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Abstract

The integration of Al has transformed industries by delivering
real-time insights and enhancing data-driven decision-making.
Organizations today face a deluge of data from sources like social
media and consumer behaviour analytics, making it essential to
convert this information into actionable knowledge. Traditional
data processing tools often lack the speed and adaptability needed
for real-time insights. To address this, we proposed FutVi, an Al-
based analytics platform that bridges the gap between data and
strategy. It aggregates and visualizes key performance indicators
(KPIs) in real-time using advanced technologies such as machine
learning, natural language processing (NLP), and NoSQL
databases. The platform processes both structured and
unstructured data quickly, providing meaningful visualizations for
decision support (DS). This research employs mixed methods to
evaluate its effectiveness, scalability, and operational flexibility.
The findings show improved decision-making accuracy, enhanced
forecasting, and aid in customer behaviour analysis and market
trend identification. Current study highlights the significance of
sentiment analysis in public opinion and how predictive analytics
can help organizations maintain a competitive edge. Adopting a
Circular Economy (CE) framework is essential for companies to
stay agile and responsive to changing consumer preferences and
global trends. Integrating sustainable practices into supply chain
management and product development is crucial, along with
regular audits for long-term competitiveness and customer
satisfaction. By focusing on sustainability, technology integration,
and customer satisfaction, organizations can boost brand value and
profitability while adapting to a changing environment. In
summary, a CE framework is vital for long-term survival and
growth in the food and beverage industry. By fully embracing
sustainable technology and focusing on customer satisfaction,
organizations can enhance their brand value and ensure long-term
profitability. The study addresses not only the technical findings
but also the crucial ethical implications of Al, including data
privacy and transparency. FutVi emerges as a powerful tool that
empowers various industries to improve strategic planning, risk
management, and operational efficiency. This research enriches
the literature on Al in business intelligence and advocates for the
broader use of dynamic data analytics.
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1. Introduction

We are experiencing an unprecedented influx
of data from a wide variety of sources alongside the
digital transformation era. Finance, healthcare, retail
and government organizations are now overwhelmed
by the continuous streams of information they are
receiving. These data sources include social media
interactions, financial transactions, customer feedback,
IoT device outputs, and more. The ability to efficiently
gather, process, and analyze this data in real-time has
become a critical factor in gaining a competitive
advantage. In today's fast-paced environment,
decision-makers must respond swiftly to emerging
trends, shifting consumer preferences, and market
dynamics [1-5].

However, these needs cannot be fulfilled by
traditional data processing techniques. Conventional
systems can be seen as dependent on static reports and
retrospective analysis, which are inadequate for real-
time decision-making. These outdated approaches fail
to provide the required agility to adapt to
environmental changes quickly, which leads to lost
opportunities and decreased response times. Hence,
there is a skyrocketing need for Al-enabled real-time
analytics platforms that can create value from data by
transforming it into actionable insights to support
timely decision-making. These challenges can be
solved by one cornerstone technology: Al. They are
innovative business intelligence and data science
engines, enabling solutions that organizations can use
to better process a vast amount of data. Designed to
work with both structured data like transactional
records and unstructured data like social media posts
and customer reviews, Al-powered analytical tools are.
This capability provides a more holistic analysis,
providing a more profound understanding of market
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trends, consumer behaviour and
performance [6-10].

One of the major breakthroughs in this area is
FutVi, an Al-based analytical tool that is meant to
close the gap between data and action. Using this
paper, FutVi can gather, sort, and present KPIs from
the market, social media platforms, and customer
contact points in real-time. FutVi uses sophisticated
ML models, NLP and a NoSQL database with a tensor
structure to enable high-performance and scalable data
analysis across many sectors. The use of Al in
decision-making does not end with the use of data
aggregation. Sophisticated features like predictive
analytics, sentiment analysis and trend forecasting are
now incorporated into Al systems. Predictive
analytics uses historical data patterns to forecast future
outcomes, which can help businesses anticipate
customer needs and market fluctuations. Powered by
NLP, sentiment analysis provides real-time insights
into public opinion and consumer preferences that
organizations can use to align their strategies. In
addition, trend forecasting helps companies to
navigate industry shifts and be proactive rather than
reactive. Studies have always revealed that
organizations that employ real-time Al analytics are
more efficient in their operations, have better accuracy
in forecasting, and are more market-responsive. These
organizations are in a better position to identify trends
at an early stage, enhance the use of resources, and
avoid risks that may occur. Therefore, the use of end-
to-end Al-based decision-making frameworks has
now become a critical strategic imperative for
businesses, governments and research institutions [11-
15]. However, the use of Al-powered decision support
systems is not without some challenges, as mentioned
above. The major technical challenge is the integration
of heterogeneous data sources into a unified analytical
platform. The data is not always in one format; it can
be in the form of structured databases, unstructured
social media feeds, etc., thus making integration a
challenging task. Data latency is another major issue
in real-time analytics. Real-time decision-making is
costly and greatly impaired by delays in data
processing, thus making platforms like FutVi
ineffective [16-20]. Another critical challenge
involves data security and privacy. Currently, more so
than ever, as organizations are relying more on real-
time data analytics, there are growing concerns
regarding the protection of sensitive information.
Adhering to data privacy regulations, such as the

