multimodal data, as well as converting the
raw data into useful information. Cognitive computing has gained more atftention in
recent times because of its ability to provide an interdisciplinary framework and a
collection of technologies to process big data, achieving intelligent thinking
processes by reducing the complexity of big data that would otherwise complicate
human decision-making [50, 54].

QW = {3 .
Eq(3)

Early sentiment mining could be interpreted with clearly defined feature weights and
decision rules that the applied practitioner could utilize to read the predictions as a
result of being determined by a specific linguistic pattern. However, they were unable
to do the broad cross-domain and fine-grained context generalization because they
relied on hand-crafted characteristics. CNNs, RNNs, and LSTMs were more precise
and less comparable. The progressions made it easier to act on complex subjective
issues, but the representations obtained became less transparent, and personal
predictions were difficult to explain [55, 56]. The pretraining paradigm and transformer
architecture constituted a text classification and subjective task general-purpose
framework. BERT proposed bidirectional and contextualised representations by
masked language modelling and GPT showed the strength of autoregressive
language modelling. It was found that the self-attention mechanism also allowed
long-range dependencies to be modeled without the vanishing gradient issues of
RNNs, and this achieved huge performance gains across benchmarks [57, 58].

Large-scale, instruction-tuning, and few-shot learning Large language models (LLMs)
such as GPT-3 [59], PaLM [60], LLaMA [61], and GPT-4 [62] expanded the abilities of
large scale, instruction tuning, and few-shot learning. Subjective zero-shot and few-
shot results with no task-specific fine-tuning of these models are radically altering our
thinking when using NLP applications.

At the same fime, explainable NLP has come to include feature-attribution and
saliency-type tools (e.g., LIME [63], Integrated Gradients [64], SHAP [65]) to
rationalization, with the explanations being in natural language in terms of extracting
the spans of evidence or generating justifications [66]. The feature-attribution
techniques focus on influential input tokens, are gradient-based or perturbation-
based, but require technical skills to interpret and can not be explained with natural
language [67]. Rationalization manages these deficiencies by producing human-
readable textual explanations that can be understood by the non-expert users [68].

n
GB — E Wi.GL:_
i = 1

Cognitive technologies, such as big data, cloud computing, artificial intelligence,
machine learning, pattern recognition, data mining and natural language
processing, are assisted by the cognitive computing systems in carrying out the
cognitive work of observation, interpretation, assessment, and decision-making,

Eq(4)
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which human brain does. Overall, cognitive computing attracts general
interdisciplinary theories, techniques and tools to model human cognition, which
propels cognitive systems and is capable of perceiving, reasoning, learning and
acting autonomously and, thus, offering actual human-machine collaboration [69,
70].

T2yry

| 1
Fi(x) = — D 1P, . 2

: Eq (5)

Two broad categories of rationalization, in which it selects critical terms or phrases of
the input as the rationale and abstractive rationalization, in which it produces new
explanatory text summarizing the reasoning, are identified. The existing LLMs
accommodate one of these options and allow them to produce natural language
and prompt them to provide a set of justifications through chain-of-thought processes.
All audience of non-expert people are more attracted to rationalization, which is used
to explain the arguments in writing form, unlike numerical attributions, which makes Al
systems easier to understand and accept. This is particularly important in subjective
tasks during which context, tone and implicit meaning play an important role in
human perception [71, 72].

Sentiment orientation, which is the outcome of the sentiment classification, has been
a significant source of reference and has been an influencer not only to persons but
also to organizations during the decision-making process. The sentiment polarity of the
user reviews has been seen to be one of the most useful determinants which makes
the user reviews helpful in the aspect of making a purchase decision and customers
have the intuition to make a purchase of a product that is reviewed as positive [73,
74]. On the other hand, basing its marketing strategy on the sentiment orientation of
the reviews left by the consumers, the organization can adjust its brand positioning,
infroduce marketing messages, develop new products and other processes to
improve the organizational performance. As a result, the quality of the sentiment
classification is the direct measure of whether consumers and organizations can make
smart or not based on the reviews and poor results can lead to ineffective or even
wrong decisions [75, 76].

