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ARTICLE INFO ABSTRACT 

 A chaotic, non-stationary, and intricate system, the stock market is always 
changing. A large number of people find value in this investing platform. The stock 
market is still a great place to make money, but investors are wary of it because of 
the inherent uncertainty in the banking sector and a number of other factors.Many 
several aspects that often pass unnoticed by innocent investors. If you want to 
succeed in the stock market, you need to be able to focus on the here and now 
while also giving some thought to how today's events may affect tomorrow. As a 
result, many investors encounter the possibility of failure every day. The current 
situation calls for a Decision Support System (DSS) that can determine the optimal 
time to buy stocks and which stocks to buy based on market trends, financial 
research, and strategy.To help individual investors make informed stock market 
purchases and sales, this study proposes the creation of an AI-based decision 
support system (DSS). To remove the behavioral biases inherent in human 
decision-making and to provide reasonably accurate long-term stock price 
predictions, the financial decision-support system must be based on mathematical 
modeling of the different financial characteristics. In this study, we primarily 
examined the use of two Machine Learning Models: Linear Regression and 
Artificial Neural Networks (ANNs). We discovered that ANNs outperform Linear 
Regression in terms of accuracy because of their capacity to produce non-linear 
outputs. Additionally, we discovered that ANNs are better suited for deep learning 
applications, as they can solve complicated financial regression problems using 
their multiple hidden layers. Neural networks powered by artificial intelligence 
(AI) have the potential to transform the way people make investing and financial 
decisions in almost every way. 
 
Keywords— Decision Support Systems (DSS), Stock Markets, Artificial 
Intelligence (AI), Machine Learning (ML), Mathematical Modeling (MM) 

