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ABSTRACT: The rising complexity and magnitude of financial information in the modern digitalized world have
indeed led to the application of superior technologies that enhance decision-making. This study paper discusses how
Artificial Intelligence (Al) and Big Data processing can be implemented to cloud environments to improve predictive
financial decision-making. The combination of Al and the cloud-based big data systems is highly promising in
streamlining the financial analytics, through the provision of real-time insights, enhancing the accuracy, and lowering
the operational costs. The suggested framework uses the infrastructure of cloud computing to store and to process huge
amounts of financial data and uses machine learning and data mining strategies to forecast the trends, risks, and
opportunities in the financial markets. The Al algorithms implemented in the structure improve the capacity to study
past financial data, trace the patterns, and predict the future trends in the market. The most important to note about the
frameworks are the data collection, data preprocessing, model training, predictive analytics and decision-making
support, which are all supported by a scalable cloud environment. This practice will enable greater flexibility and
responsiveness to the changing market circumstances, making informed financial choices. The study also shows the
problems and constraints of such systems implementation, such as the data privacy issue, model interpretability, and the
issue of managing cloud resources. This article provides a new paradigm of data-driven strategy in the financial
industry by showing the effectiveness of Al-based big data solutions in changing the financial decision-making process
through case studies and experimental findings.

KEYWORDS: Artificial Intelligence, Big Data, Cloud Computing, Predictive Analytics, Financial Decision-Making,
Machine Learning, Data Mining.

L. INTRODUCTION

The financial sector is experiencing a paradigm shift, which is mostly caused by the fast development of technology.
With the current increase in online transactions and banking, more financial information than ever before are being
produced. Such an increase in data data carries a lot of potential in the area of innovation, especially in predictive
financial decision making. Conventionally, decisions used to be made by financial institutions manually, using past
data, and using a human intuition in which decisions were made. Nevertheless, the prevalence of larger amount of data,
faster speed and more complicated data has rendered these traditional means ineffective.

Cloud systems which have incorporated the processing of Big Data and Artificial Intelligence (AI) have been a game-
changer. By enabling financial institutions to make better decisions within real-time, these technologies offer great
tools of prediction, trend analysis, and assessment of risks. The usage of Al and machine learning algorithms is
particularly successful with big datasets where it is possible to find trends and correlations, as well as predict future
trends that were not identified before by the traditional approach. This enables institutions to streamline the decision-
making process like forecasting market trends, managing portfolio, estimating credit risks and detecting fraud.

The capabilities of Al to process large volumes of data in a shorter period of time and in an accurate manner have
provided a new opportunity to better decisions during risk management, asset management, and customer care. The
Als-driven systems will be able to track real-time information in the market, including prices of stocks and interest
rates and give immediate feedback to allow financial institutions to react to new trends and threats in a timely manner.
This feature also enables the financial companies to optimize the portfolio in terms of the risk tolerance, financial
objectives, and the prevailing market environment.

Further, it has altered the operations of financial institutions due to the Big Data. Although the structured data,
including financial reports and records of transactions, were important in traditional financial decision-making, the Big
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Data allows access to unstructured data, including social media posts, customer comments, as well as satellite images.
Such type of data assists the institutions to have more insight on market trends, customer preferences and possible risks.

When used together with AL Big Data analytics will further improve risk management as they will allow making more
precise predictions about credit risk, defaults, and market movements. Financial institutions can have improved insights
into financial instability and take proactive actions to reduce risks by processing both structured and unstructured data.

Financial decision-making with the help of Al, Big Data, and cloud computing is more predictive. It is important to
note that the main elements of this structure are as follows:

1. Data Collection & Preprocessing: Financial decision-making with the help of Al, Big Data, and cloud computing
is more predictive. It is important to note that the main elements of this structure are as follows.

2. Model Training: Financial decision-making with the help of Al, Big Data, and cloud computing is more predictive.
It is important to note that the main elements of this structure are as follows.

3. Predictive Analytics: The real-time analytics is performed with the trained models to forecast the market trends,
assess credit risks, and discover the possible fraud. The generated insights are real-time and hence, financial institutions
can make informed decisions promptly.

