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Abstract
Artificial intelligence is increasingly used in financial markets to analyse large volumes of historical data and support trading decisions. This project shows the pattern and application of an AI Bank Trading System for financial market prediction using machine learning and deep learning techniques [1]. This procedure was developed as a bank-style decision-support prototype capable of processing historical stock market data, calculating technical indicators, generating market-direction predictions, and displaying results through an interactive dashboard [1].
Historical Apple Inc. stock data covering the period from January 2020 to January 2025 was obtained and processed using Python. Feature engineering was applied to generate indicators including moving averages, exponential moving averages, Relative Strength Index, Moving Average Convergence Divergence, Bollinger Bands, momentum, volatility, and daily returns. They are used to train and evaluate several classification representations, including Logistic Regression, Random Forest, Gradient Boosting, and a Long Short-Term Memory neural network [1].
The final prototype integrated Random Forest and LSTM models into a Streamlit dashboard. Users can select a model and receive a BUY or SELL recommendation together with a confidence score. The system also provides market visualisations, technical analysis, model evaluation, portfolio simulation, and comparison with a Buy-and-Hold strategy [2].
The results demonstrated that artificial intelligence models can be successfully integrated into an accessible financial decision-support environment. However, the evaluation also showed that financial market prediction remains difficult because of market volatility, noise, changing economic conditions, and the limited use of a single historical stock dataset. The system should therefore not be considered a replacement for professional financial judgement or a guarantee of profitable trading. Future development could include real-time data, multiple stocks, news sentiment analysis, improved model optimisation, portfolio risk management, and secure cloud deployment [2].
Keywords: artificial intelligence, financial market prediction, LSTM, Random Forest, algorithmic trading, technical indicators, Streamlit.
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[bookmark: _Toc237097564]Introduction

[bookmark: _Toc237097565]1.1 Background Study
Financial markets play critical roles in the global economy by aiding or facilitating the exchange of financial products such as bonds, commodities, stocks, and foreign exchange. Banks, investors, and corporate institutions rely on market analysis to construct knowledgeable trading and investment choices. However, predicting stock market movements remains an intriguing task owing to the unpredictable and dynamic environment of the market [3]. Many influences, including fiscal policies, economic indicators, investor sentiments, political events, and global economic conditions, influence market and stock prices. These factors make the financial market highly volatile and difficult to predict with traditional analytical systems [3]. 
Usually, financial analysts have relied on technical and fundamental analysis to forecast market trends. Fundamental analysis weighs the essential value of financial assets using financial assets by examining financial statements, macroeconomic indicators, and company performance, while technical analysis depends on trading volume, past price movements, and chart patterns to forecast future market trends. However, these strategies have been widely used, but they usually require extensive human expertise and will not adequately catch the complex, nonlinear connections that exist within financial markets [3]. 
Rapid advancement of Artificial Intelligence (AI) has brought in more sophisticated ways for analysing financial data and enhancing estimation accuracy. Artificial Intelligence assists computer systems to simulate human intelligence by studying historical data, identifying hidden patterns, and forecasting with minimal human interference. The major branches of AI are ML, which develops algorithms that enhance their performance through learning and understanding. Recently, Deep Learning, a specialised branch of ML, has acquired enormous interest owing to its capability to process huge datasets and intricate models [3].  
Artificial Neural Networks (ANNs) are computational representations inspired by the structure and functioning of the human brain. They are made up of interconnected artificial neurons capable of learning intricate relationships from datasets. Conventional neural networks have demonstrated success in solving regression and classification problems and are less affected when dealing with time series or sequential data because they do not retain information from past observations. As financial market data consists of continuous sequences of historical prices, which is an approach of remembering previous information is required [4].
To address this issue, Recurrent Neural Networks (RNNs) were built to deal with sequential data by preserving evidence from earlier times. However, traditional RNNs have an issue of vanishing gradients, which reduces their ability to understand long-term dependencies in extended sequences. Long Short-Term Memory (LSTM) is an advanced form of RNNs, which was introduced to overcome this challenge through the use of memory cells and a gating or access control mechanism that selectively stores, retrieves, and updates relevant information over an extended period of time. This ability makes LSTM particularly suitable for financial market prediction, as future market movements are genuinely influenced by historical price behaviour [4].
The banks and financial institutions have, in recent years, adopted AI-driven trading platforms to support investment decisions, detect market trends, automate trading strategies and improve risk management. AI-powered trading systems analyse substantial amounts of historical datasets and streaming financial data to produce intelligent trading indicators such as Buy, Hold or Sell. The system helps reduce human biases and errors, improve the policymaking process, and enhance the proficiency of financial markets [4].
Despite these advancements in developing a reliable financial market prediction system, there are still significant research challenges owing to the uncertainty and complexity of the financial markets. Therefore, there is a growing need for intelligent systems capable of learning from historical market behaviour and adjusting to shifting market situations [4].
The proposed system will collect historical financial market data, preprocess the data, train an LSTM model to learn market patterns, and generate predictions that support investment and trading decisions. By applying deep learning techniques to financial forecasting, the study seeks to demonstrate the effectiveness of LSTM-based neural networks in improving prediction accuracy and supporting intelligent decision-making within the banking and financial sector [4].
[bookmark: _Toc237097566]1.2 Problem Statement
The stock market is characterised by its uncertainty, volatility, and rapid fluctuations in asset prices. These are factors that influence market conditions, such as economic indicators, investors' or business confidence, political events, unexpected financial crises, and global market conditions. Therefore, it has become necessary to accurately predict market movements; this is the predicament faced by banks and other financial institutions [5].
Traditional systems of financial market analysis rely heavily on historical data, financial reports and the expertise of financial analysts. While these methodologies provide valuable insight, they are subjective, time-consuming and may not effectively capture complex and nonlinear relationships that exist within the financial market data. Consequently, making investment decisions based solely on these factors may lead to inaccurate forecasts and increased financial risk [5].
Although AI has introduced new avenues for improving financial market predictions, many existing prediction systems are still struggling to model future dependencies in time-series financial forecasts. A conventional ANN has limited memory capabilities and less effect on learning patterns that extend across a long sequence of historical market data. This challenge can reduce the accuracy level and affect the quality of decision-making [5].
LSTM was established to tackle these concerns by retraining relevant historical data and learning long-term patterns within serial data. Despite their effectiveness, there is reluctance on the part of some financial institutions to adopt them, particularly those in developing economies. We can trace the reluctance to adopt a fully AI trading system to limited technical expertise, concerns about reliability, and implementation challenges [6].
It is, therefore, critical to construct and employ an AI Bank Trading System that utilises an LSTM neural network to analyse historical financial market data, generate intelligent trading signals and future market trends. Such a system will improve forecasting accuracy, reduce reliance on manual systems analysis, support better investment decision-making, and improve the efficiency and performance of financial market operations [6].
This problem statement is academically appropriate as it identifies the real-world challenges of financial market volatility and prediction difficulties, highlights the limitations of current systems, identifies the gap between traditional methods and conventional ANNs, and justifies LSTM [6].
[bookmark: _Toc237097567]1.3 Aim of this Study
This study aims to design and implement an AI Bank Trading System that utilises an LSTM) neural network to predict financial market trends and generate intelligent trading signals that support investment and trading decisions [7].
[bookmark: _Toc237097568]1.4 Objectives of this Study
Here are my specific objectives:
· Examine the application of AI and DL techniques in financial market predictions.
· Collect and preprocess historical financial market data for model training and testing.
· Design and develop an LSTM-based neural network for predicting future financial market movements.
· Train and assess the efficiency of the new LSTM model using suitable performance metrics [7].
· Develop an AI Bank Trading System capable of generating trading recommendations such as Buy, Sell, or Hold based on the model's predictions [7].