Natural language processing (NLP) and Natural Language Generation (NLG)

One such area of cognitive computing that is very important is natural language
processing (NLP); this gives provision to a continuous learning process in which
cognition systems can be applied to make sound data-driven decisions. The
processing of unstructured data in a context where questions are asked and providing
intelligent cognitive responses i.e., allowing machines to communicate with humans,
is one of the simplest task in the cognitive computing processes. This is what NLP can
do best, i.e., to tfransform an unstructured material to a knowledge base in the form
of a cognitive construct which defines the meaning of natural language [77].

O o= AT
1
minimumjfd;,(x) = Zl Efdm(x)
Eq (6)
Natural Language Generation (NLG) refers to the procedure of giving out phrases,
sentences and paragraphs that are meaningful based on an internal representation.
It is an aspect of Natural Language Processing and occurs through four stages which
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are: identifying the goals, planning on how the goals could be accomplished by
considering the situation and available communicative resources and implementing
the plans as a text . It entails several steps, such as content determination, text
planning, sentence structuring, and linguistic realization, shiffing to more human-like
output based on the more advanced deep learning models [78]. Transformers and
LLM systems are state-of-the-art but act as black boxes, thus it is hard to know why a
subjective prediction was generated (e.g. irony vs literal, positive vs. negative).
Opacity compromises trust, auditability and safety in sensitive fields like healthcare,
legal decision-making, content moderation and financial analysis. To determine
reliability and determine the possible bias or errors, users and stakeholders require to
know not only what the model predicted, but also how and why the prediction was
made [79].

MNatural Language Components

I I !

speaker and Generator Component and level of application or Speaker
Representation

Textual Organization

> Realization

Content Selection

Linguistic Resource

Figure 5.

Major Components of NLG and NLP [80]

Meanwhile, subjective tasks are generally vague and specific to the situation
(sarcasm, humor, aesthetics), which usually leads to a difference between the
annotators and the difficulty of assessment. The sarcasm, like, can be detected
through reading each other and mutual cultural background, the tone of voice, or
situational information that is not present in the text itself [80]. The discrepancy,
surprise, subjective appreciation is what the humor recognition is concerning, unlike
people and cultures. Emotion recognition must also settle the multidimensional
affective conditions, which may imply a combination of various emotions, or the
outcry of culturally-specific emotional categories [81]. These high-performance and
low-fransparency demands coexist, hence explaining the existence of a single
approach to subjectivity, and the reason why the process of rationalization is needed
to demonstrate how the judgment was arrived at in a precise manner [82, 83]. The
field must also provide predictively accurate methods, give meaningful explanations
where users trust and are appropriate to depend on model outputs [84]. This paper
uses four sources of quality and the basis applied to cite them: Sentiment analysis
methods and datasets: classical methods of machine learning, deep learning, and
transformers, popular datasets such as IMDb, Sentiment140, Twitter US Airline, and
SemEval shared tasks [85, 86]. Machine learning. They can be applied to do numerous
linguistic analyses i.e. lexical analysis, syntactical analysis, discourse analysis etc. NLP
can therefore be used to automate the thinking process of acquiring the meaning of
words, recognition of patterns and association between words and providing layers
of context perception. Some of the NLP-based applications that have been unveiled
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within the context of cognitive computing would include the possibility to understand
the word-of-mouth (WOM) of the text-based comments left by the customers in the
online web, under the guidance of sentiment analysis, to discover the true emotions
or aftitudes by the customers towards any product or service. Sentiment analysis,
sentiment classification or opinion mining is a binary classification problem of
determining the textual reviews as being of one of the two polarity types of positive
and negative [88, 89].

~\2
L(v-%)
(Y, — V)2

The use of NLP is based on statistical applications, and other techniques, such as Text
classification with fransformers: architecture and overview of the BERT-family
encoders, GPT-family decoders, and adaptations of the classification tasks, efficiency
and safety issues [85]. Subjective language LM: vast sentiment, emotion, sarcasm,
humor, stance, metaphor, intent, and aesthetics with zero-shot and few-shot
evaluation [90].
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Analysis of NLP queries dataset Testing and Training [87]
Table 1.
Analysis of Textual data Model
Ref Model Task Performance
[91] Dynamic convolutional Binary sentiment The accuracy of binary
neural network (DCNN) prediction sentiment classification is 86.8%
[92] Deep recursive neural Multi-class sentiment The accuracy of fine-grained
network (DRNN) prediction sentiment classification is 48.5%
[93] Uniform-layer LSTM Twitter sentiment The accuracy of six-way
architecture prediction question classification is 93.0%
[94] Uniform-layer LSTM Sentence-level Uniform-layer model achieves
architecture sentiment average 0.8%
classification
[95] Coupled-layer LSTM Classification improvement of the
architecture performances
[96] Shared-layer LSTM Document-level Coupled-layer model achieves
architecture sentiment