4. Decision-Making Support: Predictive analytics provide the decision-makers with the results of their work in the
form of dashboards, alerts, and recommendations. The tools can help financial institutions to take actions based on
insights in a timely manner to maximize their strategies and reduce risks.

Cloud computing is relevant in the Big Data and Al platform. Cloud platform offers scalability, elasticity, and cost-
effectiveness, in that, financial institutions can store and process large volumes of data without incurring many heavy
infrastructure investments. It is also possible to process the data in real time and combine with the legacy systems,
which helps institutions to switch to new technologies without causing any disruption to the process.

The AI and Big Data can be used to apply to numerous financial decision-making processes, including:

Market Trend Forecasting: Making predictions regarding future stock price and market fluctuations out of the past and
current analytics.

o Credit Risk Assessment: This is a credit rating tool to provide the credit status of individual and businesses based on
both structured and unstructured data. Machine learning applications detect fraudulent transactions and trends that
signify fraud.

e Portfolio Optimization: Al-powered models assist financial institutions in optimization of investment strategies
using risk, financial objectives and market conditions.

The adoption of Al, Big Data, and cloud computing in the financial decision-making process is changing the industry.
Financial institutions can now use potent tools which allow real-time data processing, accurate prediction and better
risk management. With the help of these technologies, institutions will be able to make decisions more effectively,
make operations cheaper, and become more profitable. Due to the issues surrounding such as privacy of data and
resource management, the advantages of this method are obvious, and its further implementation will only help to
define the future of finance.

IJEETR©2026 |  AnISO 9001:2008 Certified Journal | 31



http://www.ijeetr.org/

International Journal of Engineering & Extended Technologies Research (IJEETR)

|[ISSN: 2322-0163| www.ijeetr.com | A Bimonthly, Peer Reviewed, Scholarly Indexed Journal |

S Ny %
N

%ﬁ" | Volume 8, Issue 1, January-February 2026 |

IJEETR DOI:10.15662/IJEETR.2026.0801005

|

Risk Prediction

g | Transactional )

i Dofa Stock
Forecastin
’ s anll g
) andom Deep
SD:c:I Media [ Forest Learning |
‘ Investment
Recommendations

Supervised Unsupervised Reinforement
Learning Learning Learning
—

J J

Figure 1: AI and Big Data Symbiosis in Financial Technology

Cloud computing has contributed to the rapid growth of Al and Big Data. Cloud platforms offer the platform required
to store, process, and analyze mass quantities of data at scale. With cloud solutions, financial institutions will not incur
the large expenditure of keeping resources in place hardware and software. Cloud platforms are also scalable and this
enables a financial institution to expand or reduce their data processing capacity on command. This is particularly
significant with the Big Data where the data size may vary greatly in response to market trends and business
requirements.

Cloud platforms also give the compute of the Al and machine learning algorithms in an efficient manner. Numerous
cloud providers come with specific Al and machine learning solutions such as ready-to-use models, data processing
applications, and storage services. These services allow financial institutions to take advantage of Al without having to
employ large teams of internal specialists or infrastructure. Moreover, cloud computing platforms support real time data
processing and this enables financial institutions to process data once it has been created instead of doing the
processing as a batch.

The capability of the cloud to be integrated with the current financial systems adds value to the cloud. The integration
of cloud platforms with the legacy systems is highly seamless and allows the financial institutions to upgrade to higher
technologies without affecting their processes. Such integration simplifies the process of implementing Al-driven big
data processing capabilities without having to overhaul the current systems.

II. LITERATURE REVIEW

The combination of Big Data, Artificial Intelligence (AI), and Machine Learning (ML) has become a revolutionary
trend in the financial technology sector, allowing predictive analytics and decision-making to be used to a higher
degree. Financial technology (FinTech) has been progressively using Al and Big Data to achieve operational efficiency,
better risk management, and a higher accuracy of predictions. This literary review explains the works of the significant
researchers who recognize the symbiosis of such technologies in the financial industry.

