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Abstract

Introduction: The incorporation of Al technology in the factors of the financial
market can increase the effectiveness and precision of the predictions. This
research assesses how the application of AI methodologies affects predictive
analytics in the financial industry with emphasis on the following aspects; Al
utilization, satisfaction level with Al-generated predictions, and Al connection to
conventional financial forecasting.

Novelty Statement: Thus, this research offers valuable knowledge about the
fusion of AI and classical approaches to examining financial market forecasts.
Materials and Methods: The study used a cross-sectional survey design with a
respondent sample of 250 financial professionals such as traders, analysts, and
portfolio managers. Participants were administered an AI tool usage,
satisfaction, and challenges self-completion questionnaire that looked like a
structured questionnaire. The outlines of the methods of data analysis include
Descriptive statistics and inferential statistics: regression analysis; Analysis of
variance; and Principal Component Analysis.

Results and Discussion: Through the analysis of the normality tests, it was
evident that normal distribution was absent in several variables thus requiring
non-parametric tests. The coefficient of internal consistency using Cronbach’s
Alpha proved to be very low at 0. 019 therefore implying that survey items need
to be refined. From the PCA results it was predicted that the first element
accounted for 37% of the variance. 49 % of the variation which means that many
factors affect the adoption and efficiency of applications of Al in financial
markets.
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Conclusions: Hence, the study emphasizes the ideas of artificial intelligence in
the context of financial market prediction and the further development them, as
well as the improvements in the survey methodology and the methods of data
analysis. Al shows promise, but other extensive study is required to show the
benefits of Al.

Keywords: Financial Market Prediction, Al Utilization in Finance, Predictive
Analytics Al-driven Forecasting, Financial Professionals, Survey Methodology,
Data Analysis Techniques, Regression Analysis

Introduction

Today artificial intelligence commonly known as Al, is experiencing a
breakthrough in its progress that has affected several fields including the
financial sector. AI has now become equally instrumental in predictive analytics
allowing financial professionals to perform new feats of handling huge volumes
of data and coming to better informed decisions in terms of inventory forecasts
and trends. Predominantly, Al integration is now a high priority for several
financial organizations due to generating and analyzing market trends,
identifying and evaluating risks, optimization of investment strategies using
particular AI algorithms (Samad, 2024) (Machireddy, Rachakatla, &
Ravichandran, 2021a).

However, valuable signs of Al adoption are still observable in financial markets
even though the existing viewpoints still have issues in comprehending the actual
impact of AI. Historic methods of financial forecasting include the time series
models and stochastic models that have been widely used in market predictions,
for many years. Machine learning, deep learning, and natural language
processing, all of them are promising the Al methodology to use in and improve
those models or replace them. In this research, the author aims to analyze how
people are using AI applications together with or instead of conventional
approaches and the extent of advancement they are witnessing in terms of
forecast precision and decisions made (Owen, 2024) (Pattyam, 2021).

As the name suggests, this research aims to identify the factors that influence the
adoption of Al tools in financial markets, the level of satisfaction users have
when working with AI tools, and various implementation issues noted by
professionals in the field. Thus, it is expected that analysis of these elements will
help shed light on how AI is currently evolving the financial market predictive
analytics as well as opening possibilities for future development. The utilization
of artificial intelligence in financial markets is considered one of the
revolutionary advancements in the financial industry in the recent past. Over the
years, with the advancements in AI technologies, the use of predictive analytics
in trading has been widely appreciated by traders, analysts, and portfolio
managers (Nahar, Hossain, Rahman, & Hossain, 2024) (Perumalsamy, Althati, &
Shanmugam, 2022).

The financial industry creates massive quantities of data daily such as stock data,
market trends, news sentiment, and more. In the past, financial professionals
have used conventional methods that include time series methods, stochastic
models, and statistical methods to work on this data and arrive at conclusions.
Although these methods have been partially useful the speed and dimensionality
of today’s financial markets require more sophisticated techniques that can
analyze and discover more complex dependencies in larger datasets. This is
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where AI comes into the picture (Ochuba, Adewunmi, & Olutimehin, 2024)
(Milana & Ashta, 2021).