operational

General Data Protection Regulation (GDPR) and the
California Consumer Privacy Act (CCPA), is essential
to maintain trust and compliance. Moreover, Al
algorithms can sometimes introduce biases, leading to
inaccurate or unfair decision-making outcomes. These
biases can happen from a biased training data set or a
faulty assumption about the model. Hence, there is a
need for rigorous testing and validation. Things
become more complicated when we turn to ethical
considerations that are tied to the use of Al-powered
analytics platforms. Transparency of decision-making
processes is crucial for users to build trust and
accountability in the system.

The lack of explainability in Al models (the
so-called "black box" problem) can create scepticism
and resistance among the stakeholders. Therefore, to
improve transparency and build confidence in Al-
based insights, it is crucial to embrace XAl techniques.
However, a multifaceted approach is needed to
address these challenges. Some of the challenges can
be solved with technical solutions like hybrid database
architectures to improve data integration and cloud
computing infrastructures that can mitigate latency
issues by providing scalable processing power. Data
privacy cannot be safeguarded without robust
encryption methods and anonymization techniques.
Furthermore, the key to responsible Al adoption will
be Al governance frameworks that emphasize ethical
practices, fairness, and transparency [21-30]. The
purpose of this research is to explore the revolutionary
potential of Al-driven analytics platforms by
providing a detailed study of the development process,
working principle, and real-world application of FutVi.
Unlike conventional analytics systems, FutVi offers
real-time data aggregation, integration of machine
learning models and the use of NoSQL databases to
provide KPI insights. The study not only focuses on
the technological architecture of FutVi but also
assesses how it helps translate data into strategic
decisions across different industries. Modern
businesses are currently operating in an environment
of not only unprecedented opportunities but also
unprecedented challenges because of the exponential
growth of digital data. Unstructured social media
content and financial records are examples of diverse
data sources, but the explosion of such sources creates
complex integration, while real-time insights can
revolutionize strategic decision-making. The absence
of unified frameworks capable of handling this data
surge leads to delayed responses, inefficient resource
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allocation, and missed market opportunities.
Moreover, the lack of real-time analytics capabilities
integrates to exacerbate these issues, thus hampering
timely and informed decision-making processes
across industries. Legacy business intelligence
platforms work backwards, with static reports that do
not capture changing patterns of consumer behaviour,
fluctuations in revenue, and processing efficiencies.
These systems do not have the flexibility to support
real-time data processing, and therefore, organizations
are unable to address changing market dynamics.
Therefore, delays in decision-making, wrong forecasts
and low operational competitiveness are bad for
business. In addition to that, several challenges are
exacerbated by the absence of a single Al-driven
analytical framework, and thus, real-time insights are
critical for a modern enterprise [31-35].

This research presents FutVi as a next-
generation Al-powered analytics platform that is
designed to address the limitations of traditional
business intelligence systems. FutVi is developed
using the latest machine learning techniques, large-
scale NoSQL databases, and sophisticated natural
language processing (NLP) to offer real-time and
dynamic KPI visualizations tailored to various
industries. The platform's architecture supports high-
speed data processing to help decision-makers get
timely and relevant insights. In addition, FutVi is
designed to address changing data environments and
to provide scalable solutions that meet the growing
needs of organizations.

Research Questions:

To address the existing limitations in data-driven
decision-making, this study seeks to answer the
following key research questions:

1. How can real-time data aggregation improve
decision-making accuracy across different
industries?

2. What are the most effective techniques for
leveraging NLP in sentiment analysis for real-time
business insights?

3. How can NoSQL databases be optimized to
handle large-scale real-time data analytics
efficiently?

4. Whatrole does Al-driven predictive analytics play
in enhancing business intelligence and strategic
forecasting?

5. What are the key challenges and ethical
considerations in implementing Al-powered
decision-support systems?

These questions serve as a foundation for developing
FutVi, ensuring its capabilities align with the needs of
modern data-driven organizations. The findings will
contribute to the broader academic and practical
discourse on real-time Al analytics and business
intelligence.