In their discussion, Nguyen et al. [1], argue that Big Data, Al and ML have become mutually symbiotic, particularly in
the FinTech industry, whereby Al prediction abilities are boosted with Big Data voluminous and diverse information.
Better data processing, automated decision-making and customer experience can be supported with the help of the
relationship. The paper observes that collaboration between Big Data and Al is the focus of the revolution of the
financial services and applications of the two technologies are in credit rating and algorithmic trading and fraud
detection.
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On the same note, Wei [2] indicates that, the usage of the Long Short-term Memory (LSTM) networks in predicting the
stock prices, which is one of the most difficult, has been reported to be non-linear with a volatile financial market. The
LSTM models are also a type of deep learning architecture and have proved to be handy in capturing the time-based
dynamics of the financial data, which qualifies them as a tool that is invaluable in the prediction task in the finance
sphere.

One of the fields of research is the prediction of stock markets on the basis of ML. Rouf et al. [3] provide a general
description of the machine learning methods applied to predict the stock market and covering 10 years of development.
The paper gives the trends and how the techniques have evolved to sophisticated neural networks that show the rising
complexity of the predictive models. They point out that the ML has helped to provide greater accuracy in stock
forecasting especially when integrated with the stream of real time data and it has provided the decision-makers with
the right information at the right time.

Similarly, Kumar et al. [4] have conducted a systematic review of the literature that is based on the prediction of the
stock market through application of statistics and machine learning techniques. Part of their findings also points out that
the classical models such as ARIMA are not entirely useless, however, what has increased significantly is the predictive
accuracy of the MLs, and in particular, the ensemble models, which are robust in capturing complex patterns in
financial markets. The review is able to establish the importance of feature engineering and model selection to high
predictive performance in financial markets.

Li et al. [5] relate the application of the Big Data analytics towards inferring the financial risks, in particular, in the
credit industry. Their study underscores the importance of the use of data-driven approaches to quantify financial credit
risks especially in view of the rise of alternative kinds of data like social media sentiment data and transaction records.
They claim that they can now take the full picture of financial health with the assistance of the Big Data and risk
assessment is far more accurate.

Risk prediction in investment and finance has also been much explored. Sun and Li [6] make remarks about how one
can use deep learning techniques to predict the risk of an investment. Their solution provides intelligent analysis of
financial portfolios through the capabilities of deep neural networks and allows the investors to optimize their strategies
and minimize risks. The ability to absorb vast amount of data and to identify trends present in the data is a prerequisite
in the management of complex financial risks.

The theoretical model and social media data integration are examined by Saito and Gupta [7] within the framework of
the Big Data applications in the financial management. Their paper illustrates the use of social media feeds and
sentiment analysis in conjunction with the traditional financial information to use it in making better predictions and
better decision-making. It is one of its methods by which it takes advantage of the power of unstructured information
and offers an effective alternative of information that may influence the financial judgment.

VenkateswaraRao et al. [8] are concerned with credit risk management using the assistance of the Big Data analytics in
banking. Their article provides a full system of credit risk evaluation with massive data sets to demonstrate how Big
Data technologies may be employed to enhance the accuracy of credit scoring model and the efficiency of risk control.
The application of the Big Data enables the display of the patterns and anomalies that would otherwise be ignored using
the conventional methods.

The article by Goldstein et al. [9] is quite informative in discussing the relevance of Big Data in the financial sector,
and how the model has impacted numerous other processes such as investment choices, market analysis and
compliance to regulations. According to them, big data is changing the financial market in that it has the capacity to
assist institutions to process large volumes of data and make meaningful decisions within a limited duration of time.

Rane et al. [10] further the aspect of Al in finance and explain the application of machine learning, natural language
processing (NLP) and robotic process automation (RPA) to improve corporate finance processes. They underscore the
way Al has been used to enhance the decision-making abilities, to automate the process of routine, and to enhance the
sustainability of corporate governance.

Faheem et al. [11] research on the use of machine learning in investment portfolios optimization. They compare
different ML techniques, including decision trees, support vehicles machine (SVM), and neural networks and
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demonstrate that the former (deep learning models) are more successful than the others when it comes to the levels of
prediction and generalization.

The broader context of using machine learning in economics and finance investigated by Gogas and Papadimitriou [12]
is in how machine learning can be utilized to assist in the prediction of macroeconomic data, along with making
microeconomic decisions. Based on their study, machine learning is the invaluable tool to discover complex
correlations in economic data, which can make more accurate forecasts and future financial budgets.