 
INTRODUCTION 

 
Many individual investors are actively involved in stock trading activities, thanks to advancements in 
information technology, computing infrastructure, and online trading systems. The stock markets are one of 
the leading investment opportunity avenues accessible to millions of investors worldwide.[1] A big financial 
choice for individual investors looking to outperform other financial instruments with their hard-earned 
money is to invest in the stock markets. Those who want to put their money into the stock market should be 
well-versed in the dangers associated with evaluating stocks based on their technical and fundamental 
characteristics. Most people who put their money into the stock market have no idea what they're doing or 
have no idea how to choose stocks because of how complicated the industry is. It is not feasible for many 
segments of the global investing community to employ investment advisers capable of managing their stock 
market assets. Because they have made poor choices without weighing the potential benefits and risks, these 
financial advisers' credibility has been called into doubt on several occasions.[2][3] Many inexperienced 
investors have met their financial demise because of the many inaccurate stock price prediction services 
offered by financial guidance websites. According to the researcher, given these facts, it is necessary to have an 
Automated Decision Support System that can automatically determine the correlation between stock 
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fundamentals and price, conduct in-depth analyses, and build a portfolio of high-performing premium stocks 
to spread out risk and increase returns. Modern banking, payment processing, internet trading, foreign 
exchange, and many other financial services rely heavily on computerized technology. There are a lot of 
algorithmic trading systems that rely on complicated mathematical models, and a lot of them use AI and ML to 
spot fraudulent financial transactions and forecast the stock market. These platforms are revealing a lot about 
the future of the financial industry and are already having a major effect on how it operates.[4] 
Machine learning, a subfield of AI, is revolutionizing several industries, including the banking sector. Machine 
learning systems are able to tackle difficult issues by analyzing historical data and drawing conclusions. A 
subfield of AI known as decision support systems, these tools help users through difficult decision-making 
processes and, in many instances, do it entirely automatically.[5] Domains like the financial industry, which 
deals with massive amounts of data that need quantitative analysis in order to make rapid choices on 
investments, trading, payments, and related topics, are ideal for these kinds of systems. This study's 
overarching goal is to build a Financial Decision Support System (DSS) that can reliably (>80%) determine the 
correlation between key financial metrics and stock prices, run automated (within reasonable margins of error) 
analyses of stock health and risk, and generate superior returns than the market average by selecting a 
portfolio of high-performing stocks.[6] The Financial DSS is built on a Hybrid DSS architecture that combines 
several models into one. One model uses AI and ML to predict stock prices. Another model uses mathematics 
to determine the stock's intrinsic value. Finally, there's a model that measures the stock's overall financial 
health using quantitative financial variables.[7] We will choose the best performing model by evaluating 
several AI/ML algorithms on their ability to forecast stock prices. The suggested model for intrinsic value 
computation in this research is based on the stock life cycle. It dynamically examines profits and growth rates 
for each phase, much like a real-life firm would. As a result, the model accurately mimics the ups and downs of 
the real world. The financial health analysis model is built on key financial ratios of each stock and thoroughly 
examines not only its earnings but also its short-term and long-term debt, revenue and profitability growth 
rates, peer comparison, and intrinsic analysis.[8][9] When building a portfolio, the algorithm takes into 
account the equities with the highest health ratings. According to our research, this study's proposed financial 
DSS is the first of its kind since it integrates three separate models—the AI/ML stock price model, the Intrinsic 
Value mathematical model, and the Comprehensive stock health analysis model—to determine which stocks 
will have the best return on investment and to generate automated stock recommendations[10]. The most 
consequential area of study within financial economics is financial decision-making. When it comes to the 
growth and longevity of the global economic system, the study of financial decision-making ranks among the 
various subfields that fall under the umbrella of social sciences.[11] 
Decisions in the financial sector, like those in other social sciences, rely heavily on anecdotal evidence. 
Statistical inference based on models is the gold standard in financial econometrics. Despite econometrics' 
centrality to other branches of economics, financial decision-making is distinct due to the centrality of 
uncertainty in both theory and practice.[12] 
Human intellect and gut feelings, which are part of Behavioral Finance, are still crucial to financial decision-
making. Business Intelligence (BI) and management information systems (MIS) based systems helps in risk 
assessment and reward estimate, however this is still not enough to improve decision-making 
processes.[13][14] 