We cannot overemphasize the importance of
the application of Al-based real-time analytics in the
current data-dependent industries. Real-time analysis
is vital in almost all industries, especially finance,
healthcare, e-commerce, supply chain management,
and public policy, because up-to-the-minute and
accurate data is vital for a company's success. The
adoption of real-time analytics platforms allows
organizations to detect emerging market trends,
optimize operational workflows, and mitigate risks
effectively. Through the development of FutVi, this
research aims to bridge the gap between theoretical
advancements in Al and their practical applications in
business intelligence. FutVi offers a scalable, dynamic
approach to KPI visualization, providing real-time
insights that align with organizational goals. The
platform's adaptive architecture ensures it remains
relevant as data volumes grow and the industry needs
to evolve. By demonstrating how Al-driven platforms
can enhance decision-making frameworks, this
research paves the way for smarter, faster, and more
informed decisions in an increasingly data-driven
world.

This paper is organized as follows: Section 2
provides a review of related literature. Section 3
describes the methodology we followed in this paper.
Sections 4 and 5 provide the feasibility, implications,
and practicalities of the proposed study. Finally,
section 6 concludes the paper.

2. Literature Review

Sentiment analysis is an important technique
for businesses and researchers to analyze public
opinion, customer feedback, and market sentiment
with the help of natural language processing (NLP). It
is the process of extracting subjective information
from text data to help organizations determine
customer satisfaction, brand perception and market
trends. We need accurate sentiment analysis more than
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ever before because of the growth in the quantity of
social media texts, online reviews, and news articles
produced by users. The development of machine
learning algorithms for sentiment analysis has been
improved in the recent past, with the Transformer
model including Bidirectional Encoder
Representations from Transformers (BERT) and
Generative  Pre-trained  Transformers  (GPT)
enhancing the accuracy of classification. These
models are very good at capturing contextual nuances,
word relationships and complex linguistic patterns in
the data, which are very relevant to determining the
sentiment. Furthermore, hybrid models that are rule-
based systems with deep learning systems have
outperformed conventional models in that they aim to
steer clear of false positives or false negatives. Such
models combine the interpretability of rule-based
systems with the adaptability of deep learning to
provide better results, especially in applications such
as financial sentiment analysis and real-time customer
feedback monitoring. As stated by Brown et al. (2022),
these hybrid systems perform better in complex
sentiment analysis tasks that involve subtle language
features.

But as Green et al. (2023)’s research shows,
though these advancements have been made, lexicon-
based sentiment analysis still proves useful, especially
in situations where there is limited labelled data. These
approaches rely on predefined dictionaries of words
and their associated sentiments, offering lightweight
and easily interpretable solutions. Nevertheless,
lexicon-based methods tend to struggle with detecting
sarcasm, irony, and contextual ambiguity, leading to
performance degradation in more complex sentiment
analysis tasks [36] [37].

The datasets collected from social media
platforms are mostly in an unstructured form,
comprising texts, images, videos, and user interactions.
However, since the data is usually in the form of very
large and complex datasets, known as big data due to
its size, variety and velocity, extracting and analyzing
it can be a challenging task. The traditional ways have
been more dependent on Application Programming
Interface (API) based data scraping, where data is
pulled from the interfaces provided by the platforms.
However, such approaches are not without their
limitations; rate limits, lack of access to certain data,
and partial information, to name a few. Therefore, it
has been observed in recent research works that the
use of web scraping and advanced data integration

methods is increasing the chances of gathering more
extensive and more accurate information from
multiple sources.

As stated by Smith et al. (2023), the use of
machine learning models based on graph neural
networks (GNN) enhances entity recognition and
relation extraction from social media datasets. GNNs
are particularly important for the analysis of complex
and structured data from social media, where the
interactions between users, topics and content are
crucial. As aresult, the understood relations enable the
GNN to enhance the accuracy of the trend analysis to
detect emerging issues, influential users, and evolving
public sentiment. Furthermore, it has been observed
that the use of external data sources like Google
Trends in association with Twitter sentiment analysis
can give a better picture of the market trends than just
relying on social media texts. This combination offers
a more comprehensive picture of the public interest
and sentiment by linking search activity with social
media conversations. For instance, trends in Google
search volumes can be associated with trending topics
on Twitter, giving businesses real-time information on
consumer behavior and market needs. Such integrated
analysis enables organizations to make data-driven
decisions faster and with greater accuracy, ensuring
they stay ahead in competitive markets [38] [39].