[bookmark: _Toc237097569]1.5 Research Questions
This study seeks to answer the following research questions:
· What are the limitations of traditional methods used for financial market prediction?
· How can an LSTM neural network be harnessed to guess financial market trends using historical market data [8]?
· How effective is an LSTM-based AI Bank Trading System in predicting financial market movements?
· What level of prediction accuracy can be achieved by the proposed LSTM-based trading system [8]?
· How can the developed AI Bank Trading System generate trading signals (Buy, Sell, or Hold) to support investment decision-making?
· What are the likely advantages and challenges of implementing an AI-based trading system in the banking and financial sector [8]?

[bookmark: _Toc237097570]1.6 Significance of this Study
This is critical because it demonstrates the application of AI. Particularly the LSTM neural network in the financial market and intelligent trading. The findings and developed systems will benefit many stakeholders in the financial sector, banking, software developers and researchers [9].
The system will provide an intelligent trading system for stakeholders [9] capable of analysing historical financial market data, supporting risk management decisions, and generating market predictions to support investment decisions. It will help financial analysts make faster, data-driven decisions and more informed decisions while reducing reliance on manual systems [9].
Traders and investors will benefit from this proposed AI Bank Trading System through improved prediction of market trends and the generation of trading signals such as Buy, Hold or Sell. It will support better investment decisions, increase profitability, and reduce uncertainty. and improve portfolio performance. This study also offers decision support tools for financial analysts, as it complements traditional systems of market analysis. It will enhance prediction efficiency and reduce the time required for market analysis because it can automatically identify complicated patterns in stock market records [9].
This study is also significant to students and researchers because it contributes to the growing body of knowledge and understanding on the application of AI and deep learning in financial forecasting or prediction. It is a useful reference for future studies on AI-based financial prediction models, trading systems, and machine learning applications in banking and finance. Software developers and Artificial Intelligence practitioners can leverage this study as a practical guide for designing and implementing intelligent financial applications built on DL methods. LSTM neural networks, prediction algorithms, and trading signal generation into a functional software system [9].
Finally, this schoolwork adds to the advancement of smart financial technologies by demonstrating how LSTM neural networks enhance the prediction accuracy of the financial market and better support decision-making within the banking and financial service industry [9].
[bookmark: _Toc237097571]1.7 Scope and Limitations of this Study
The Scope
The work is focused on the design and implementation of an AI Bank Trading System for Financial Market Prediction using an LSTM neural network. The system will analyse historical data, predict future market trends and identify patterns in time-series data. Based on these predictions, the system generates trading signals in the form of Buy, Sell, or Hold to support investment decisions. This study covers the gathering and preprocessing of historical market data, the development and training of the LSTM models, future engineering, and the estimation of the model’s operation using appropriate prediction metrics. The prediction includes a dashboard or user interface through which users can view market predictions and trading recommendations [10]. 
[bookmark: _Toc237097572]1.8 Limitation of this Study
Despite the expected benefits of the new system, this study reveals several limitations. The accuracy of the prediction of the new system will depend largely on the quality, quantity and reliability of historical financial data applied for training. The stock market is affected by unpredictable dynamics such as political events, economic events, natural crises or disasters, investor sentiments, and regulatory changes or fiscal policies, which may not fully reflect in historical price data. It is limited to historical market data and does not incorporate real-time news, social media sentiment, or macroeconomic indicators into the prediction process [10].
In addition, the developed system generates data based on trading recommendations and should be regarded as a decision support tool, rather than an autonomous trading platform. Furthermore, the system does not execute live trades or provide a guaranteed investment outcome [10].
[bookmark: _Toc237097573]1.8.1 Definition of Terms
These terms are defined as they are used in this study:
Artificial Intelligence (AI): Is a computer science enables the machine to think and do things like humans.
Machine Learning (ML): Is a branch of AI that empowers the machine to learn from historical data and improve performance.
Deep Learning: This NN that uses multiple layers to automate and learn complex patterns.
Artificial Neural Network (ANN): They are intelligent network of neurons linked together and is inspired by biological neurons.
Recurrent Neural Network (RNN): A type of ANN created to handle sequential data.
Long Short-Term Memory (LSTM): An advanced form of RNN.

[bookmark: _Toc237097574]2.0 Literature Review

[bookmark: _Toc237097575]2.1 Introduction
This chapter reviews theories, previous studies, current concepts, and technologies relating to the relevance of AI in financial market prediction. It discusses the stock market, algorithmic trading, financial market prediction, Deep Learning, AI Machine Learning, Artificial Neural Networks, LSTM, and Recurrent Neural Networks. I also discussed the use of historical market data and technical indicators in financial forecasting, identified limitations in existing approaches, reviewed relevant empirical studies and presented a research gap addressed by the proposed AI Bank Trading System [11].

[bookmark: _Toc237097576]2.2 Overview of Financial Markets
The financial market a system where businesses, individuals, banks, governments, and other financial assets are traded. These assets may include bonds, stocks, currencies, financial derivatives and commodities. The financial markets help companies raise funds through equity, transfer financial risks, provide investment opportunities, and contribute to the efficient allocation of resources within an economy [11].
Financial markets may be classified into different categories, including capital markets, money markets, foreign exchange markets, commodity markets, and derivatives markets. The stock market is a major component of the capital market in which shares representing ownership in publicly listed companies are bought and sold. The foreign exchange market facilitates the purchasing and trading of currencies, while commodity markets deal with assets such as gold, oil, agricultural products, and natural resources [11].
The prices of financial assets change continuously because of the interaction between demand and supply. Market prices may also be affected by company performance, inflation, interest rates, government policies, political events, technological developments, investor expectations, and global economic conditions. These factors create nonlinear and volatile price movements, making the accurate prediction of financial markets difficult [11].