classification
Transformer and LLM systems can be used to give state-of-the-art results, but are
opaque black boxes, so it is harder to reason why a subjective prediction was made
(e.q., irony vs. literal, positive vs. negative). In sensitive sectors, including healthcare,
legal decision-making, content moderation, financial analysis, and so on,
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transparency threatens trust, auditability, and safety. Users and stakeholders should
not only know what the model predicted, and why it specifically did that, but also to
determine how reliable the prediction is, and any possible biases or errors [97].

Meanwhile, subjective assignments are apt to be ambiguous and circumstantial
(sarcasm, humor, aesthetics), and usually lead to the difference between the
annotators and problems with assessment. Sarcasm can be detected, like,
depending upon mutual cultural context, tone of voice or situational knowledge that
is not available in the text itself [98]. The incongruity, surprise and subjective
appreciation humor recognition is incongruent to individuals and cultures. The
multidimensional affective conditions that emotion recognition has to negotiate can
be either a combination of various emotions or an expression of culturally-specific
categories of emotions [99]. High-performance and low-transparency requirements in
both directions simultaneously result in an impetus to choose a single approach to
subjectivity and explain the possibility of fine judgments and the process of
rationalization to demonstrate the logic behind the judgment in a correct manner
[100]. The field must provide predictively correct methods, present meaningful
explanations that make the users trust and right to trust the model output.

1o 512
RMSE = fZ (Y- %) Eq (8)
n i=1

The paper has integrated four sources of quality and the underpinnings of the citation
of the same: Sentiment analysis approaches and datasets: classical approaches to
machine learning, deep learning, and transformers, with standard datasets including
IMDb, Sentiment140, Twitter US Airline, and SemEval shared tasks [101, 102].
Transformer-based text classification: architectural description and summary of the
BERT-family encoders and GPT-family decoders along with their adaptations to the
classification task, their efficiency, and safety issues [103]. Subjective language
Llamas: large-scale taxonomy of sentiment, emotion, sarcasm, humor, stance,
metaphor, intent, and aesthetics [104].

Table 2.

Major Datasets for Sentiment Analysis
Dataset Size Domain Classes Ref
IMDb Movie Reviews 50,000 Movies Binary (pos/neg) [105]
Sentiment140 1.6M Twitter Binary (pos/neg) [106]
Twitter US Airline ~14,000 Customer service 3-class (pos/neu/neg) [107]
SemEval-2017 Task 4 Varied Twitter Multi-task [108]
Amazon Product Reviews Millions E-commerce 5-star scale [109]
Yelp Reviews 1.6M+ Restaurant/business 5-star scale [110]

Explainable NLP through rationalization, extractive and abstractive mechanisms,
schemes of evaluation that are based on fidelity and plausibility and human based
means of evaluation. It is aimed at standardizing task taxonomies, model families,
datasets/benchmarks, and explainability strategies, rigorously on the said materials,
to be handy in assisting trace scholarly research and high density IEEE referencing.
Such a combination will provide the researchers and practitioners with the entire
picture and learn more about the real situation in the area of subjective NLP and
explainability, along with gaps and the way to conduct further research. Coherency
of subjectivity vision + elucidability. We convert sentiment analysis (to interpretable ML
to DL to transformers/LLMs), subjective task taxonomies, and explainability systems into
a single system, justifying it as one of the first-class subjective NLP components [111,
112]. The integration identifies the inherent synergy in subjective language
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understanding which entails the need to have contextual and practical reasoning
and the generation of explanations which also require these types of reasoning
capacity. The unified taxonomical classification of subjective work. We are adopting
an eight-viewpoint perspective sentiment, emotion, sarcasm, humor, stance,
metaphor, intent, aesthetics, which is congruent with the present surveys in the age
of the LLM [113, 114].