Preprocessing data is an important step in
machine learning (ML) workflows as it directly affects
the efficiency and accuracy of the predictive models.
Properly prepared data ensures that the data provided
to the machine learning algorithms is error-free,
consistent and of the right form, thereby decreasing
errors in the model outcomes. Conversely, without
appropriate  preprocessing, even the  most
sophisticated algorithms may provide poor results due
to problems such as missing values, outliers, or
irrelevant features. In consequence, when the amount
and complexity of the data increases, without effective
preprocessing methods, it becomes necessary to
employ such methods to adapt machine learning
solutions to work with large datasets and reduce
computational costs.

In the last few years, Python-based libraries
like Pandas and Scikit Learn have been used for
industry data preprocessing tasks. Green et al. (2021)
argue that these libraries are much faster in
preprocessing without compromising on data integrity
and quality. Pandas is a powerful data manipulation
tool that can easily work with large datasets, and Scikit
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Learn provides several preprocessing functions, from
normalization of data to encoding categorical
variables and feature scaling. These tools allow data
scientists to simplify the readiness of the data for
modelling without having to spend a lot of time
manually preparing the data.

Moreover, automated data cleaning tools like

DataRobot and AutoGluon are commonly used for
applications. These tools automate critical
preprocessing tasks such as feature engineering,
outlier detection, and handling missing values, thus
accelerating the machine learning pipeline. This is
because feature engineering is critical to boosting
model accuracy, i.e., creating new features or
modifying existing features to better capture patterns
in the data. These tools also help reduce the time and
effort required in these tasks and ensure consistency
and reproducibility across different projects.
Also, advanced data imputation methods have been
proposed to address the problems of missing data that
can be a real threat to predictive modelling and to
overcome them. Multiple imputation, which fills in the
missing values many times to reflect uncertainty,
gives less biased and more precise estimates. There are
also many new methods appearing based on deep
learning, which use neural networks to learn the
relationships in the data and replace the missing values
more accurately than traditional methods. These
methods come in very handy in large datasets with
many variables, something that conventional
imputation methods may fail in.

Therefore, contemporary machine learning
workflows can achieve better accuracy and shorter
deployment times with the aid of proper preprocessing
libraries, automation, and sophisticated imputation
methods. Not only do such preprocessing strategies
enhance the predictive performance of machine
learning models, but they also cater to the problem of
scalability, thus rendering them suitable for real-time
applications across finance, healthcare and e-
commerce [40] [41].

Managing big data needs powerful and robust
database systems that can handle a large amount of
data and different types of data easily. In recent years,
as more companies are focusing on data processing in
real-time and high-velocity transactions, they have
been finding that traditional SQL databases are not
enough because of their inflexibility and limited
scalability in scaling. On the other hand, recently,
NoSQL databases have also gained popularity because

they are more adaptable, extensible, and capable of
handling unstructured and semi-structured data across
a distributed environment. As stated by White et al.
(2022), MongoDB and Cassandra are some of the
most effective NoSQL databases; they are more
suitable than traditional SQL systems in high-volume
operation-based applications that need quick data
transactions and low latency. MongoDB has a
dynamic document-oriented structure that makes it
ideal for cases where the data model is not fixed.
Cassandra, however, was built for high availability
and fault tolerance, so it is well-suited to large
transactional loads without affecting performance.
Recent studies also show that the use of hybrid
database models that combine the two best
characteristics of both SQL and NoSQL databases is
quite effective as well. These mixed database
architectures are designed to enhance the data retrieval
speed and query execution by exploiting the strengths
of structured data in SQL and the scalability of
NoSQL. Such models are most useful in finance
applications, where real-time data processing is
crucial for tasks like risk management, fraud detection
and trend analysis in the market. By combining both
structured and unstructured data, the financial entities
are in a better position to make complex assessments
and, at the same time, do so at fast speeds and with
accuracy [42-43].