[bookmark: _Toc237097577]2.3 Financial Market Prediction
Financial market prediction is the process of estimating the expected price, return, trend, or direction of a financial asset. The purpose of market prediction is to provide information that can support investment, portfolio management, risk management, and trading decisions [12].
A prediction system may estimate the actual future price of an asset or classify its expected movement, such as upward, downward, or unchanged. In an automated trading environment, these predicted movements can be transformed into recommendations such as Buy, Sell, or Hold [12].
[bookmark: _Toc237097578]2.3.1 Fundamental Analysis
Examines the economic and financial considerations that may impact the value of an asset. In stock market analysis, it may involve the examination of company revenue, profit, assets, liabilities, management performance, industry conditions, and general economic indicators [12].
The objective of fundamental analysis is to determine whether an asset is undervalued or overvalued in relation to its perceived intrinsic value. Although it provides valuable long-term information, it requires extensive financial knowledge and may not respond quickly to short-term price movements [12].
[bookmark: _Toc237097579]2.3.2 Technical Analysis
Technical analysis predicts future market movements by studying historical prices, trading volume, market trends, and chart patterns. It assumes that historical market behaviour may provide useful information about future price movements [13].
Technical analysts commonly use indicators such as moving averages, the Relative Strength Index, the Moving Average Convergence Divergence indicator, Bollinger Bands, and trading volume. These indicators transform raw price data into features that can help a predictive model identify trends, momentum, volatility, and possible market reversals [13].
Research continues to examine which technical indicators provide the most useful information for market prediction. Recent work has evaluated large groups of indicators from momentum, trend, volatility, and volume categories using models such as Random Forest, Support Vector Regression, XGBoost, and LSTM [13].
[bookmark: _Toc237097580]2.3.3 Statistical Forecasting Methods
Traditional financial forecasting methods include linear regression, exponential smoothing, Autoregressive Integrated Moving Average and Generalised Autoregressive Conditional Heteroskedasticity models. These methods are useful for identifying linear relationships, trends, seasonality, and changes in financial volatility [14].
However, many traditional statistical models depend on assumptions such as linearity and stationarity. Financial market data is often nonlinear, noisy, volatile, and affected by sudden changes. Consequently, conventional statistical techniques may struggle to sort the intricate relationships present in financial data prediction [14].

[bookmark: _Toc237097581]2.4 Algorithmic and AI-Based Trading Systems
An algorithmic trading system is a computer-based system that follows programmed rules to analyse financial information and make trading decisions. Such systems may identify market opportunities, generate trading signals, calculate risk, allocate capital, or automatically execute transactions [15].
An AI-based trading system extends traditional algorithmic trading by using models that learn patterns from data. Instead of depending only on fixed trading rules, an AI trading system can be trained using historical prices and other market variables. The trained model can then predict future price movements and support the generation of Buy, Sell, or Hold signals [15].
The main components of an AI trading system are:
· A market data collection component;
· A data-cleaning and preprocessing component [15];
· A feature-engineering component;
· An AI prediction model;
· A trading-signal generation component; and
· A performance-evaluation interface [15].

[bookmark: _Toc237097582]2.5 Artificial Intelligence in Finance
This refers to the ability of systems to perform tasks commonly associated with human intelligence, like learning, reasoning, recognition of patterns, prediction, and decision-making. Within the financial sector, AI is applied in fraud detection, credit scoring, customer-service automation, risk assessment, portfolio management, market analysis, and algorithmic trading [16].
AI is useful in financial prediction because financial markets generate large amounts of data that may be difficult for human analysts to process manually. An AI system can analyse historical observations, recognise complex relationships, and generate predictions more rapidly and consistently [16].
However, AI does not remove the uncertainty associated with financial markets. The effectiveness of an AI system depends on the relevance of its inputs, the quality of the dataset, the model architecture, the training procedure, and the suitability of the evaluation method [16].

[bookmark: _Toc237097583]2.6 Machine Learning
This is a branch of Artificial Intelligence that enables systems to detect patterns and improve their performance through experience. A model is trained using input variables and known target values in supervised Machine Learning [17].
For financial prediction, the inputs may include opening price, highest price, lowest price, closing price, volume, moving averages, and other technical indicators. The target may be the next closing price, expected return, or direction of market movement [17].
Common Machine Learning techniques applied to financial prediction include:
· Linear Regression;
· Decision Trees;
· Random Forest;
· Support Vector Machines;
· K-Nearest Neighbours; and
· Gradient-boosting algorithms [17].
These algorithms can produce useful predictions, but many conventional Machine Learning models do not automatically preserve the order of time-series observations. Additional feature engineering is therefore often required to represent previous market values [17].

[bookmark: _Toc237097584]2.7 Deep Learning
Deep Learning is a branch of Machine Learning that uses neural networks containing multiple processing layers. Deep learning models can learn complex and nonlinear representations directly from large datasets [18].
Deep Learning is suitable for financial market prediction because financial data contains interactions that may not be adequately represented by simple linear models. A systematic review of financial time-series forecasting research identified LSTM, Convolutional Neural Networks, Deep Belief Networks, and other deep-learning architectures as major approaches used in stock, index, foreign-exchange, and commodity forecasting [18].
Despite their strengths, deep-learning models normally require considerable training data and computational resources. They may also overfit the training dataset when model complexity is not properly controlled. Furthermore, highly complex models can be difficult to interpret [18].

[bookmark: _Toc237097585]2.8 Artificial Neural Networks
An Artificial Neural Network is a computational system inspired by the interconnected structure of biological neurons. A typical neural network consists of an input layer, one or more hidden layers, and an output layer [19].
The input layer receives the selected market variables. The hidden layers perform mathematical transformations that enable the network to learn patterns, while the output layer produces the final prediction [19].
Each connection within the network is associated with a weight. During training, the network compares its prediction with the correct target and calculates an error. The weights are then adjusted through an optimisation process intended to reduce prediction error [19].
Conventional feed-forward neural networks can model nonlinear relationships, but they process each input independently. They do not contain an internal mechanism for remembering the order of earlier observations. This limits their effectiveness when the relationship between past and future values is important [19].

[bookmark: _Toc237097586]2.9 Recurrent Neural Networks
This type of neural network is designed for serial data. Unlike a conventional feed-forward network, an RNN transfers information from the previous time to the next through a hidden state [20].
For example, when predicting tomorrow’s closing price, an RNN can process a sequence of previous closing prices rather than treating every price as an unrelated observation. This makes RNNs more appropriate for time-series forecasting [20].
However, conventional RNNs experience difficulties when learning relationships across long sequences. During model training, gradients used to adjust the network weights may become extremely small or large. These problems are known as vanishing and exploding gradients. The vanishing-gradient problem makes it difficult for a traditional RNN to retain important information over a long period [20].