Machine learning, deep learning, and natural language processing (NLP) are the
areas of Al that have changed the way data is analyzed where systems can learn
from data and make more accurate predictions from existing data. Another
interesting application of the AI models is that they are excellent at identifying
non-linear relationships that are characteristic of the financial markets. Besides
the usual treaty financial data, Al in the end can analyze other data sources such
as newspaper work or sentiment analysis of social media, giving a contrasting
picture of the market. This makes for better forecasts, a better response to
market swings, and the creation of better trading models (Abbasov, 2024) (G.
Kumar, Jain, & Singh, 2021).

However, there is no denying the fact that the incorporation of AI in the
predictive analytics of the financial markets comes with certain difficulties. This
raises concerns, especially in regards to the explainability of the decision-making
process behind the models; many Al algorithms such as deep learning models
are black-box systems, which makes it hard for the financial gurus to decipher
the logic behind the outcome of the models. Transparency and explainability are
a must within financial markets because such market players rely on and justify
their actions. One of the challenges that have been observed in the use of Al
systems is the non-interpretable nature of these systems which is a major issue
particularly where the industry requires a high degree of responsibility. Further,
it is arguably true that data quality and availability present some of the more
complicated issues in such systems. In such dynamic and volatile environments
that the financial markets, information noise or incomplete information always
poses some challenges to the performance of the AI models (Adeoye et al., 2024)
(L. Cao, 2022).

The last exhaustive strategic issue is the hybridization and quantification of the
strategies and tactics requiring balancing between the best practices in financial
forecasting and the use of artificial intelligence tools. It has been seen that many
financial establishments still use traditional techniques such as Monte Carl
simulations, stochastic modelling, and time series. Although there could be some
gains in terms of speed and efficiency, there is always certain consumer
reluctance to switch to new AI holistic models. Thus, we end up with a mixed
approach in which AI solutions are incorporated into other approaches to
augment decision-making frameworks. Another important issue examined
throughout this research is how the concepts of Al are likely to be most effective
when applied to these conventional strategies. There is also the angle of the
professionals applying Al in the financial markets whose adoption of the tools
also determines its uptake (Ahmadi, 2024) (Machireddy, Rachakatla, &
Ravichandran, 2021b).

There are many types of financial practitioners including trading, analysis, and
risk management, that may have fairly well-developed knowledge in finance but
less in IT. This paper reveals that the readiness for using Al tools, the satisfaction
with the results, and the perceived benefit of Al in improving decision-making
processes play a key role in assessing the role of Al in the given sector. Evaluating
the levels of satisfaction regarding the implementation of AI tools, and the
frequency of their use in their workplace can offer a preview into the real-life
problems these specialists have to encounter and the obstacles to the Al
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application on a large scale. Consequently, this research aims to establish the
extent to which Al is incorporated in the modelling of the financial markets by
assessing the sentiments of competency and utilization of AI tools amongst
financial market practitioners. Given this, the study will pursue the following
variables: The type of Al methodologies used (Addy, Ajayi-Nifise, et al., 2024)
(Settibathini, Kothuru, Vadlamudi, Thammreddi, & Rangineni, 2023):

This refers to the types of artificial intelligence methodologies that are used to
predict different aspects of the business, satisfaction rate on Al-generated
prediction: This relates to the level of satisfaction that business organizations
using Al have on the output generated by the AI system, comparative analysis
between AI and conventional financial forecasting techniques: This will help to
compare between the conventional financial forecasting methodologies
Moreover, the proposed study will also make a focus on the weaknesses of
implementing artificial intelligence in the sphere of finance and include data
quality, overfitting, and other disadvantages. The results will be significant to
financial specialists and other individuals involved in the creation of the main
aspects of Al and its optimization, for they will reveal the crucial opportunities
and difficulties in the use of AI elements in predictive analytics (N. Kumar,
Agarwal, Gupta, Tiwari, & Tripathi, 2024) (Pattyam, 2020).