Sezer et al. [13] provide a systematic literature review of financial time series forecasting in their publication in relation
to the research carried out during the period 2005-2019. They draw attention to the fact that deep learning and LSTM
networks, in particular, can be employed to improve time series forecast. Their survey names the advancement in time
series forecasting by using deep learning, which can turn into a powerful tool of financial analysts and traders.

The article by Torres et al. [14] is a survey on the deep learning-based time series forecasting technique taking special
concern on financial data. The paper describes the various deep learning models and how they may be applied to
predict stock prices, economic variables, and market tendencies. They find that deep learning models and particularly
the sequence prediction models do a fairly good job of capturing the complex correlations between financial time
series.

Lastly, the literature has widely agreed on the disruptive characteristics of the Big Data and Al in the financial
projections and risk identification. To a large extent, the sphere of financial markets predicting and risk assessment has
been facilitated by the deep learning in machine learning, and more specifically, LSTM. The combination of Big Data
and Al does not only enhance the predictive accuracy but also enables to find meaningful conclusions in a large and
heterogeneous amount of data that will enable to make more informed financial decisions. The developments
mentioned above present a big part that Al-based models play in the evolution of the sphere of financial technology,
and the possible paths of research and implementation may have even more in the future.

II1. DRIVEN BIG DATA PROCESSING FRAMEWORK FOR PREDICTIVE FINANCIAL DECISION-
MAKING

The framework suggested is a combination of Al, Big Data, and cloud computing to improve financial decision-
making. It leverages machine learning and predictive analytics on cloud computing to store and process a vast amount
of financial data in real-time and predict trends and assess risks. There are four large components of the framework:

e
L

~ aws A\ Azure ™\

SO

Cloud Platform

Data Storage & Processing

Data Collection & Preprocessing * Real-Time Decision-Making
] Al Model Training
6B il o %%°

Financial Social Market Stock Investment Risk

Reports Media Data Forecasts  Strategies Assessment
Machine Learning &

* Deep Learning Models
Data Cleaning &
Transformation
Feedback
a Loop
%Y— Model Improvemend

New Data & Re-Training

Figure 2: Cloud-Based AI-Driven Financial Decision-Making Framework
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1. Data Preprocessing and Data Collection.

The initial phase in the framework is the collection of financial information through different channels, which include
market information, transactional information, social media and news coverage. This data is then washed, transformed
and tabulated to be analyzed. Preprocessing includes:

e Data Cleaning: Cleaning or fixing erroneous, missing or conflicting data. After de-normalizing, standardizing data
to achieve consistency across different datasets is known as Data transformation.

o Feature Engineering: Determining important variables in predictive accuracy.

e Data Integration: It involves the joining of data in several sources into one data and then analyzing them together.

2. Model Training

Machine learning algorithms are developed based on past financial information to determine trends and associations in
the information. New information is constantly being added to the models in order to keep the predictions relevant and
accurate. Some of the types of machine learning models used in this stage include:

e Supervised Learning Algorithms are trained on labeled data to forecast future patterns or to evaluate risks.

e Unsupervised Learning: It is employed in the process of finding concealed patterns in unstructured information,
e.g., grouping like behaviours in the market.

e Reinforcement Learning: Optimization based on trial and error to make decisions, especially it applies well in
dynamic financial markets.

e Deep Learning: It is applied in the detection of complex patterns particularly in fraud detection and risk evaluation.

3. Predictive Analytics and Decision Support.

After the models have been trained, predictive analytics is used to predict market trends, gauge credit risks, optimize
investment strategies and fraud. The outputs of such analyses are presented to the financial institutions via real-time
alerts and dashboards. When predictive analytics is combined with decision-making support system, the institutions are
able to:

e Visualize Data: Dashboards help decision-makers to have access to key performance indicators (KPIs) and trends
fast.

e Real-Time Alerts: Automated notifications inform decision-makers about the growing risks or market dynamics so
that they could proceed fast.

e Decision Support Systems (DSS): Al systems offer recommendations in a form of actionable advice to achieve
financial objectives and boundaries, and improve the accuracy of decision-making.