[bookmark: _Toc237097587]2.10 Long Short-Term Memory Neural Networks
This is an advanced form of Recurrent Neural Network meant to learn both short- and long-term needs in sequential data. LSTM addresses the memory limitations of traditional RNNs through a memory cell and a group of control mechanisms known as gates [21].
An LSTM unit generally contains the following components:
[bookmark: _Toc237097588]2.10.1 Forget Gate
This gate decides which communication from the previous reminiscence state can be removed. Information considered irrelevant to the current prediction is reduced or discarded [21].
[bookmark: _Toc237097589]2.10.2 Input Gate
This gate directs which new data will be added to the memory cell. It helps the model update its memory using relevant information from the current observation [21].
[bookmark: _Toc237097590]2.10.3 Cell State
This state carries selected information across the sequence. It is the long-term memory of the LSTM network [21].
[bookmark: _Toc237097591]2.10.4 Output Gate
This gate determines the information from the updated cell state that could be used to produce the hidden state and output [21].
The interaction among these components allows LSTM to retain useful historical information while removing irrelevant information. This makes it suitable for financial market data, where a future price may depend on patterns formed over several previous days or trading periods [21].
Studies have described LSTM as a suitable model for financial time-series forecasting because its recurrent structure supports the learning of longer-term dependencies and nonlinear market behaviour. Research has also applied LSTM to predict the next-day closing value of major indices such as the S&P 500 [21].
Therefore, LSTM is not separate from Artificial Intelligence. It is a specialised architecture under Deep Learning and is designed specifically for sequential and time-dependent information [21].

[bookmark: _Toc237097592]2.11 Financial Market Data Used in LSTM Prediction
The performance of an LSTM model depends on the quality and relevance of its input features. Historical financial datasets commonly contain the following variables [21]:
[bookmark: _Toc237097593]2.11.1 Opening Price
The opening price is the first recorded trading price of an asset during a trading session [21].
[bookmark: _Toc237097594]2.11.2 Highest Price
Represents the maximum amount reached during the specified trading time [21].
[bookmark: _Toc237097595]2.11.3 Lowest Price
Represents the minimum price reached during the trading period [21].
[bookmark: _Toc237097596]2.11.4 Closing Price
This is the final price recorded at the end of a trading session. It is frequently selected as the target variable in financial forecasting studies [21].
[bookmark: _Toc237097597]2.11.5 Trading Volume
Total number of an asset traded during a particular period. It can provide information about market participation and the strength of a price movement [21].
[bookmark: _Toc237097598]2.11.6 Technical Indicators
They are computations derived from historical market data, such as:
· Simple Moving Average;
· Exponential Moving Average;
· Relative Strength Index;
· Moving Average Convergence Divergence;
· Bollinger Bands; and
· Average True Range [21].
Using multiple market variables may enable an LSTM model to learn more comprehensive patterns than using the closing price alone. A recent study of bank stocks, for example, used multivariate LSTM models to forecast opening and closing prices across several banking institutions [21].

[bookmark: _Toc237097599]2.12 Data Preprocessing for LSTM Models
Raw financial market data must be prepared before it can be supplied to an LSTM network. Common preprocessing activities include data cleaning, missing-value treatment, feature selection, normalisation, sequence creation, and dataset splitting [21].
[bookmark: _Toc237097600]2.12.1 Data Cleaning
A process of finding and fixing missing, inconsistent, duplicated, or incorrectly formatted records. Poor-quality data can cause inaccurate model training and unreliable predictions [21].
[bookmark: _Toc237097601]2.12.2 Data Normalisation
Financial variables can have significantly different numerical ranges. Normalisation converts the values into a smaller common range, such as zero to one. This can improve the stability and speed of neural-network training [21].
[bookmark: _Toc237097602]2.12.3 Sequence Creation
LSTM models require data to be arranged into sequences. A look-back window determines the number of previous studies used to calculate the subsequent value; for example, a 30-day gap uses the previous 30 trading days to predict the price for the subsequent day [21].
[bookmark: _Toc237097603]2.12.4 Training, Validation, and Testing Sets
The dataset is split into separate sections for training and evaluation. Because financial data is time-dependent, the sequence of the observations should be preserved. Earlier data should normally be used for training, while later data should be retained for validation and testing [21].
Randomly mixing past and future observations may cause data leakage. Data leakage produces misleading performance results because the model indirectly receives information that would not have been available at the time of prediction [21].

[bookmark: _Toc237097604]2.13 Generation of Buy and Sell Signals
The predicted market price can be transformed into a trading recommendation by comparing it with the current price or a specified threshold [21].
A possible rule is:
· Generate a Buy signal when the predicted amount is sufficiently greater than the existing price;
· Create a Sell signal when the predicted price is lower than the present price; and
· Produce a Hold signal when the deviation is too small to justify a trading decision [21].
The use of a threshold is important because extremely small predicted changes may not be meaningful when transaction costs and normal market fluctuations are considered. The proposed system will therefore use predicted movements as decision-support information rather than presenting every minor change as a trading opportunity [21].

[bookmark: _Toc237097605]2.14 Evaluation of Financial Prediction Models
A predictive paradigm must be assessed with appropriate working measures. Common regression metrics include Mean Absolute Error, Mean Squared Error, Root Mean Squared Error, Mean Absolute Percentage Error, and the coefficient of determination [22].
[bookmark: _Toc237097606]2.14.1 Mean Absolute Error
Calculates the mean absolute variance between the anticipated and real outcome. A smaller MAE shows that the projections are closer to the real market values [22].
[bookmark: _Toc237097607]2.14.2 Mean Squared Error
Calculates the average squared prediction errors, and assigns a greater penalty to large errors [22].
[bookmark: _Toc237097608]2.14.3 Root Mean Squared Error
This is the square root of Mean Squared Error, commonly used because its value is stated in the same unit as the expected variable [22].
[bookmark: _Toc237097609]2.14.4 Mean Absolute Percentage Error
Mean Absolute Percentage Error expresses the average error as a percentage. Although easy to interpret, it may become unreliable when actual values are zero or very close to zero [22].
2.14.5 Directional Accuracy
Directional accuracy measures whether the model correctly predicts the direction of price movement. It is particularly relevant when the purpose of the system is to generate Buy, Sell, or Hold recommendations [22].
Model evaluation should not depend exclusively on low prediction error. The proposed system must also consider whether its trading signals are useful and whether its performance remains stable on unseen data [22].
[bookmark: _Toc237097610]2.15 Moghar and Hamiche
Moghar and Hamiche applied Recurrent Neural Networks and LSTM to stock-market prediction. Their study demonstrated the application of LSTM to learning patterns from historical stock prices and forecasting future market values [23].
Yadav and colleagues developed an LSTM model using Indian stock-market data and examined different configurations, including stateful and stateless models and different numbers of hidden layers. The study showed that model configuration and parameter selection can materially affect prediction performance [23].
Bhandari and colleagues applied LSTM to calculate the next-day closing price of the S&P 500 index. The study was motivated by the highly volatile and nonlinear behaviour of financial markets and investigated the ability of LSTM to model such behaviour [23].
Budiharto applied an LSTM-based data-science approach to stock-price prediction on the Indonesian exchange. The work showed that prediction performance can vary according to the selected training period and training configuration [23].
Gajamannage and Park proposed a dual LSTM approach for real-time financial forecasting. Their findings emphasised that real-time forecasting performance will depend not only on the selected product, but also on its architecture and training procedure [23].
Fang and colleagues proposed a modified adaptive LSTM model for longer-term financial time-series movement forecasting. The study sought to address difficulties encountered by standard LSTM models when financial series contain sudden and significant change points [23].
Ivancio and colleagues investigated multivariate LSTM forecasting for six Indonesian bank stocks. The work is especially appropriate to the present-day study because it concentrates on banking-sector stocks and uses LSTM to forecast both opening and closing prices [23].
Other studies have combined LSTM with additional techniques to improve prediction. Examples include CNN-LSTM models, LSTM-DNN frameworks, attention mechanisms, optimisation algorithms, and hybrid LSTM-GRU models. These studies indicate that LSTM remains an important foundation for financial forecasting, although researchers continue to modify it to address specific performance limitations [23] [24].