Concisely, this research aims to uncover the possible role of AI in predictive
analytics of the financial market with a special focus on the connection of AI with
conventional methods of forecasting. Therefore, through exploring the views and
encounters of financial professionals applying Al in their work, this paper will
offer insights into how AI has value in enhancing the prediction of market trends,
decision-making, and risk management. The findings of this study would help
institutions and other stakeholders in the financial industry when making
decisions about the adoption and further evolution of Al as a means to improve
market forecasts (Olubusola, Mhlongo, Daraojimba, Ajayi-Nifise, & Falaiye,
2024) (Doumpos, Zopounidis, Gounopoulos, Platanakis, & Zhang, 2023).

Literature Review

There has been a rise in interest in implementing Al in the financial markets,
especially for the enhancement of predictive analytics. The key promises of Al in
the context of money-related decision-making are in AI’s capacity to analyze vast
amounts of information, discern patterns, and provide precise estimates in the
process. The details of these areas include The various use cases of Al in the
finance fields, AI about conventional forecasting techniques, the strengths and
weaknesses of the AT methodologies, and the difficulties of incorporating an Al
approach in the financial markets.Al in Financial Markets: Applications and
Techniques which has been successfully applied in different fields have been
discussed in this chapter. Al is well applied in the financial industry primarily in
the field of analytics. Among the most popular AI methods, one can distinguish
Machine learning (ML), Deep learning, and Natural Language Processing (NLP)
(Rane, Choudhary, & Rane, 2024) (Kondapaka, 2019).

These techniques are used in predicting the share prices, evaluating the risks,
managing the portfolios, and finding fraudulent practices. Decision trees,
support vector machines, and random forests are the categories of machine
learning algorithms mostly applied in the financial markets for forecasts.
Algorithms can assess historical data on prices in the market to then be able to
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predict its trends in the future. It has been noted that when using ML algorithms,
the effectiveness of the techniques is higher when compared to the traditional
statistical models, particularly when the application is on large datasets and the
use of modes that capture non-linear relations. In addition, the application of
ensemble learning, which utilizes several models to enhance prediction
performance, has gained much attention in the financial markets, especially in
recent years. Machine learning particularly deep learning has recently started to
be used in the analysis of financial markets because it can analyze unstructured
data like news articles, sentiment analysis on social media, and financial reports,
among others (Che, Huang, Li, Zheng, & Tian, 2024) (Goodell, Kumar, Lim, &
Pattnaik, 2021).

Some current studies using deep learning models including convolutional neural
network (CNN) and recurrent neural network (RNN) focus on analyzing the
sentiment of the market and forecasting the trend of the stock. NLP especially
has helped to analyze terabytes of textual data, and finally bring qualitative data
such as news sentiment and company reports to financial quantitative models.
While showing the high effectiveness of the applications of AI in financial
markets, the extension of the combination of AI with characteristic tools of
forecasting is considered as further research. Some financial institutions still do
not entirely adopt Al-driven techniques as the principal one and offered using Al
tools in parallel with conventional ones. Thus, this approach helps to find the
best characteristics of an Al model and other methods, including time series
analysis and stochastic modelling, for the financial professionals’ decision-
making needs (Kamruzzaman, Alruwaili, & Aldaghmani, 2024) (Nimmagadda,
2022).

Traditional Financial Forecasting Methods

Conventional approaches include time series analysis, stochastic model and
projection, and Monte Carlo simulations, which have been adopted by most
financial specialists to predict the markets. Among the wide range of methods
that can be applied to the analysis of financial markets, the technique of time
series appears to be the most valuable and effective for financial market
predictions. For example, autoregressive integrated moving average (ARIMA)
models have been widely used to predict the behaviour of stock prices as well as
the country’s stock market index using historical data. These models have
shortcomings such as the inability to handle non-linear models between the
variables of interest, and sizeable data sets (Moinuddin, Usman, & Khan, 2024)
(Ferreira, Gandomi, & Cardoso, 2021).