4. Scalability and real time Processing through Cloud Integration.

The amount of information needed to make financial decisions is enormous and the cloud platforms have the
infrastructure needed to support the volume of data. The major advantages of cloud computing are:

e Scalability: Cloud services automatically provide the resources to meet the increasing volume of data without a
major investment of infrastructure

e Real-Time Processing: The cloud provides real time data processing capabilities and this means that the financial
institutions are able to make timely decisions based on the newest data.

o Cost-Effectiveness: Cloud solutions save the physical hardware and the institution can only pay as much as they
utilize.

o Legacy System Integration: Clouds can be easily connected to existing financial systems and thus Al-driven
analytics can be deployed without replacing existing infrastructures.

Key Use Cases

The Al-driven Big Data can be used in a range of financial decision-making procedures, including:

e Market Trend Prediction: Al solutions will be able to predict the future price and market movements of stocks based
on past and current data.

e Credit Risk Assessment: Al uses previous data to determine the creditworthiness of an individual or an organization
e Fraud Detection: Al detects suspicious transactions by identifying the patterns of the fraudulent activities.

e Portfolio Optimization: Al-based models assist financial institutions in optimization of their investment strategies
which balances risks and monetary objectives.

The combination of Al, Big Data and cloud computing is transforming the financial decision-making process as it
offers financial institutions tools of powerful predictive analytics and real-time data processing. The framework enables
the financial institutions to remain competitive in an increasingly complex and dynamic market by enabling more
accurate predictions, it enables reduction of the operational costs and it improves risk management. In spite of the
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difficulties connected to the data privacy and resources management, the benefits of the Al-driven processing of the
Big Data are obvious, and its extensive implementation is a must of the further development of the financial services.

IV. PERFORMANCE EVALUATION OF THE AI-DRIVEN BIG DATA PROCESSING FRAMEWORK

To assess the effectiveness of the Al-based Big Data processing model regarding predictive financial decision-making,
the model should have the performance measure expressed in the terms of its effectiveness in practice. Here, the
approaches to the evaluation of the performance of the framework like accuracy, efficiency, scalability and overall
impacts on quality of decision making are addressed. The review is targeted at comparing the framework against
applying the traditional method, and assessing its potentials to fulfill the operational goals of the financial institution
such as the capacity to improve the accuracy of prediction, reduce the exposure to risk besides amplifying the speed of
decision making.
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Figure 3: Evaluation Metrics for Financial Predictions

1. Accuracy of Predictions

Accuracy is one of the most significant measures that can be used to assess the performance of any predictive financial
model. The Al-based Big Data processing model is meant to enhance the precision of financial forecasts, including the
fluctuations of stock prices, credit worthiness ratings, and prediction of market trends [15].

1.1 Evaluation Metrics- Different performance measures are employed to determine the accuracy of prediction, such
as:

e Mean Absolute Error (MAE): This is a measure of the mean of the absolute errors between the predicted and the
real values. The reduced MAE means more accurate prediction.

e Root Mean Squared Error (RMSE): This measure is more severe on big mistakes than MAE and it is applicable
when the penalty on big mistakes is high.

e R-squared (R?): The value shows the suitability of the model in explaining the variance of the data. A value of R 2
near one implies that the model fits the data.

Within the framework of the proposed model, Al-related models, including machine learning algorithms (e.g., decision
trees, support vectors machines, or neural networks), are developed using historical financial data. The framework is
likely to be more accurate when compared to the traditional rule-based systems or even mere statistical model when
assessed against a validation dataset and may not work as well due to the complexity of relationships that may exist
between financial data.
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Indicatively, the stock prices can be predicted using the predictive model. The above metrics will be used to evaluate
the accuracy of the model by comparing it with the actual performance of the market. Al-based models have also been
found to have better performance in tests compared to the traditional forecasting models since they can detect hidden
patterns and market cues that human analysts could miss.

2. Efficiency and Real-Time Processing

The other important issue to consider when assessing the performance of the Al-driven Big Data framework is the
capability to run data efficiently in real-time. Financial markets are volatile and decisions usually have to be made
promptly depending on the shifting circumstances. The cloud-based nature of the framework allows the system to
analyze large volumes of data in quick time, which is necessary to make predictions on time.