[bookmark: _Toc237097611]2.16 Limitations of Existing Studies
Although previous studies demonstrate that LSTM can be applied to financial market prediction, several limitations remain [24].
First, some studies focus mainly on reducing numerical prediction error without converting the forecasts into understandable trading recommendations. A prediction model may produce an estimated future price but fail to show how the prediction can support an actual decision [24].
Second, many studies use only the historical closing price. This may prevent the model from using important information contained in opening prices, high and low prices, volume, and technical indicators [24].
Third, model performance is often evaluated under only one market condition or using one financial asset. A model that runs properly during a stable period may perform differently during periods of financial crisis, extreme volatility, or structural market change [24].
Fourth, some studies do not clearly address data leakage, chronological data splitting, transaction costs, overfitting, or the uncertainty of future market conditions. These factors can cause experimental results to appear stronger than the performance that would be obtained in a realistic trading environment [24].
Fifth, financial predictions are sometimes presented without an accessible user interface. This reduces the practical usefulness of the research for nontechnical users who need to view historical trends, predicted values, trading signals, and performance measures [24].

[bookmark: _Toc237097612]2.17 Research Gap
The reviewed literature shows that LSTM networks are applied widely to financial time-series forecasting. However, there is still a need for a simple and integrated undergraduate-level system that combines market-data preprocessing, LSTM-based prediction, trading-signal generation, model evaluation, and the visual presentation of results [25].
Many existing studies concentrate mainly on developing or modifying prediction algorithms. Fewer studies present a complete decision-support prototype that allows users to view historical market data, compare actual and predicted prices, and receive understandable Buy, Sell, or Hold recommendations [25].
This study addresses the identified gap by designing and implementing an AI Bank Trading System based on an LSTM neural network. The system will process historical financial market data, learn sequential price patterns, forecast future market movements, and convert the forecasts into trading signals. It will also evaluate the model using recognised error metrics and present the results through a user-friendly interface [25].
The study does not claim that LSTM can eliminate market uncertainty or guarantee investment profit. Instead, it examines how LSTM-based prediction can be integrated into a practical decision-support system for financial market analysis [25].

[bookmark: _Toc237097613]2.18 Summary 
This chapter reviewed the concepts and studies relevant to AI-based financial market prediction. It established that financial instruments are substantially volatile, nonlinear, and influenced by numerous internal and external factors. Traditional analytical and statistical approaches provide useful information but may have difficulty modelling complex sequential relationships [25].
The chapter explained the relationship among Artificial Intelligence, Machine Learning, Deep Learning, Artificial Neural Networks, Recurrent Neural Networks, and Long Short-Term Memory networks. LSTM was identified as an appropriate approach for this project because it is designed to retain information across sequential observations and address the long-term dependency limitations of conventional RNNs [25].
Previous studies demonstrate the usefulness of LSTM in predicting financial prices and market trends. Nevertheless, gaps remain in the integration of prediction, trading-signal generation, model evaluation, and user-friendly result presentation. The proposed AI Bank Trading System seeks to address these gaps by developing an LSTM-based decision-support prototype for financial market prediction [25].


[bookmark: _Toc237097614]3. METHODOLOGY
[bookmark: _Toc237097615]3.1 Introduction
This chapter describes the research methods adopted for the design and implementation of this AI Bank Trading System for Financial Market Prediction using the LSTM neural network. It presents the data source, research design, data collection methods, system design, data processing methods, implementation tools, model development, and performance evaluation techniques used in this study [26].
[bookmark: _Toc237097616]3.2 Design
This strategy is an experimental design strategy and is appropriate because it involves the development, testing, training and evaluation of an Artificial Intelligence system using historical financial market data. LSTM neural network is taught to understand arrays from past market data and forecast potential market price changes. The system performance is then evaluated using established prediction accuracy metrics [26].
[bookmark: _Toc237097617]3.3 System Development Methodology
The system is developed using the Machine Learning Development Life Cycle (MLDLC), which consists of the following stages:
Machine Learning Development Life Cycle (MLDLC)
[image: ]
Figure 1 – Machine Learning Development Life Cycle
This methodology provides a structured framework for developing an intelligent prediction system [26].
Gantt Chart Projecting Systems Development in Days
[image: ]
Figure 2- Gantt Chart
[bookmark: _Toc237097618]3.4 Data Collection
We utilise secondary data obtained from publicly available financial market datasets. Historical market datasets are collected from historical Apple Inc. (AAPL) stock-market data obtained from Yahoo Finance using the Python yfinance library., and they include date, opening price, lowest price, highest price, closing price, adjusted closing price, and trading volume. They are variables provided to give sufficient historical information for evaluating and training the prediction model [27].
[bookmark: _Toc237097619]3.5 Data Processing
Data collection is done before processing; they undergo preprocessing or cleansing to improve the quality and model performance. The steps are removal of missing or incomplete records, elimination of duplicate records, sorting observations by date, normalisation of data using Min-Max Scaling, conversion of historical prices into sequential time-series data and splitting datasets into training and testing datasets. These processes allow datasets to be cleaned, suitable, and consistent for LSTM model training [27].
[bookmark: _Toc237097620]3.6 Feature Engineering
Feature engineering is required to generate historical market data to provide additional predictive features for the models, such as the Simple Moving Average (SMA), Exponential Moving Average (EMA), Relative Strength Index (RSI), Moving Average Convergence Divergence (MACD), Trading Volume, and Daily Price Change. Feature engineering provides additional information that improves the learning ability of the neural network [27].
[bookmark: _Toc237097621]3.7 LSTM Model Development
The prediction and testing of this study are developed using an LSTM neural network. This model is selected because it is specifically made for chronological and time-series data. The process consists of preparing sequential input data, building the LSTM neural network architecture, adding dense output layers, selecting an appropriate activation function, compiling the model with the Adam optimiser, validating the model using unseen test data, and training it on historical financial data. The model learns from historical market behaviour and predicts future price movements after learning [27].
[bookmark: _Toc237097622]3.8 System Design
This proposed AI Bank Trading System is made up of the following modules:
· Data Acquisition Module
· Data Processing Module
· Feature Engineering Module
· LSTM Prediction Engine
· Trade Signal Generator
· User Interface
· Performance Evaluation Module
It takes historical market data as input and makes market predictions together with Buy, Hold, or Sell decisions [27].