Table 3.

Major Datasets for Emotion Recognition
Dataset lteration Size Emotions Domain Ref
ISEAR IT (1) ~7,600 7 basic Surveys [115]
GoEmotions IT(2) 58,000 27 fine- Reddit [116]

grained
SemEval-2018 Task 1 IT (3) ~10,000 11 emotions Twitter [117]
DailyDialog IT (4) 13,000 7 basic Dialog [118]
MELD IT(5) 13,000 7 basic Multimodal [119]
v

LITERATURE REVIEW

Sentiment analysis is performed in two categories, in general. One of them is the
machine learning-based methods and the other is lexicon-based methods. The latter
is at a disadvantage that the approach based on machine learning is highly regarded
in academia and in the industrial world since the former frequently outperforms it
better. Deep learning is a machine learning algorithm and it has been effective
because of enhanced power of chip processors, lower hardware costs and also
contributed to enhanced machine learning algorithms [120]. Accurate sentiment
analysis in e-commerce, according to multiple studies, new machine learning
techniques are proposed or advance the existing algorithms, implying to report a
higher level of accuracy due to the use of powerful algorithms to the feature
extraction [121].

The related ones are subjectivity, sentiment, and explainability, with the former being
the least explainable or the imprecise, and the latter is the imprecise and most
explainable, which is natural. Spread that subjectivity, sentiment and explainability
are related to each other in the following way; the less explainable, the more
imprecise the subjectivity, and the less explainable but imprecise, sentiment. The point
of intersecting subjectivity and explainability is that they are both concerned with
interpretation. The reasoning behind the subjective task sentiment analysis was based
upon decipherable lexicons and feature weights which indicated decision logic. The
Bag-of-words and TF-IDF representations made it possible for the practitioners to have
a view of the words that were either associated with positive or negative labels and
this naturally provided transparency [122, 123]. This remaining invisible stimulated
rationalizations and attention-visualization methods to restore transparency [124, 125].
Subjective NLP is enhanced in two ways by explainability:

Ambiguity clarifying: The difference between sarcasm and real praise, the recognition
of emotion stimuli or the revelation of metaphorical mappings with referencing to
contextual cues [126, 127]. This can be promoted by facilitating users to verify the
validity of textual evidence in furthering model predictions particularly in affective
systems that are deployed to mental health, customer service and content
moderation. Thus, rationalization is not a marginal issue, but it is actually a component
of the modeling of human-like subjectivity. Deep learning or deep neural networks
(DNNs) is a sub-specialty of machine learning algorithms that has widely applied to
traditional fields of machine learning such as computer vision, speech recognition and
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natural language processing [128]. The state of the art can be achieved in deep
learning when applied to sentiment analysis which is also among the most popular
problemsin NLP, as it can learn the representations of the data with an extremely high
level of abstraction using the computational models composed of many processing
layers [129].

TDI = \/(AC)? + (A0)? Eq (9)

Because of this sentiment analysis is being performed more and more by researchers
on the basis of deep learning. Some of the effective network architectures used in
deep learning include convolutional neural network (CNN), recursive neural network
(RNN), recurrent neural network (RNN) and deep belief network (DBN), among others.
In general, the current research on the subject matter has two directions. Other works
concern the building of efficient network encompasses on straightforward deep
learning models to solve diverse issues in sentiment analysis tasks [130, 131], but others
assume comparative studies of the varying simple deep neural networks on a specific
challenge to provide effective recommendations in the selection of deep learning
models [132, 133]. In this section, the brief description of some of the representative
research methods on sentiment analysis using deep learning methods is outlined. The
dynamic convolutional neural network (DCNN) refers to a CNN network, which is
employed to semantically model a sentence whenever performing a sentiment
mining task. The network takes into account the length of the input sentences and
expressly records the word relations of varying sizes by creating a feature graph over
the sentence. It is also the case that the network is highly efficient in an array of
sentiment analysis tasks. In [134], three types of information sharing architecture were
proposed including uniform-layer architecture, coupled-layer architecture and
shared-layer architecture.