2.1 Latency and Throughput- Latency can be defined as the time lag between the reception of new information and
the production of predictions. Low latency is essential in financial use cases where real-time trading systems or fraud
detection real-time applications need latency lowering capabilities that matter in the form of finances in the difference
between milliseconds. The minimal latency in the processing of data that is proposed by the framework can be achieved
by the use of cloud-based processing and distributed computing resources. It must be tested that the system is able to
process large amounts of data with minimal lag and offer almost instant predictions and insights through performance
testing.

Another important performance measure is throughput which is defined as the amount of data that has been done within
a certain time span. The fact that the framework is scalable on cloud means that the framework is capable of processing
high throughput implying that it can manipulate large amounts of data produced by financial markets in real time.

2.2 Resource Utilization- The use of resources in the framework is also a factor worth considering in order to make
sure that the framework is capable of processing large amounts of data without using too much computational
resources. Cloud platforms offer elasticity, thus enabling the system to add and remove resources on demand in
response to the workload. This aspect makes the framework highly efficient in terms of efficiency even when the data
is heavy without involving the manual intervention of a person and an unnecessary expenditure of money.

3. Scalability

The performance of the Al-based Big Data framework in terms of scalability can be regarded as an essential
consideration because the amount of financial data is increasing exponentially. The architecture of the framework is
scalable by its nature since cloud services can support more transactions, data sources, and computing duties.

3.1 Horizontal Scaling- The framework must exhibit horizontal scalability that is, it must be able to redistribute the
processing load among multiple cloud resources, e.g. virtual machines or containers, to sustain performance as the
volume of data increases. This allows the framework to support the increasing datasets with minimal loss of
performance. The test will be conducted on a high-volume system and during the market volatility or surges of data to
validate the scalability and robustness of the system.

3.2 Adaptability to New Data Sources- Since new sources of data are being introduced (like social media feeds,
sentiment on the news and real time transactional data) the framework must be capable of having these sources
smoothly incorporated into the processing pipeline. The Al models must have the capacity of retraining themselves to
suit new data without having to make drastic changes to the system architecture. This flexibility is important in a
dynamic finance environment.

4. Impact on Decision-Making Quality

The end state of the framework is to improve financial decision-making quality. The Al-based processing system of
Big Data must allow the financial institutions to make better, timely, and correct decisions. The following aspects are
taken into consideration in order to analyze its effect.:

4.1 Decision Accuracy- The efficacy of the decisions taken by relying on predictions produced by the framework is a
direct result of the effect of the framework on decision-making. As an illustration, predictive analytics can help
portfolio managers optimize the allocation of assets depending on the market trends projections. The usefulness of the
framework in making decisions can be evaluated by the comparison of the decisions that were reached through the use
of Al-based predictions and those made through the use of conventional methods, e.g. expert judgment or past
averages.
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4.2 Risk Mitigation- Risk management is one of the primary spheres where the framework can have a strong
influence. The framework will help financial institutions proactively address risk through offering the correct forecasts
of market changes and risks that might occur. As an example, credit defaults or market crashes can be predicted using
predictive models so that they will give the institutions time to change strategies in advance. The effectiveness of the
framework in mitigating the risk could be measured by the ratio of the risk events which were correctly forecasted by
the system to the risk events which were not forecasted.

4.3 Decision Speed- The framework should also enhance the rate at which financial decisions can be made. Computer-
assisted decision-making systems that are operated by Al are able to process data and give recommendations much
faster than conventional approaches. This is essential in relation to the high-frequency trading, where the decision must
be taken within several milliseconds. It should be compared with the traditional decision-making mechanisms to
measure the improvements in speed of decision-making that the Al-driven system takes.

5. User Experience and Adoption

Finally, the user experience is also one of the determinants of the framework success. It should also be easy to use and
user friendly interfaces, which provide financial analysts, portfolio managers and other involved parties with
meaningful insights and practical recommendations. It is also relevant in relation to the ease of adhering to the current
financial systems and workflows to offer ubiquity within the organization.

5.1 Usability Testing- The usability testing is a form of user experience testing, and is a test that entails exposing the
users towards the new system and enabling them provide the feedback on the functionality, usability, and efficacy of
the new system. This kind of testing is required to ensure that the system can be accessed completely and used easily by
the decision-makers without necessarily having high technical skills.