[bookmark: _Toc237097623] 4.0. System Design, Architecture, and Implementation
The System Design, Architecture, and Implementation describes exactly how the system was built. It is a Streamlit-based AI trading prototype that processes historical market data and applies LSTM and Random Forest models to generate technical indicators, to predict, evaluate and display results [28].
[bookmark: _Toc237097624]4.1 System Design
[bookmark: _Toc237097625]4.1.1. Overview
The AI Bank Trading System was designed as a modular financial market prediction application. Its main purpose is to analyse historical stock market data and generate trading recommendations using machine-learning and deep-learning models. The system consists of historical stock market data, data pre-processing, LSTM neural network prediction, Random Forest classification, a technical indicator generator, portfolio comparison, a model evaluator and an interactive Streamlit dashboard [28].
The modular design separates data processing, model training, prediction and presentation. This makes the system easier to test, maintain and extend [28].
[bookmark: _Toc237097626]4.2 Design Objectives
The objectives of this exercise are to achieve:
· Collect and store historical stock market data.
· Prepare and clean data for analysis. 
·  Calculate technical indicators from historical stock-market data.
· Train models using machine and deep learning [28].
· Predict market direction, whether it is likely to be upward or downward.
· Translate predictions into BUY or SELL recommendations.
· Present results through an understandable graphical dashboard.
· Stimulate a bank-style decision-support environment without executing real financial transactions [28].
Therefore, the system is not a live autonomous trading platform but a decision-support prototype [28].
[bookmark: _Toc237097627]4.3 System Architecture.
This architecture follows a layered formation.
[image: ]
Figure 3 – Systems Architecture
[bookmark: _Toc237097628]4.3.1 Data Layer
This layer stores historical stock market information used by the system. The current prototype uses Apple stock data, including date, open price, high price, low price, closing price, and trading volume. The processed dataset also contains technical indicators and the target variable required for model training [29].
The project uses CSV files rather than a full database because the prototype operates on a manageable historical dataset. This approach reduces implementation complexity while still demonstrating the complete AI prediction process [29].
[bookmark: _Toc237097629]4.3.2 Data Processing Layer
This layer transforms raw data into machine-readable data for machine learning. It loads historical stock market data, checks and handles missing values, arranges records in chronological order, creates the prediction targets, scales data for the LSTM model, and creates sequential windows for time series prediction [29].
The Data Processing Layer also uses indicators such as MA10, MA20, MA50, EMA20, EMA50, RSI, MACD and so on. These indicators provide information about price direction, momentum, trends and market risks [29].
[bookmark: _Toc237097630]4.3.3 Artificial Intelligence Model Layer
The model layer contains two prediction approaches:
The Random Forest
This layer is used as a supervised ML classifier. It analyses the most recent set of technical indicator values and predicts one of two classes: sell and buy – 0 = SELL and 1 = BUY [29].
It produces a class probability that is displayed as a confidence level of 71.7 per cent for sell. This 71.7% value represents the model’s probability for its selected class. It does not represent the overall accuracy [29].
LSTM Neural Network
The LSTM model is designed for sequential financial data. Unlike Random Forest, which examines one feature row at a time, LSTM analyses a sequence of previous observations. The process includes selecting the required input features, arranging observations in chronological order, selecting the most recent sequence, applying the saved scaler, passing the sequence to the trained neural network, reshaping the sequence into the model’s required three-dimensional format and converting the probability into BUY or SELL recommendations [30].
The LSTM results from the prototype are:
Prediction: SELL
Confidence level: approximately 51.3 per cent.
This indicates that the model slightly favoured a downward or non-buy market direction [30].
[bookmark: _Toc237097631]4.3.4 Application Logic Layer
This is the layer that connects to the dashboard. The functions are:
· receiving the model selected by the user; 
· calling the correct prediction function; 
· loading the saved model [30]; 
· preparing the latest input data; 
· converting numeric predictions into understandable recommendations; 
· displaying confidence values; 
· handling prediction errors [30].
The two most important utilities in the system are:
Utils/predict.py; and
Utils/predict_lstm.py.
The first handles Random Forest prediction, while the second handles LSTM prediction [30].
[bookmark: _Toc237097632]4.3.5 Presentation Layer
The Streamlit dashboard forms the presentation layer. It allows the user to interact with the system’s web browser without directly running individual Python scripts. The dashboard contains sections such as the market overview, AI prediction, technical analysis, model evaluation, portfolio analysis and Buy-and-Hold comparison [30].
The user can select either the LSTM or Random Forest and view the corresponding recommendation and confidence scores [30]. 
[bookmark: _Toc237097633]4.3.6 Data Acquisition
Historical Apple stock market data was downloaded using the yfinance Python library. The data acquisition algorithm was:
</> Python
Import yfinance as yf

Data = yf.download(
	“AAPL”,
	Start=”2020-01-01”,
	End=”2025-01-01
)
Data.to_csv(data/apple.csv”)
The downloaded data provided the Open, High, Low, Close and Volume values required for market analysis [30].

[bookmark: _Toc237097634]4.3.7 System’s Implementation

This proposed system is implemented using Python Programming Language, TensorFlow, Keras, Scikit-learn, Pandas, NumPy, Matplotlib, and Streamlit or Flask. These tools provide the necessary development environment and deployment for this AI prediction system [31].
[bookmark: _Toc237097635]4.3.8 Random Forest Implementation
The collected data was divided chronologically for training and later testing. The split was like 80:20. The time-based split is more appropriate for financial data than randomly shuffling observations, because it reduces the risk of future information entering the training period [31].

The trained model is stored so that it can be loaded to the dashboard without retraining every time the application is run [31].

[bookmark: _Toc237097636]4.3.9 LSTM Implementation

LSTM requires scaled and sequential input data. The conceptual input structure is number of samples x sequence length x number of features. For example, 1 x 60 x 18, representing one prediction based on the most recent 60 trading periods and 18 input features. The prediction module loads these resources, prepares the latest sequence and calls the model [31].