Stochastic models that are based on the principles of probability and uncertainty
have also been applied widely for the analysis of financial markets. These models
are quite applicable when it comes to options pricing as well as the evaluation of
the risks involved. In Monte Carlo simulation, the result is obtained based on a
given number of randomly generated inputs; the technique can be used in
evaluating the risks and rewards that may be associated with investment
portfolios. Even though such approaches have been used to provide solid
solutions in some fields, they do not scale well in modern high-dimension and
stochastic financial markets seem to be inapplicable during the big data era (Udo,
Ochuba, Akinrinola, & Ololade, 2024) (Sheng, Amankwah-Amoah, Khan, &
Wang, 2021).
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Benefits of Al in Predictive Analytics

Real-time processing of large datasets as well as the accurate and fast
determination of relationships and trends that are present in the financial
markets is one of the main reasons why AI has become a popular tool for the
analysis of the financial markets. Thus one of the strengths that have been put
forward for the use of Al is its ability to analyze big data where the size and
structure are not easily manageable by traditional models, for instance, text-
based articles, social media posts, and financial reports among others. Al
involves the application of qualitative data so that it gives more aspects of its
analysis of markets. Besides, due to the learning capacity that allows for the
adaptation of model prediction on the base of historical data, Al is suitable for
financial markets, which are rather volatile and changing rapidly. For instance,
machine learning algorithms can be trained with historical market data, and as
new data pops up, the existing algorithms are revised (Addy, Ugochukwu, et al.,
2024) (Nimmagadda, 2021).

This creates the ability for AI-driven models to learn and as a result, enhance the
capability of the models to predict future changes in the market conditions.
Another key benefit that Al brings to financial market analysis is the capability to
determine intertwined non-linear relationships between two variables. Simple
models like ARIMA models are not suited to capture such nonlinear
relationships between the market variables that may exist. Recurrent and deep
learning models and many others can easily detect such non-linear patterns and
hence come up with better predictions. Several challenges have been observed in
the adoption of AI in financial markets which include the following (Ajiga,
Ndubuisi, et al., 2024) (Aldoseri, Al-Khalifa, & Hamouda, 2023);

However, like any other field, AI-driven predictive analytics in financial markets
also has the following challenges. Arguably the first drawback is the famous black
box problem, which works around the inability to decipher how the AI model
arrives at the final decision-making. However, this can be disadvantageous to the
financial profession since the bureaucrats fail to be transparent in their decision-
making to show that their models meet the required set standards. In the sectors
where the decision is sensitive and the Al recommendations are to be followed,
the models cannot be fully adopted due to explainability issues as the decision-
making has to be transparent in most financial institutions. The other concern is
the quality of data that is used in the study. Many factors affect the financial
markets, and the data applied in AI models has to be quality and accurate as well
(Soundararajan & Shenbagaraman, 2024) (Kovacova & Lazaroiu, 2021).

This is so because noisy or incomplete data can create erroneous models to be
used in predicting changes in the market, a situation that can threaten the
financial stability of the business. The dependability and quality of data fed into
the AI models is crucial in its efficiency. Overfitting is another problem that is
quite frequently observed in Al, particularly when it comes to the use of
predictive analytics. Overfitting is normally a result of using too many
parameters whereby the model captures the noise rather than the actual trends.
This situation can create models that give good predictions for past data but give
bad results when dealing with new data or unseen data. Two of the common
methods used to prevent overfitting include cross-validation and regularization
which remain a major problem in the application of artificial intelligence in the
evaluation of the financial markets (Ajiga, Adeleye, et al., 2024) (Deekshith,
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2019).

Last but not least, the incorporation of AI with the usual techniques used in
financial forecasting brings into the arena problems concerning the limitations
and the advantages of each either independently or the combined methods. Al
has the advantage of more flexibility, as well as its ability to analyze vast amounts
of data, but traditional approaches offer more rigorous conceptual models for
analyzing the market. It is clear, therefore, that there is a need to find the right
balance between Al-based models and more classic approaches still to be used by
financial experts interested in enhancing predictive analytics capabilities
(Venkataramanan, Sadhu, Gudala, & Reddy, 2024) (Nti, Adekoya, & Weyori,
2020).