5.2 Adoption Rate- The Al-driven framework value and utility can be determined by how frequently the financial
institutions have adopted the framework. The high adoption rate is a good sign that the system is indeed creating
significant value to its users, making them better at decision-making, and it is worth the money spent on Al-driven
technologies.

V. CASE STUDY: STOCK PRICE PREDICTION USING AI AND BIG DATA ON CLOUD PLATFORMS

Objective:

In order to consider the success of Al-based Big Data processing framework, we performed a case study on stock price
prediction based on historical data. In this case study, the performance of machine learning models is compared against
the traditional time-series models (e.g., ARIMA) to predict the stock price movement

Dataset:

The publicly available data that we used was a Yahoo Finance dataset that includes historical data of Apple Inc. stock
prices between January 2017 and December 2022. The data was open, close, high, and low prices as well as trading
volume on a daily basis.

Models Used:

Traditional Model: ARIMA (AutoRegressive Integrated Moving Average)
Machine Learning Models:

Random Forest

Support Vector Machine (SVM)

Neural Networks (Deep Learning)

O 00 N =

Performance Evaluation Metrics:

We evaluated the models based on three key metrics:

e Mean Absolute Error (MAE): Measures the average of the absolute errors between the predicted and actual
values.

e Root Mean Squared Error (RMSE): Penalizes large errors more than MAE, important for financial predictions.

e R-Squared (R?): Indicates how well the model explains the variance in the data.
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Table 1: Results Comparison
Model Mean Absolute Error (MAE) | Root Mean Squared Error (RMSE) | R-Squared (R?)
ARIMA 2.85 3.12 0.89
Random Forest 1.73 2.04 0.92
Support Vector Machine | 1.91 2.19 0.91
Neural Networks 1.48 1.75 0.94
Results
3.5
3
2.5
2
1.5
1
- - - -
0
ARIMA Random Forest Support Vector Neural Networks
Machine

B Mean Absolute Error (MAE) B Root Mean Squared Error (RMSE) M R-Squared (R?)

Figure 4: Result Comparison

The models based on Al, especially the Neural Networks, were more accurate and better predictors than the classic
ARIMA model. The low MAE and RMSE indicate that machine learning models have the capacity to explain intricate
patterns and trends of stock prices better than conventional approaches. Also, a larger value of R 2 suggests that Al
models are better in predicting the variance in the stock prices, which is more accurate in future predictions.

VI. CONCLUSION AND FUTURE WORK

To sum up, predictive financial decision-making is a revolutionary solution that can be offered by the integration of Al-
based Big Data processing on cloud systems. The framework used in this study proves that the financial decision-
making processes could be improved by providing precise and real-time information to maximize predictive accuracy
and allow risk management processes to be done effectively. Cloud computing, machine learning models, and Big Data
analytics enable financial institutions to analyze large volumes of data without any problems, detecting hidden patterns
and making informed decisions in time. The framework will increase the risks reduction by improving the quality and
acceleration of the decisions made thereby improving the nature of the investment strategies and the response to
variability in the market at a faster rate.

The findings of the analysis demonstrate how the framework is superior to the traditional financial decision making
techniques. Besides improving the accuracy of financial forecasting, it is also scalable, flexible and adaptable, which
have been part of the requirements in the present dynamic financial setting. Its predictive and real time services
processing have rendered the framework to be of paramount significance in the management of portfolios, credit
assessment and fraud identification among other significant financial activities.

Despite the fact that the framework has been shown to be having a significant potential, there are still numerous points
that can be improved in the future. One of the aspects to be enhanced is the use of more advanced deep learning

techniques such as reinforcement learning in enhancing decision-making skills, especially in dynamic and complex
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market environments. In addition, the efficiency of data processing and the decreasing latency will prioritize with the
additional growth in the volume and sophistication of the financial data.

The second potential area of future employment would be the area of data privacy and security, particularly when
referring to the data storing and processing on the cloud. It will be critical to examine ways of ensuring that the
information remains confidential and also, ensure that the framework maintains its scalability and availability.

Finally, the further development of the framework into the inclusion of even more types of diverse data, including
alternative financial metrics or blockchain data, will be capable of enhancing the accuracy and scope of financial
forecasts, further resulting in more complete and efficient decision-making in the future.
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