[bookmark: _Toc237097637]4.3.10 Prediction Implementation

The dashboard uses separate functions for each model, like:

</> Python
If selected_model == “Random forest”;
    Prediction, confidence = predict_latest(dF)

Elif selected_model == “LSTM”:
    Prediction, confidence = predict_latest_lstm(df)

The result is converted to a recommendation as:
</> Python
recommendation = "BUY" if prediction == 1 else "SELL"
The dashboard will then come up with the following displays [31]:
· recommendation; 
· confidence percentage; 
· selected model; 
· features used; 
· relevant warning or explanation
4.3.11 Streamlit Dashboard Implementation
The application starts with the PowerShell command:
</> PowerShell
Python -m streamlit run app.py
The app runs through a local address on http://localhost:8501.
[bookmark: _Toc237097638]4.3.12 Implementation Challenges/Testing
One major challenge was ensuring that the dashboard located the saved LSTM model correctly [31].
The incorrect path searched outside the project folder:
...\University of Wales Trinity Saint David\models\
The corrected path searched inside the project:
...\Desktop\AI_Bank_Trading_System\models\
The solution was to define the project root relative to the location of predict_lstm.py:
BASE_DIR = Path(__file__).resolve().parents[1]

[bookmark: _Toc237097639]4.3.13 Streamlit Caching and Running Processes
Another issue occurred because an older Streamlit process continued using a previously imported version of the prediction module. The solution involved [31]:
· stopping old Python processes;
· deleting __pycache__ folders;
· restarting Streamlit; 
· temporarily using a different server port.
This ensures that the correct model path was loaded [31].
[bookmark: _Toc237097640]4.3.14 Missing Random Forest Prediction Function
The Random Forest utility file initially lacked the required predict_latest() function. This caused an import error. The module was restored with model-loading and probability-prediction functions  [31].
[bookmark: _Toc237097641]4.3.15 Implementation Outcome
The completed implementation successfully generated predictions from both models [31].
Random Forest:
SELL
Confidence approximately 71.7%

LSTM:
SELL
Confidence approximately 51.3%
The models do not have to produce identical confidence values because they use different learning methods and process data differently [31].
The implementation therefore achieved its main technical objective: integrating conventional machine learning and deep learning within one interactive financial prediction dashboard [31].
These challenges demonstrate practical debugging, module management and model-integration skills [31].
[bookmark: _Toc237097642]4.3.16 Prototype
This is a prototype of the actual AI Bank trading system using historic stock market data to predict Apple stock closing sales prices and moving averages, model evaluations, confusion metrics, model evaluations and comparing Random Forest with LSTM [31].
[image: ]
Figure 4 – AI Banking Trading System Prototype
[image: ]
Figure 5 – Model Evaluation

[bookmark: _Toc237097643]5.0. System’s Evaluation
[bookmark: _Toc237097644]5.1. Introduction to the Evaluation
The system was evaluated as a decision-support prototype, rather than as a live trading platform. Therefore, successful evaluation did not depend only on producing profitable recommendations. It also depended on whether the application could process data correctly, run the trained models, produce understandable outputs, and provide users with useful analytical information [32].
[bookmark: _Toc237097645]5.2. Evaluation Against Project Objectives
	Project objective
	Evaluation outcome

	Acquire historical financial data
	Achieved using Apple historical stock data

	Clean and preprocess the data
	Achieved using Pandas and feature-processing scripts

	Generate technical indicators
	Achieved for moving averages, RSI, MACD, Bollinger Bands, momentum, volatility and returns

	Train machine-learning models
	Achieved with Logistic Regression, Random Forest and Gradient Boosting

	Implement a deep-learning model
	Achieved through LSTM integration

	Generate BUY or SELL predictions
	Achieved with Random Forest and LSTM

	Display model confidence
	Achieved through probability-based confidence values

	Compare model performance
	Achieved through model reports and dashboard evaluation

	Provide portfolio analysis
	Achieved through strategy and Buy-and-Hold comparison

	Develop an interactive prototype
	Achieved through the Streamlit dashboard

	Support multiple stocks
	Not fully achieved in the current prototype

	Use real-time market data
	Not implemented in the current version

	Execute real financial trades
	Deliberately excluded for safety and project scope [32].


The evaluation indicates that the principal objectives were achieved. The most important technical accomplishment was the successful integration of a conventional machine-learning model and an LSTM neural network within one interactive application [32].
[bookmark: _Toc237097646]5.3. Model Performance Evaluation
The initial machine-learning experiments produced different results for the models tested. Reported classification accuracies included approximately:

Model					Test accuracy
Logistic Regression			57.44%
Gradient  Boosting			51.65%
Random Forest			44.21%
These results show that Logistic Regression achieved the highest reported test accuracy among the initial conventional models. Random Forest did not produce the highest overall test accuracy, but it was retained in the dashboard because it supported nonlinear relationships, feature-based probability outputs, and a useful comparison with the sequence-based LSTM model [32].
It is important to distinguish between model accuracy and prediction confidence. For example, the dashboard generated a Random Forest result of:
SELL
Confidence: approximately 71.7%
The 71.7% value means that the model assigned approximately 71.7% probability to its selected class for the latest input record. It does not mean that the Random Forest model is 71.7% accurate across the complete test dataset [32].
The integrated LSTM generated a result of:
SELL
Confidence: approximately 51.3%
This was a relatively weak prediction because the probability was only slightly above the classification threshold. The output indicates that the LSTM marginally favoured the SELL class, rather than strongly predicting a downward movement [32].
The difference between the two confidence values is reasonable because the models operate differently. Random Forest analyses engineered features in a tabular form, while LSTM analyses a sequence of previous market observations. Their outputs should therefore not be expected to be identical [32].
[bookmark: _Toc237097647]5.4. Evaluation of the LSTM Model
The LSTM model was successfully loaded from its saved Keras file, together with its scaler and configuration. It accepted the latest feature sequence and generated a probability-based prediction. This confirms that the technical integration was successful [32].
However, the confidence of approximately 51.3% indicates that the latest prediction was uncertain. Possible reasons include:
· limited training data; 
· use of only one company’s stock; 
· market noise; 
· insufficient hyperparameter optimisation; 
· the chosen sequence length; 
· changes in market behaviour over time; 
· limited training epochs; 
· overlap or redundancy among technical indicators [32]. 

The successful execution of the LSTM is nevertheless an important project outcome. It demonstrates the implementation of sequential deep learning rather than merely presenting it as a theoretical proposal [32].

[bookmark: _Toc237097648]5.5. Contribution of this Research
This research contributes to the fields of AI, financial technology, and decision support systems by developing an intelligent trading platform that combines traditional ML with DL techniques to calculate financial market trends. Unlike many academic prototypes that focus on a single prediction model, this system compares multiple AI approaches, including Logistic Regression, Random Forest, and LSTM, within one integrated environment [33].
The research also contributes by incorporating widely used technical indicators, such as Moving Averages (MA10, MA20, MA50), Exponential Moving Average (EMA), Relative Strength Index (RSI), Moving Average Convergence Divergence (MACD), Bollinger Bands, Momentum, and Volatility, to improve prediction accuracy. By evaluating different AI models under the same market conditions, the project provides evidence of the strengths and limitations of each technique [33].
From an academic perspective, the research demonstrates how artificial intelligence can support investment decision-making through historical data analysis, feature engineering, predictive modelling, and backtesting. The project therefore bridges the gap between theoretical ML concepts and realistic financial uses [33]. [33].

[bookmark: _Toc237097649]5.5.1. What this New System is Expected to Achieve
The proposed AI Bank Trading System is expected to achieve several objectives:
· Enhance accuracy of stock market prediction using AI models. 
· Provide intelligent BUY or SELL recommendations based on historical market behaviour [33]. 
· Reduce reliance on subjective human judgement by offering data-driven investment advice [33]. 
· Performance comparison of multiple ML and DL algorithms. 
· Assist users in understanding how technical indicators influence trading decisions [33]. 
· Simulate a professional trading environment through backtesting and portfolio performance analysis. 
· Offer a user-friendly dashboard that presents predictions, confidence levels, technical indicators, and trading signals through an interactive dashboard [33]. 
· Support multiple financial assets, allowing the system to analyse different stocks rather than a single company [33]. 
Ultimately, the system is designed to improve the quality, consistency, and transparency of trading decisions while revealing realistic application of artificial intelligence in banking markets [33].