Research Methodology

The research method that would be used in the study titled “Integrating AI and
Methodological Approaches for Enhanced Predictive Analytics in Financial
Markets” is a quantitative research approach that utilizes documented studies,
statistics, and other numeric values to analyze the extent of the impact AI can
bring into the financial markets as far as enhanced predictive accuracy is
concerned. For this study, the following key steps in the methodology will be
applied with the view of realizing the objectives of the study; Research design;
Sampling techniques; Data collection methods, and data analysis methods
(Venkataramanan et al., 2024).

Research Design

In the study, the survey research design is used in that enables the researcher to
obtain data from a large number of participants within a short time and at a
single period. As for the given design, this design can be useful for finding out the
present trends and behaviour of these financial experts in utilizing Al to predict
the markets. Based on this study’s cross-sectional research design, it will be
possible to obtain a point estimate of how Al is incorporated within financial
predictive analytics and its efficiency in improving decision-making (Edunjobi &
Odejide, 2024).

Sampling Strategy

The target population of this study is the working population in the financial
markets particularly the financial professionals, traders, analysts, portfolio
managers, or risk managers. The method that will be used in this respect is the
use of stratified random sampling which will enhance a representative sample.
Using a purposive sampling technique it will be possible for me to define specific
subgroups within the sample based on the roles and responsibilities of
participants, years of experience, and the degree of use of Al technologies in
financial forecasting (Dakalbab, Talib, Nassir, & Ishak, 2024).

This will enhance the chances of having representation for all subgroups that
exist hence enhancing the generality of the results. To accomplish these tasks and
rituals, the number of participants would be approximately 250 since this
number of participants provides adequate statistical properties and control of
efforts in the data collection process. The sample size will be calculated by power
analysis, to guarantee that the chosen samples are sufficient to produce large
differences or correlations within the data (Adesina, Iyelolu, & Paul, 2024).
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Data Collection

Data will be received using a structured questionnaire which has been developed
for this research only. It will comprise closed-type questions to enable the
researcher to gather data that will be easy to analyze. The variables include the Al
tools utilization frequency, the nature of the AI methodologies implemented,
including machine learning, and thus deep learning and neural networks, the
satisfaction with AI results in terms of accuracy of the predictions, and the
correspondence of the Al predictions with the conventional financial forecasting
approaches used (Ofodile et al., 2024).

The questionnaire will also ask the participants about the perceived barriers and
constraints to integrating AI in the financial markets including data quality
problems, overfitting, and the lack of transparency of the algorithms used in Al.
To improve the credibility and accuracy of the data, the questionnaire will be pre-
tested on a sample of financial professionals before the actual administration of
the questionnaire on the entire population. This will be helpful in as much as it’s
necessary to determine if there is any possible bias or ambiguity in the questions
that have been given to the survey (Bello, 2024).

Data Analysis

After data collection, the data will be analyzed by statistical tools like SPSS or R
Descriptive statistics will be used to describe the characteristics of the
participants and provide some statistics on Al usage, satisfaction level on the
amount and type of data, and the methods used along with AI. Descriptive
statistical tests will be utilized for hypothesis testing including regression
analysis that will be used to determine the relationship between variables such as
the frequency of the use of Al tools in practice and the general increase in
predictive accuracy. Descriptive statistics will also be employed to compare the
levels of satisfaction within and between different groups in the population such
as by the role or the level of experience if any, significant differences will be
detected by the ANOVA means (S. S. Cao, Jiang, Lei, & Zhou, 2024).

Further, the correlation analysis may be followed by the factoring of the data to
determine other factors that could affect AI performance in predicting the
financial markets. For instance, the study might identify specific factors that
enable or inhibit Al use in organizations or it might note patterns of difficulties
that prevent efficient Al implementation. Pearson’s correlation coefficients will
also be employed to establish the nature of the relationship between the degree
of Al usage and other conventional analytical methods for financial forecasting
including time series analysis, stochastic analysis, or Monte Carlo analysis. These
relationships will provide insight into whether or not AI is supportive or
substitutionary to traditional approaches (Farayola, 2024).