TP * TN — FP * FN)
J ((TP + FP) * (TP + FN) = (TN + FP) * (TN + FN))

MCC = Eq (10)

They have included an RNN as a part of a multi-learning system to project arbitrary
text straight to semantic expressions in the shape of vectors with task-specific and
shared layers and they have demonstrated that their models can be utilized to
enhance the efficiency of a classification task by the presence of other related tasks.
As a means to allow the potential of the capacity of a hierarchical representation,
[135] suggested a deep recursive neural network (deep RNN) with a stack of recursive
layers. They tested the network using the fine-grained sentiment classification and the
result of the experiment showed their approach was superior to the previous ones in
the sentiment analysis task. The semi-supervised recursive autoencoders (RAE) of [136]
learns to learn the representations of the multi-word phrases in the form of vectors. The
model can better solve sentiment prediction tasks compared to other state-of-the-art
algorithms, and solve sentence-level sentiment distribution compared to several
baselines. [137] proposed a VBN framework of learning word dependencies in text,
which has a fixed number of variables. They trained time-delayed network with the
deep DBN network to obtain the initial weights of the neurons in the hidden layer, and
trained the dynamic Gaussian Bayesian networks.
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Tasks of Generalized Sentiment analysis Approach [138]

Experimental results indicated that VBN is capable of greater than 30 per cent
improvement over state of the art baselines. Research on four contrasting types of
features, which are the language category features, review metadata, readability
and subjectivity, which result in the quality of the online reviews, and proposed a new
predictive model of review helpfulness using them. Three machine learning algorithms
(Naive bayes, Support vector machine and random forest) were used to formulate
the prediction model. It was found out that the proposed model could give a
predictive accuracy of over 77 percent to actual review data, and a combination of
aftributes can give the highest predictive score. It was also apparent that these
aspects may be potent predictors of the quality of the review. Other studies also
examine the characteristics of reviews that are related to the reviewer to compare
the usefulness of reviews [139].

The article by [143] stood out of the other papers that utilized the signaling theory to
develop an elaborate model of the exploration of the variables that influence the
quality and usefulness of the review. About the theoretfical backgrounds of the
signaling theory, they identified two types of signals, i.e., content-related signals of
reviews (specific content and writing style), and reviewer-related signals (reviewer
knowledge and non-anonymity) in order to make attempts at modeling the
interrelations between them and the review helpfulness. Based on the suggested
model, the Tobit regression analysis showed that the reasons behind the improved
quality review were more signals associated with the quality of the product, stronger
signaled strength of the sentiment polarity in the reviews, lower level of signaled
uncertainty and high level of signaled expertise that could better explain the
helpfulness of the reviews and make more accurate predictions on most helpful
reviews than the results of the previous review predictions [144, 145]. They determined
the nature of attributes of a review that could lead to a high-quality or the most useful
review. In forming textual qualities of reviews to measure the quality of the reviews
and in analyzing their impact on the genre of sentiment classification, their
confribution to the issue is very informative and descriptive to our study.

METHOD AND MAJOR DATASETS ANALYSIS

The literature search and selection were done by searching high-quality research
papers from journals like IEEE Access, Fronfiers in Arfificial 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.

107



Framework of Predicting Customer Sentiment Aware Khan, A, H et al., (2026)
Detection Methods

Semantic violation of selection preference, conceptual metaphor theory, Word
embeddings represent abstract-concrete mappings, Neural: BIiLSTM  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.

Data
Collection
Preprocessing
of Data [ Algorithm ]

~ Li

Attribute Selection s

(s Satsey Jme Graing ot Jmeme (Geeer)

o

Initialization Step Learning Step Evaluation Step

Figure 8.

Training and Testing Approach

LEVELS OF SENTIMENT ANALYSIS

In this survey, we frace the history of paradigms of subjective NLP models and discuss
their implications in regard to explainability. Tokenization & normalization includes
Lowercasing, punctuation and stop-word filtering, Lexical: TF-IDF, n-grams (unigrams,
bigrams, trigrams), 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; interpretable coefficients, Performance:
Accuracy on sentiment analysis benchmarks 75-85%, Explainability: Have a higher
tfransparency by feature weights and lexicon scores [155]. Manual feature
engineering work, Low generalization between domains, does not process figurative
language and context well.