[bookmark: _Toc237097650]5.6. Potential Applications
This proposed system has applications across several sectors of the financial industry [34].
[bookmark: _Toc237097651]5.6.1. Banking
Banks can use AI-driven prediction models to support investment advisory services, wealth management, and portfolio optimisation. Intelligent prediction systems can assist analysts in identifying investment opportunities while reducing the time required for manual market analysis [34].
[bookmark: _Toc237097652]5.6.2. Investment Firms
Investment managers and hedge funds can integrate AI-based forecasting tools into their trading strategies to analyse historical patterns, evaluate market risks, and improve investment performance [34].
[bookmark: _Toc237097653]5.6.3. Retail Investors
Individual investors can use the system as a decision-support tool when evaluating potential investments. The dashboard provides understandable recommendations supported by technical indicators rather than relying solely on intuition [34].
[bookmark: _Toc237097654]5.6.4. Financial Education
Universities and training institutions can use the system as a practical learning platform for teaching artificial intelligence, machine learning, algorithmic trading, financial analytics, and data science [34].
[bookmark: _Toc237097655]5.6.5. FinTech Companies
Financial technology organisations can incorporate the prediction engine into robo-advisory platforms, automated investment services, and intelligent financial applications [34].
[bookmark: _Toc237097656]5.6.6. Research
Researchers can extend the system by incorporating additional deep learning architectures, reinforcement learning, transformer-based models, and sentiment analysis from financial news, cryptocurrency markets, or live market data [34].
[bookmark: _Toc237097657]5.6.7. Overall Research Impact
Beyond academic value, the system establishes a foundation for future intelligent financial applications that may incorporate concurrent instrument streams, advanced neural network designs, explainable AI techniques, and automated portfolio management. Consequently, it will contribute to growing adoption of AI within modern banking, investment management, and financial technology [34].
[bookmark: _Toc237089143][bookmark: _Toc237097658]5.7. Ethical, Security and Risk Considerations
The development of AI systems for financial applications raises important ethical, security and practical considerations. The prototype will therefore be developed for academic and decision-support purposes only and will not execute real financial transactions [34].
AI-generated predictions cannot guarantee future stock-market performance. Users should therefore not interpret a BUY or SELL recommendation as guaranteed financial advice [34].
Data quality represents another potential risk because inaccurate, incomplete or missing historical data may influence model performance. Data validation and preprocessing will therefore form an important part of the methodology [34].
If the prototype were developed into a production banking application, additional security requirements would include user authentication, encryption, role-based access control, secure data storage, audit logging, model monitoring and compliance with relevant financial and data-protection regulations [34].
Responsible implementation would also require transparency concerning model limitations so that users understand that AI provides decision support rather than certainty [34].

[bookmark: _Toc237097659]6.0. Conclusions and Recommendations
[bookmark: _Toc237097660]6.1. Conclusion
This project successfully designed and implemented an AI Bank Trading System for Financial Market Prediction using ML and DL techniques. It was developed to analyse old stock-market data, generate technical statistics, and provide BUY or SELL recommendations through an interactive Streamlit dashboard [35].
The project achieved its main objectives by integrating Random Forest and LSTM models into a single application. Historical Apple stock data was successfully processed, relevant technical indicators were generated, and predictive models were trained and evaluated. The completed prototype demonstrated that artificial intelligence techniques can support financial market analysis and provide decision-support information in an accessible manner [35].
Although the prediction accuracy was moderate, the project highlighted the challenges associated with forecasting financial markets due to their dynamic and unpredictable nature. The results show that AI models should be viewed as tools to support decision-making rather than as systems that guarantee profitable trading outcomes [35].
Overall, the project met its objectives and provided valuable practical experience in artificial intelligence, data analysis, machine learning, deep learning, software development, and system integration. It also provides a strong foundation for future research into intelligent financial decision-support systems [35].

[bookmark: _Toc237097661]6.2. Recommendations
Given my experience from this project, I make the following recommendations:
1. Use multiple stocks: Future work should include data from different companies and market sectors to improve the general applicability of the models [36]. 
2. Incorporate real-time market data: Live or near real-time financial data would enable the system to generate more up-to-date predictions [36]. 
3. Improve model performance: Future research should investigate advanced optimisation techniques, hyperparameter tuning, and alternative deep-learning models such as GRU or Transformer networks [36]. 
4. Include additional data sources: Market news, economic indicators, company financial reports, and sentiment analysis could improve prediction accuracy [36]. 
5. Enhance risk management features such as stop-loss, take-profit, portfolio diversification, and risk assessment should be integrated into the trading strategy [36]. 
6. Expand the dashboard: The user interface could include additional visualisations, explanations of predictions, and support for comparing multiple stocks simultaneously [36]. 
7. Cloud deployment: The system could be deployed as a secure web application, allowing authorised users to access predictions remotely [36]. 
8. Improve evaluation methods: Future work should evaluate the system using more financial performance measures, including Sharpe Ratio, maximum drawdown, and transaction costs, in addition to prediction accuracy [36]. 
  
[bookmark: _Toc237097662]7.0. Reflection
[bookmark: _Toc237097663]7.1. My Reflections
This project helped me understand that developing an AI system involves more than training a model. It also requires data preparation, feature engineering, testing, model integration, interface design, and debugging [37].
One of the main challenges was integrating the LSTM model into the Streamlit dashboard. The system initially searched for the model in the wrong folder. There were also problems caused by cached Python files and older Streamlit processes. These issues were solved by correcting the file path, clearing the cache, and restarting the application [37].
Another challenge was restoring the Random Forest prediction function so that the dashboard could load the model and generate probabilities [37].
Through this project, I improved my knowledge of Python, Pandas, scikit-learn, TensorFlow, LSTM networks, Streamlit, and software testing. I also learned the difference between prediction confidence and model accuracy [37].
The project could have been improved by using Git, organising the folders more carefully from the beginning, using more stocks, and carrying out more advanced model evaluation [37].
Despite the challenges, the project was completed as a working prototype. The experience improved my confidence, persistence, and problem-solving skills. It also showed me that AI can support financial decision-making, but its predictions must be used carefully because financial markets are uncertain [37].

[bookmark: _Toc237097664]7.2. What I Learned
I learned that financial prediction is not only a machine-learning problem. It is a full systems-development problem involving data quality, feature engineering, software architecture, model evaluation, user-interface design, and risk communication [38].
I also learned that prediction confidence must not be confused with test accuracy. A model may assign high confidence to one observation while having relatively weak overall test performance. This distinction is essential when explaining AI results to users [38].
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