Ethical Considerations

Attention will be paid to ethical issues in the course of the study to guarantee the
participants’ rights and anonymity. All participants’ consent to participate in the
study will be sought and their identity will not be disclosed in the responses they
will give. To ensure the confidentiality of the data collected, the questionnaires
and all the information received will be kept on a password-protected database,
to which only the research team members will have access. This study will also
make sure that the participants will have the right to withdraw from the study at
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any time without any repercussions (Kanaparthi, 2024).

=5
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Data Analysis
Cronbach's | PCA

Normality Test Alpha Explained
{'Statistic:  0.908736526966095,  ‘p-value":

Al_Techniques_Used 3.296823924969772e-11} 0.01901 0.374916
{'Statistic:  0.8853597044944763, ‘'p-value":

Age 8.313086547265258e-13} 0.01901 0.374916
{'Statistic:  0.9069036245346069, ‘'p-value":

Challenges_in_Al_Integration 2.4182341892831083e-11} 0.01901 0.374916
{'Statistic:  0.9191805720329285, ‘p-value":

Current_Role 2.0939237843631275e-10} 0.01901 0.374916
{'Statistic:  0.8976353406906128, ‘'p-value":

Data_Types_Used 5.35234617043967e-12} 0.01901 0.374916
{'Statistic:  0.8613827228546143, 'p-value":

Frequency_of Al_Use 3.141051600676764e-14} 0.01901 0.374916
{'Statistic:  0.8544470071792603, 'p-value"

Future_Role of Al 1.3117642653256555e-14} 0.01901 0.374916
{'Statistic:  0.7968351244926453, 'p-value"

Gender 2.3992979163308957e-17} 0.01901 0.374916
{'Statistic:  0.6356271505355835, 'p-value":

Implemented_Al_Tools 9.165368436624566e-23} 0.01901 0.374916
{'Statistic:  0.8771349787712097, 'p-value"

Importance_of_Al_in_Enhancing_Methods | 2.572666472216989-13} 0.01901 0.374916
{'Statistic:  0.8871616125106812, 'p-value":

Improvement_in_Accuracy with Al 1.0831255597282263e-12} 0.01901 0.374916
{'Statistic:  0.8931877613067627, ‘'p-value":

Likelihood_to_Increase_Al_Use 2.6810177342073693e-12} 0.01901 0.374916
{'Statistic:  0.8868770599365234, ‘'p-value":

Satisfaction_with_Al_Accuracy 1.0386047490790196e-12} 0.01901 0.374916
{'Statistic:  0.8990445137023926, ‘'p-value":

Significance_in_Improvement of Returns | 6.691177126261216e-12} 0.01901 0.374916
{'Statistic:  0.8986945748329163, ‘'p-value":

Traditional_Methods_Combined 6.3290809225458045e-12} 0.01901 0.374916
{'Statistic:  0.8819923400878906, 'p-value"

Years_of Experience 5.108341050510945e-13} 0.01901 0.374916

Statistical Test Results

Test |Details |
INormality Test [Most variables show non-normal distribution (p < 0.05)|
ICronbach's Alpha [Cronbach's Alpha = 0.019 (low internal consistency) |

‘PCA Variance ExplainedHPCA's first component explains 37.49% of the variance ‘
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Distribution of Satisfaction with Al Accuracy
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Interpretation of Statistical Tests and Figures

The tests administered help in the assessment of the reliability, normality, and
variance in the set of data concerning Al integration in predictive analytics in the
financial market (Selvaraj, Althati, & Perumalsamy, 2024).

Normality Test

The Shapiro-Wilk normal test statistics and the results depicted below indicated
that most of the variables such as Age, Gender, Years of Experience, and
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satisfaction with AI accuracy are not normally distributed since their P-values
<0. 05. This implies that this data is non-normally distributed which is usual in
cases where the data has been collected from online surveys with categories or
Likert scale questions. Looking at the histogram presented in the Satisfaction
with Al Accuracy figure it can be noted that the distribution of the responses is
not normal hence impacting the choice of the tests that will be used in further
analysis. Other non-parametric methods may be appropriate because of these
distributions (Odonkor, Kaggwa, Uwaoma, Hassan, & Farayola, 2024).