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.
Model Performance Summary Across Tasks
Classical Deep LLMs (Zero- LLMs (Few-

Task ML Learning Transformers  shot) shot)
Sentiment 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%
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Classical Deep LLMs (Zero- LLMs (Few-

Task ML Learning Transformers shot) shot)
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 50-60% 60-70% 70-82% 65-78% 70-83%
Assessment

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 (afttribution) Extractive modules
LLMs High Very Low (scale) High (generation) Abstractive
prompfing
CONCLUSION

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
integrating subjective language understanding with explainability, we enable The
solution to integrating predictive models into Oracle Application Express (APEX)
applications can be found through the use of Oracle machine learning (OML4SQL) to
perform in-database processing and using the REST API to integrate external models.
The methodology presented feasible procedures of creatfing, testing and
implementing machine learning models in the Oracle ecosystem and provided code
samples illustrating both strategies. Using the low-code development of the APEX and
the powerful in-database analytics of OML, developers can create intelligent and
data-driven applications and provide high performance and security with real-time
insights. The importance of such integration is that it helps to democratize advanced
analytics to allow organizations to optimize the efficiency of their decisions and
operations in numerous fields, such as retail, finance, and healthcare.

The in-database model based on OML4SQL is especially beneficial to the applications
that need low latency and high level of data security. OML4SQL reduces data
movement and thus lowers latency by processing data in Oracle Database, as well
as adhering to regulations, including GDPR and CCPA. This can be very useful in
applications that require real time predictions, particularly in the enterprise sector like
inventory forecasting or fraud detection. The declarative interface of APEX also makes
it easy to create a user-friendly interface and allows predictive analytics to be used
by non-technical users, such as business analysts and cifizen developer. Such
correspondence with the low-code philosophy is enabling organizations to quickly
develop smart applications without the need to have a lot of programming skills. The
other REST API-based solution is more flexible in the case of scenarios that demand
sophisticated algorithms, e.g., deep learning models [24]. With the addition of externall
frameworks, including scikit-learn or TensorFlow, developers can support more
complicated use cases, such as image analysis and natural language processing,
that OML4SQL currently does not support [12]. Nonetheless, this solution brings in a few
challenges, including the network latency and other security considerations, which
are supposed to be well managed, to create a strong performance. This dual
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approach used in the methodology, i.e., in-database and external integration, gives
the developers the option to select the optimal approach to use depending on their
partficular need, considering the performance and scalability of performance and
algorithmic requirements. Regardless of these advantages, there are still challenges
like data quality, the interpretability of the models, and limitations of the algorithmes,
as outlined in the previous sections. These can only be handled by a strong data
preprocessing, powerful explainability tools and possible extensions of the algorithm
library of OML [19]. To address these constraints and improve the effectiveness of the
integration, the proposed future recommendations offered solutions that can be
implemented, such as automated retraining pipelines, integration with OCI Al
services, and no-code OML interfaces. Such developments would help to optimize
the development process and expand the availability of machine learning in the
Oracle ecosystem.

The integration has further implications that go beyond technical implementation.
Organizations can enhance innovation, streamline operations, and provide individual
user experiences by adding predictive functionality to APEX applications. The
applications show why a combination of low-code development and machine
learning has the potential to be transformative and allow organizations to remain
relevant in a data-driven world.

With the development of low-code platforms, machine learning integration with APEX
will become the key to the future of enterprise applications. The suggestions to
integrate complex algorithms, enhance the level of explainability, and use the Al
services offered by clouds are the guiding steps towards improvements in this
integration. Oracle can support developers and organizations to develop scalable,
intelligent applications that can create business value by overcoming existing
constraints and adjusting to the new frends. The article is an asset to a practitioner
that would like to apply predictive analytics to the Oracle ecosystem, as the article
provides a practical guide with a vision of future developments. The bottom line is that
the low-code functionality combined with machine learning is the potential of APEX
that allows organizations to embrace the power of data-driven insights, which in turn
leads to innovation and efficiency in industries.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 essential: data
collection, storage, analysis, utilization, and destruction. There are vulnerabilities
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presented by each stage. As an example, when collecting data, the data sent by loT-
based devices, such as fitness frackers or smart medical sensors, may be
compromised because of the insecure transmission 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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