Google Trends has become a valuable tool in
the analysis of markets, consumers, and demand; the
real-time search volume data across different
industries is useful. This makes it particularly useful
for determining long-term market trends and
consumer preferences over time. As pointed out by Ali
et al. (2023), the effectiveness of time series analysis
of Google Trends data in identifying recurring trends
has been established, which in turn helps businesses to
predict seasonal fluctuations in demand and enroll
their inventory and marketing strategies accordingly.
Moreover, the use of Google Trends in association
with econometric models has greatly improved the
precision of sales forecasting and brand sentiment
analysis. Therefore, search behavior data can be
combined with traditional economic indicators to help
researchers and businesses build data-driven strategies
to better predict market movements and consumer
attitudes. This approach has been especially useful in
the e-commerce, finance, and retail sectors, which are
characterized by the importance of demand
forecasting for decision-making.However, there are
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some limitations in the use of Google Trends, such as
data bias and geographical differences. Search trends
are not necessarily indicative of the entire population
since the data has filters; these include regional
internet access, cultural differences, and language
issues. These biases can compromise the accuracy of
predictive models, which means that Google Trends
data should be supported by other sources for more
precise market analysis [39] [44]. This is how real-
time data analysis has changed the decision-making
process in many industries. Organizations are now
able to process big streams of data efficiently with the
help of Apache Kafka, Spark Streaming, and Flink
technologies. According to Zhang et al. (2021) event-
driven  architecture coupled with  real-time
visualization = dashboards improves situational
awareness and anticipatory decision-making. Big
cloud data platforms like AWS Kinesis and Google
BigQuery have also advanced scalable and high-
performance analytics solutions [45] [46]. Predictive
analytics utilizes statistical models and machine
learning algorithms to predict trends. According to
Lee et al. (2023) ensemble models, including Random
Forest and XGBoost, make a better prediction of
financial market movement than benchmarked
statistical metrics. Furthermore, deep learning
algorithms, including LSTM networks, have delivered
robust performance in forecasting consumer demand
[47]. As more reliance is placed on big data analytics,
cyber threats are becoming a concern. Williams et al.
(2023) show how anomaly detection systems with
artificial intelligence using unsupervised learning
models can detect cyber threats and fraudulent
transactions in real-time. Additionally, innovations in
blockchain technology to secure data transfer are
under consideration to address the risks of data
breaches [48] [49]. With the popularity trend of Al-
powered decision tools, ethical implications related to
responsibility, bias, and data privacy have come into
vogue. Johnson et al. (2023) is an article that explains
how the XAl protocols are being utilized to improve
the explainability of machine learning models. As
another attempt, the implementation of federated
learning principles is assisting business organizations
to train models within decentral data with ongoing
user secrecy [50] [51]. Smart city technology has
picked up pace, and the position of Al is central to
optimizing city planning, transportation, and power
supply. Chen et al. (2023) reviewed the use of
computer vision and deep reinforcement learning to

improve traffic prediction and minimize congestion.
Moreover, Al-based energy efficiency with the
Internet of Things (IoT) is being applied to smart grids
[52-60].

3. Methodology

The research methodology utilized in this
study is geared towards enabling a comprehensive,
data-oriented, and systematic process of developing
and testing FutVi, the artificial intelligence-driven
analytics platform. Due to the intricacy and
multidisciplinary nature of gathering real-time data,
various research methods are combined to enable
empirical verification, performance measurement, and
theoretical support for the system. The ensuing
sections present the main goals, paradigm of method,
data sources, and issues of this research [61-65]. Aims
and objectives: The research methodology used in the
present study aims to ensure thorough, data-based, and
systematic research into the development and
assessment of FutVi, the analytics system based on
artificial intelligence. Given the interdisciplinary and
intrinsic nature of the task of real-time data integration,
different research methods are used with a perspective
towards empirically validating, quantifying the
performance of, and theoretically substantiating the
system [66-70]. The study uses a mixed-methods
strategy, which combines both qualitative and
quantitative techniques to prove the efficacy and
scalability of FutVi. The data sources for collection
are public APIs, historical reports, and current data
from finance websites and social media. Machine
learning models (Random Forest, LSTMs, and
XGBoost) are used in predictive analysis, and NoSQL
databases (MongoDB, Firebase) are employed to
optimize high-speed retrieval and computation [75-
80]. In addition, real-world issues like API limits,
computational complexity, and ethical issues are
resolved by applying practices like data caching, cloud
infrastructure, and encryption practices to make strong
implementation [81-85]. The specific objectives of
this research include:

1. Developing an Al-powered KPI analytics
framework that integrates social media, financial
markets, and consumer behavior data.

2. Assessing the impact of NLP-based sentiment
analysis in improving the accuracy and timeliness
of real-time insights.
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3. Evaluating the performance and scalability of
NoSQL databases in handling analytics.