Reliability Test

To measure the internal consistency reliability Cronbach’s Alpha value of 0. After
entering the scale 019 Very low internal consistency has been attained on the
Likert scaled items like Satisfaction with AI accuracy the importance of Al in
enhancing methods and the likelihood of increasing use of Al. This low value
leads to conclusions that these variables may not be much related or may not
reflect a single unified concept that is being measured. The findings suggest that
internal consistency might have to be either of the following: either adjustment
or elaboration of the particular questionnaire items or enlarging the scope of the
studied sample. Maybe, other scales or measures should be used to achieve better
measurement of the intended construct (Oyeniyi, Ugochukwu, & Mhlongo,
2024).

PCA Variance Explained

The Eigenvectors by Principal Component Analysis (PCA) show that Eigenvalue 1
is equal to 37. This model explains 49% variance in the variables under
consideration for data sets. This means that, although there is a possibility to
explain part of the dispersion of the values within this set by a single component,
it is impossible to explain most of the variance. This is best illustrated by the bar
graph for PCA variance explained given below which indicates that the first
component accounts for less than half of the total variance. This indicates that
there are probably many factors or components that helped to shape the dataset
and that the co-dependence of the variables is not completely straightforward.
The remaining components, thus, would be required to be looked at to explain a
lot more of the variance (Chowdhury, 2024).

Discussion

The results of the statistical tests offer a better insight into the data that was
gathered in the study of Al in integration predictive analytics within the financial
market. Analyzing the results of the normality test, it was observed that most of
the variables like Age, Gender, and Satisfaction with AI Accuracy are not
normally distributed which is fairly common in the case of survey data. This
means that responses can be conditioned and or biased or even clustered on
some specific values showing perhaps strong related sentiments and or
experiences among the participants. Due to this non-normality of the data, the
researchers may have to carry out additional analysis using non-parametric tests
since these tests condone the normality of the data (Karthiga et al., 2024).

The value of Cronbach’s Alpha of 0 is low which means that the internal
consistency of the scale is low. 019, regarding variables such as Satisfaction with
Al Accuracy and Likelihood to Increase Al Use indicate low internal consistency
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thereby suggesting that Cl 1 does not possess good internal consistency, and the
items in the construct are not measuring a similar or the same construct. This
could be perceived to mean that the questions asked in the survey require the
arrangement of the survey questions or even the survey questions require closer
scrutiny to make them better in the sense that they capture the intended
dimensions of Al satisfaction and its effectiveness in enhancing the decision-
making process (Adeyeri, 2024).

The analysis conducted by using the Principal Component Analysis (PCA) found
that the first component represents a variance of 37. This distribution explains
49 % of the difference, suggesting that, although some connection between the
variables does exist, none of them is completely determinative for the other. This
indicates that several factors might present the degrees of both adoption and
satisfaction concerning Al technologies in financial markets, and thus a broader
perspective is needed to capture this reality. The analysis of the statistical tests
points to the fact that data is not trivial and there exists room for methodological
enhancement in subsequent research (Kayode & Paris, 2024).

Conclusion

Several valuable findings have been made while studying the dataset on the
usage of Al in predictive analytics of the financial market. These two variables
are analyzed without assuming normality of their data distribution, as in
Satisfaction with AI Accuracy and Likelihood to Increase AI Use the data
distribution may be skewed or clustered, respectively; therefore, it is appropriate
to apply non-parametric statistics for more sophisticated data analysis. These
include; The Cronbach’s-alpha value of the survey indicates measure reliability
and there are still small variations within the questionnaire items which point
towards the need for more improvement in the questionnaire design and refining
the sort of measurements to get more valid perceptions of the participants
towards the role of AI within the financial markets.

Additionally, the PCA quantification gives out a view that no factor is highly
influential in defining the database, across the first principal component with
37%. 49% of the variance. This implies that many other different factors could
determine the extent to which this type of technological advancement is
embraced in the financial markets as well as how effective it is. In conclusion, the
study is useful to underpin the current research concerning the role of Al in the
financial market, but changes to the methodology should be made: in terms of
using the more appropriate questions in the survey and choosing the best
suitable statistical analysis to obtain more accurate conclusions.
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