Data mining and business intelligence have gone a long way, but there are still a lot of blunders that go into 
decision-making, and bad financial decisions cost stakeholders a lot of money. Business intelligence and 
management information systems (BI/MIS) fail in the financial arena because they are based on complicated 
sets of preprogrammed rules that lack situational awareness and the capacity to adapt to changing ground 
realities. This results in decisions that are not well-informed.[15] 
There isn't yet an algorithm in the financial sector that can evaluate massive volumes of historical data, adjust 
to real-world changes, and make autonomous decisions based on accurate risk-reward analyses in the same 
way that humans can.A branch of artificial intelligence, machine learning enables computers to "learn" new 
tasks and improve at them over time without any help from humans or explicit programming.[16] 
Machine learning seeks to develop programs with the ability to learn from data without human intervention. 
This research presents the idea of an artificial intelligence (AI) decision support system (DSS) to aid individual 
investors in making educated stock market transactions. Financial decision-support systems that rely on 
mathematical modeling of many financial aspects may eliminate human decision-making biases and provide 
relatively accurate long-term stock price forecasts. We propose a novel approach that, by use of mathematical 
models and AI/ML, takes into account the stock's intrinsic value as well as the external factors influencing its 
price. A detailed description of the model and machine learning approaches that would work well with this 
kind of system is provided. We discuss the external macroeconomic factors that affect the stock price and the 
particular features that work for calculating the stock's intrinsic value in the paper's subsequent portions. We 
conclude by outlining the Financial DSS's long-term objectives and development responsibilities and 
discussing the potential advantages of having one for individual investors.. 
STOCK PRICE PREDICTION AND ITS GENESIS - EFFICIENT MARKET HYPOTHESIS 
The two primary traditional methods that are used in the process of forecasting stock prices are known as 
fundamental analysis and technical analysis. Both methods provide predictions about stock prices, but they 
do it in distinct ways.[17] The only data items that are used in technical analysis are the stock price data, the 
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transaction volume, and the intraday changes. There are three financial statements that serve as the 
foundation of fundamental analysis: the profit and loss statement, the balance sheet, and the cash flow 
statement. Studying the research that has been done on these two renowned stock prediction systems is 
something that the researcher is interested in doing so that they may understand about the benefits and 
drawbacks of these systems. The underlying proof that stock prediction is a feasible alternative is provided by 
research that makes use of the Efficient Market Hypothesis (EMH). When it comes to the Efficient Market 
Hypothesis (EMH), there is a lot of debate going on between academics and those who handle money. 
According to the EMH, stock prices have the ability to accurately represent all of the relevant public 
information in any given situation. One of the far-reaching consequences of EMH is that the majority of 
people who participate in the stock market assume that the price difference between the "Buy" and "Sell" 
buttons will result in profits. When it comes to making financial and quantitative decisions, if stock prices 
completely represent all of the facts and the stock markets are efficient, then using price differential theory to 
buy and sell stocks would be more of a practical risk than a skill in terms of financial and quantitative 
decision making.[18] When dealing with a market that is very competitive, it is not reasonable to believe that 
any amount of study or analysis would be able to offer a benchmark that is adequate (such as the BSE 
Sensex). "A market is considered to be "efficient" when all of its players have access to information that is 
both relevant and up to date, and when a large number of rational profit maximizers are actively competing 
with one another to estimate the future market values of particular assets. In the case that there are a great 
number of competent individuals competing in a market that is operating efficiently, there will soon be no 
more competition there. The number of participants in the market and the rate at which information is 
disseminated are directly related to the efficiency of the market. As a result of the fact that financial markets 
are extremely efficient and asset prices reflect all publicly available financial information, the EMH 
hypothesis states that informed investment decisions are not capable of producing excessive returns. The 
EMH hypothesis states that market participants always behave in a rational manner, and arbitrageurs would 
promptly remedy any conduct that may be considered unreasonable. Since stock prices are always 
representative of their fair market value, the core premise of the theory is that it is very difficult, if not 
impossible, to earn a profit by acquiring undervalued stocks at a discount or by selling overpriced shares at a 
premium. This is because stock prices always reflect the fair market value of the stock. When it comes to 
outperforming the market as a whole, professional stock research and market timing strategies that are 
performed well have very little chance of succeeding.. The EMH theory consists of three hypotheses : 