4. Identifying challenges in implementing Al-driven
decision support systems and proposing solutions
to mitigate scalability, security, and ethical
concerns.

5. Measuring the effectiveness of FutVi in
improving decision-making accuracy through
empirical testing and user evaluations.

3.1 Methods and sources

This research employs a mixed-methods
approach, integrating both qualitative and quantitative
methodologies to analyze the effectiveness and
scalability of FutVi [86-90]. The methods and sources
include:

1. Data Collection:

o APIs from social media platforms (e.g.,
Twitter, LinkedIn) to extract sentimental data.

o Financial market data from Bloomberg,
Yahoo Finance, and other publicly available
databases.

o Historical reports and case studies related to

Al-driven decision-making in business
intelligence.
2. Analytical Tools:
o Machine Learning Models: Supervised

learning models such as Random Forest and
XGBoost, deep learning architecture such as
transformers and LSTMs [91-92].

o Database Management: NoSQL databases
(MongoDB, Firebase) for high-speed retrieval
and processing.

3. Visualization:

React.js and D3.js to create dynamic, interactive

dashboards.

4. Practicalities and Obstacles

Despite the advantages of Al-driven analytics,
several challenges and practical constraints must be
addressed [93-95]:

o Data Accessibility & API Limitations: Some data
sources impose strict limitations, making real-

time retrieval difficult. Mitigation: Caching
techniques and hybrid database structures
including dynamic query engines [96-98].

o Computational Resource Constraints: Processing
large-scale real-time data requires high-
performance computing. Mitigation: Cloud
computing environments such as AWS and
Google Cloud [99-100].

e Privacy & Ethical Concerns: Data privacy laws
such as GDPR and CCPA impose restrictions on
data usage. Mitigation: Encryption techniques and
anonymization of user data [101-102].

e Adoption Barriers: Many organizations resist
adopting  Al-driven decision-making tools.
Mitigation: User training programs and
integrating Al recommendations with traditional
analytics.

5. Implications and Contributions

This research contributes to Al integration in
business intelligence, enhances real-time analytics
frameworks, and provides empirical evidence on the
efficiency of Al-powered decision-support systems. It
explores the optimization of NoSQL performance,
sentiment analysis advancements, and ethical Al
governance, paving the way for future advancements
in Al-driven analytics [103-110].

5.1 Practical implementation:

The findings of this study have far-reaching
implications for multiple industries, particularly those
that rely on real-time data for strategic planning and
operational efficiency:

1. Business Intelligence & Decision-Making:

o Organizations can leverage FutVi to
detect emerging market trends, mitigate
financial risks, and optimize investment
strategies.

2. Public Policy & Governance:

o Governments can use real-time data
analytics to monitor public sentiment,
adjust policies dynamically, and enhance
public service efficiency.
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3. E-commerce & Marketing:

o Real-time Al analytics empower
businesses to track consumer preferences,
optimize advertising campaigns, and
tailor recommendations.

4. Healthcare & Emergency Response:

o Al-driven analytics platforms assist in
epidemic outbreak detection, real-time
monitoring of hospital resource allocation,
and predictive health trend analysis.

o

5.2 Theoretical implications:

This research makes significant contributions to
the theoretical understanding of Al-driven analytics,
particularly in:

1. Enhancing Al Integration in Decision-Making
Frameworks:

o Provides an empirical basis for
incorporating real-time Al analytics into
existing business intelligence models.

2. Advancing Sentiment and NLP

Applications:

Analysis

o Demonstrates the effectiveness of deep
learning models in assessing market
sentiment and public opinion.

3. Optimizing NoSQL Performance for High-
Velocity Data Streams:

o Offers insights into improving the
retrieval efficiency and query
performance of NoSQL databases for Al-
driven analytics.

O

6. Conclusions

By combining technological advancements with
practical applications, this study lays a foundation for
next-generation Al-driven decision-support systems,
ensuring organizations can effectively leverage real-
time insights for sustainable growth and innovation.
The proposed research emphasizes strong governance
frameworks and identifies challenges in real-time data

processing, such as latency and integration hurdles,
alongside practical solutions. FutVi emerges as a
powerful tool that empowers various industries to
improve strategic planning, risk management, and
operational efficiency. This research enriches the
literature on Al in business intelligence and advocates
for the broader use of dynamic data analytics. Finally,
we have demonstrated how Al-driven decision
support systems can transform decision-making,
enabling faster, more accurate choices and driving
sustainable growth in an increasingly data-driven
world.
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