• Weak form EMH - This hypothesis test is based only on past historical information and suggests that the 
current stock prices already discount the past stock data, therefore Technical analysis cannot yield superior 
market returns. It leaves the possibility that superior fundamental analysis can yield better results and 
outperform the overall market. 

• Semi Strong form EMH – This hypothesis asserts that both historical and current public data of the stock 
cannot be used to yield superior market returns. It states that as soon as the stock financial results are 
announced, the prices adjust quickly and discount this information. The summary of this hypothesis is that 
both Technical and Fundamental stock analysis cannot beat the market returns in long term. This form of 
EMH leaves scope for private information about the stock. 

• Strong form EMH – This form of hypothesis states that all the historical, public and private data is 
discounted in the stock prices and there is no scope to predict stock prices and beat the collective market 
return. The degree to which the process may be anticipated is determined by it [9]. 
You can't build a decision tree without a root node, branches, and leaf nodes. Branches and leaves make up 
the rest of the nodes, with the root node at the very top of the tree being the only exception. To guarantee that 
the decision rule or test is followed, the internal node makes use of one or more data characteristics. You may 
define the output using the branch node. Decision trees are among the most used methods for categorization. 
This is because it's possible to train them without understanding how the data is distributed. It also works 
well with data that is both noisy and difficult to understand. 
 
A. AI/ML based Stock Price Models 
In this work, the researcher presents the first subsystem of the DSS namely the AI/ML based stock prediction 
models. As a first step we evaluate the financial variables or the data set that shall be used for building the 
various machine learning models, These models are subjected to historical data financial data and their 
performance is evaluated in terms of accuracy and sensitivity of these models. As a last step various models 
are compared and the best performing model in terms of accuracy, reliability and sensitivity is selected to be 
integrated in to the overall DSS. 
Financial Data Collection Methodology – In this phase, the main focus is on the data sources for the 
identified financial variables during the variable selection phase. The AI/ML models require large amounts of 
historical data for training and building the model, therefore the data sources shall include both historical 
data and the realtime data. The data sources must be online and openly available for efficient and error free 
data collection. In this phase, the researcher develops a software tool known as “Web Crawlers” for automatic 
collection of the data and thus reduces the manual effort in gathering this data with far less manual errors. 
The website which provides open source financial data about stock / companies are analyzed for their formats 
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and the web crawlers are adjusted to collect this data automatically. Once the data is collected it needs to be 
checked for correctness and then it needs to be formatted in a manner that it forms the input for the various 
AI/ML models. Selecting ML During this phase, a number of different supervised learning AI/ML algorithms 
are taken into consideration for the purpose of constructing stock prediction models of various kinds. The 
regression (Numerical Prediction) skills of the models are measured, and the algorithms are evaluated to see 
whether or not they are suitable for use with financial data. On the basis of the aforementioned criteria, the 
AI/ML algorithms are evaluated, and a selection of them is made for the subsequent phase of model 
construction and training. Constructing and Training Artificial Intelligence and Machine Learning Models — 
The first activity that has to be completed during this phase is to choose an AI/ML model construction tool, 
which is also referred to as AI/ML Workbench Software. This tool is intended to be used for the purpose of 
training and validating the stock prediction models. After being cleaned up, the dataset from the previous 
step is then split into two sets: the Training set and the Validation set. The model is developed by making use 
of the financial variables, AI/ML techniques, and output variables that are included in the training data set. 
Following the construction of the model, it is trained on the historical data by making use of the training 
dataset. The "Trained" model is then stored in preparation for the subsequent step of model validation. The 
process of developing stock prediction models is repeated for each of the AI/ML algorithms that have been in 
the running for attention. Validation of Artificial Intelligence and Machine Learning Models Once the 
different "Trained" stock prediction models are ready, these models are validated by utilizing a separate 
validation dataset. A number of different models are executed with the help of the AI/ML model building 
tool, and the results of the predictions are recorded for further examination. Model performance indicators, 
such as accuracy levels, error rates, and other metrics, are computed and recorded for all of the AI/ML 
models that have been shortlisted. These values are derived from the model outputs. 
The development of artificial intelligence has been a game-changer across many different industries, causing 
changes in the way businesses operate as well as the goods and services they provide to customers. Aamodt 
and Plaza (1994) assert that the use of artificial intelligence has had a significant role in the development of 
the stock trading industry. With the help of artificial intelligence, traders are now able to make more educated 
decisions and improve their trading strategies, which ultimately results in more profits and fewer risks. This 
article will examine the role that artificial intelligence plays in stock trading, as well as the benefits, 
drawbacks, and possible future repercussions of this technology. The dramatic growth in popularity of stock 
trading algorithms driven by artificial intelligence may be attributed, in part, to factors such as the increasing 
availability of enormous amounts of data and the advancements in processing power. The mounds of 
financial data that these computers sort through using machine learning techniques include, but are not 
limited to, stock price histories, business financial statements, news items, sentiment on social media, and 
macroeconomic indicators. These are just a few examples. The ability of artificial intelligence systems to 
recognize patterns and correlations allows them to outperform more traditional methods of predicting stock 
prices and market trends. The use of artificial intelligence in stock trading has a number of advantages, one of 
which is the ability to efficiently and quickly manage enormous amounts of data. As a result of their 
incapacity to comprehend the vast volumes of real-time information, human traders often fail to recognize 
opportunities or create opinions based on insufficient information.  It is possible that traders may reap the 
benefits of the enhanced speed and accuracy of AI algorithms when it comes to processing vast volumes of 
data. This would allow them to make more informed trading decisions in real time. Artificial intelligence 
systems are able to do simultaneous evaluations of several aspects and recognize nuanced patterns that 
human traders could overlook. This is the cherry on top. Trading systems that are powered by artificial 
intelligence have a particular edge when it comes to predicting market movements and placing profitable bets 
because of their ability to detect patterns that have been hidden from scrutiny. As an example, artificial 
intelligence algorithms may discover links between stock prices and a variety of economic factors, including 
interest rates, inflation, and consumer sentiment, amongst others. Algorithms that are powered by artificial 
intelligence have the ability to adjust to changing market conditions and provide more accurate predictions 
when they take a more comprehensive perspective on the issue. In addition, the use of artificial intelligence 
for stock trading comes with the additional advantage of being able to learn and improve over time. There is a 
possibility that algorithms that have been taught via machine learning may learn from their errors and 
improve their trading strategies in reaction to new data. Trading systems that are powered by artificial 
intelligence have the ability to learn from their previous errors and enhance their performance in response to 
shifting market circumstances thanks to this capability. 
While there are many advantages to using AI in stock trading, there are also some obstacles. Overfitting is a 
major concern because it happens when algorithms grow too good at predicting previous data and fail 
miserably when presented with fresh, unknown data. False signals and erroneous forecasts may emerge from 
overfitting, which might cause traders to lose money. The fact that AI algorithms are not easily interpretable 
is another obstacle. Intuition and human judgment play a role in traditional trading approaches, which help 
traders comprehend and justify their judgments. Contrarily, the logic behind the forecasts made by AI 
algorithms isn't always obvious to traders because of how complicated and opaque they might be. With the 
increasing use of AI in stock trading, it is crucial for both regulators and traders to establish systems that 
guarantee AI algorithms' decision-making process is transparent and accountable. In the future, artificial 
intelligence will most certainly be much more important in the stock trading industry. Recent developments 
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in artificial intelligence have opened up exciting new avenues for the analysis of unstructured data sources, 
including news articles, social media feeds, and transcripts of earnings calls. Artificial intelligence algorithms 
may now glean sentiment, sentiment, and other useful data from various sources, giving traders a fuller 
picture of the market and letting them make better judgments. 
 
B. Use of AI in technical analysis 
Applying AI and ML becomes a piece of cake when it comes to technical analysis, which focuses on stock 
volume and price movement. By examining the pattern, AI is able to create an algorithm that accurately 
predicts the movement of the stock index. Several forms of data are taken into account and securely ensures a 
sufficient return on investment by handling the data in a certain manner. Short-term and long-term investing 
objectives may be met with the help of AI. The amount of volatility may be reduced with the use of AI, which 
mostly focuses on data mining and makes decisions by reviewing past algorithms and records. Decisions made 
in the long run may benefit from the clear and understandable outcomes produced by AI and ML. 
 
Traders' ability to examine and understand market data in order to make investment choices has been 
revolutionized by the practical uses of artificial intelligence (AI) in technical analysis. Technical analysts may 
sift through mountains of market data, both historical and current, in search of trends, patterns, and trading 
opportunities by using artificial intelligence algorithms and machine learning approaches. Better accuracy, 
better forecasting, and more effective trading methods are the outcomes of this. Pattern recognition is one area 
where artificial intelligence has proven useful in technical analysis. In order to predict how the market will 
behave in the future, AI systems can sift through mountains of price history data, including charts and 
candlestick patterns, and find patterns that repeat. Head and shoulders, double tops, and triangular 
formations are some examples of such patterns. Artificial intelligence programs may identify these trends and 
then indicate to traders whether to buy or sell, enabling them to make educated choices based on past 
performance. Automated trend detection is another use of AI in technical analysis. Artificial intelligence 
models may examine pricing data to determine the intensity and direction of market trends by using machine 
learning techniques. Because of this, traders can see when the market is trending upwards or downwards and 
profit from such shifts. Traders may increase their profits by intelligently entering or exiting positions by 
tracking trends. As an added bonus, technical analysts may use AI to make predictions and projections. 
Artificial intelligence algorithms may learn to recognize patterns and correlations in data by training them on 
price history and other pertinent market indicators. Traders may benefit from the AI models' ability to forecast 
price fluctuations, which in turn helps them to better anticipate market trends and make informed trading 
choices. These forecasts have the potential to shed light on important issues and aid traders in developing 
successful trading plans. Artificial intelligence (AI) has also been useful in improving trading tactics. Included 
in this category are approaches like stochastics, relative strength indicators, and moving average crossovers. 
Trading systems may be made more profitable and efficient with the use of AI models that adjust these tactics 
according to past data and current market circumstances). It should be mentioned that there are several 
difficulties associated with using AI in technical analysis. Overfitting is a problem that may arise when an AI 
model is too optimized for past data and fails to generalize well to new market circumstances. To lessen the 
impact of this risk, it is essential to consistently test AI models on data that isn't part of the sample and to use 
validating approaches that guarantee the models are reliable and resilient. By giving traders access to strong 
tools for evaluating and interpreting market data, the practical application of AI in technical analysis has 
changed the industry. When it comes to optimizing trading strategies, recognizing patterns, identifying trends, 
and making forecasts, AI algorithms really shine. Technical analysts may improve their performance, find 
more lucrative possibilities, and make more accurate forecasts by using AI. In order to keep AI models reliable 
and reduce the danger of overfitting, it is crucial to monitor and evaluate them. As AI continues to grow, its 
practical applications in technical analysis will also evolve, giving traders better decision-making tools.. So, 
basically, Moodle is copyrighted, but there are more liberties one may enjoy. For instance. Copying, using, and 
modifying Moodle is permissible so long as you adhere to the following guidelines: provide credit where credit 
is due; preserve the original licence and copyrights; and licence any derivative work under this licence. The 
open source movement is capturing the interest of educators worldwide after making a big splash in the 
corporate sphere. When it comes to educational use of open source apps, distance learning is at the vanguard. 
Open source online learning environments have recently made strides in reaction to issues with commercial 
systems like as WebCT and Blackboard. A limitation is the inflexibility in creating and incorporating 
personalised learning modules. When making a commercial product, you may only add features that the 
program's developers thought were essential at the time. In an open source learning environment, any learning 
module found on any website for open source software may be downloaded and used. The user may then tailor 
the app to their exact specifications by selecting from a wide range of features and components, such as 
homepage themes, modifying feature layouts, and choices for email, discussion forums, chat, online quizzes, 
and more. Also, the actual code may be changed and altered to suit individual requirements, as suggested by 
the open source definition. Therefore, in the event that the user chooses an open source module. 
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CONCLUSION 
 
With the help of a sound investment plan, artificial intelligence and machine learning may be used to their full 
potential. Consequently, when the goal is not easily defined or expressed, human intervention is necessary to 
correct the combination of decision variables to take emotional and non-systematic factors into consideration. 
With the assumption that every single company and customer starts using If machines can predict how stock 
values will go up and down and make sound investment decisions, we may expect a fully automated stock 
market and an automated return on investment. We need to change our outlook and increase our knowledge 
base to stay ahead in the machine-driven economy. A promising future is ahead for artificial intelligence 
applications in the business sector. The use of AI has the potential to completely alter the way businesses 
operate and create value in many domains, including decision-making, customer experience, analytics, and 
automation. With the further development of AI, businesses will be able to streamline their operations, make 
data-driven decisions, personalize customer experiences, and discover valuable insights. Nevertheless, 
businesses must consider the social and ethical effects of AI before implementing any policies. Businesses may 
seize future opportunities for innovation, growth, and competitive advantage by responsibly embracing AI and 
implementing proper governance. Because of this, they will be able to use AI to its maximum capacity. 
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