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Executive Summary

As technology develops, artificial intelligence (Al) techniques are being applied increasingly in the financial markets. A
Systematic Literature Review (SLR) is performed using Al tools to examine financial trading approaches in this research
work. Exploratory research is a preliminary investigation conducted to clarify concepts, gather insights, and identify
patterns or relationships in a relatively uncharted area. When examining the role of Artificial Intelligence (Al) in financial
trading, exploratory research helps in understanding the multifaceted impacts, challenges, and opportunities presented
by Al technologies. Al techniques such as machine learning and deep learning have demonstrated their efficacy in
forecasting price movements and optimizing trading strategies, offering significant advantages over traditional methods.
Despite these advancements, challenges such as data quality, ethical considerations, and the need for real-time analysis
persist. The literature highlights a gap in research, especially concerning developing markets and the incorporation of
advanced Al models across various financial contexts. Future research should focus on these areas to harness Al's full
potential in improving financial forecasting and trading strategies
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Introduction

Financial markets' time-variant, non-stationary, and non-linear characteristics make them a complex system. Additionally,
they are susceptible to a range of factors, including global influence, political developments, and economic news (Leles et
al, 2019). Artificial Intelligence (Al) techniques are now widely employed in financial markets, changing the way financial
transactions are handled and enhancing the efficiency, security, and personalization of financial services. This is due to
technological advancements and improvements. Financial technology, or FinTech, is a new frontier in finance that
leverages technology not only for automated trading, investments, insurance, and risk management but also for
innovation and long-standing market challenges (Gai et al, 2018).

In the financial industry, artificial intelligence has shown promise in areas including risk management, process
automation, and customer service improvement. Using Al algorithms to analyze massive datasets and reduce risk, as well
as automating repetitive processes and advanced analytics and natural language processing, can all lead to personalized
consumer experiences. Al is also utilized in the banking sector, where it enhances fraud prevention protocols, enables
offer customization, and democratizes access to banking services, especially in underserved areas. By enabling
automated risk management, customized investment plans, and market forecasting, artificial intelligence (Al) is
transforming the insurance and investing sectors (Ferreiraetal, 2021).

Despite some progress, challenges persist in integrating Al into financial markets. The complex and ever-changing nature
of economic indicators, the rapid processing of ultra-high frequency data, and the quality of data all present substantial
hurdles. Additionally, the multidimensional aspect of financial markets means that even minor alterations to one element
can greatly impact trading decisions and results (Dang, 2019).

Algorithmic trading that is enhanced by artificial intelligence (Al) has a significant impact on financial trading as it sifts
through crucial data and provides cost-effective tools that are accessible to everyone, not just businesses.

Alinvestors, unlike human traders who are susceptible to emotions, are capable of making precise, reliable, and impartial
decisions.

In the next phase, trading algorithms will incorporate Atrtificial Intelligence (Al), which will enable them to learn from
thousands of past trading records. This is achieved through the use of machine learning algorithms that identify patternsin
data and generate predictions.
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Therefore, Al algorithmic trading offers several advantages compared to traditional human algorithmic trading (Ta et al,
2018; Lietal, 2020).

Background of the Study

In financial trading, artificial intelligence (Al) has been having a profoundly disruptive impact on everything from analysis to
execution. This influence's beginnings can be seen in the 1980s when early uses of machine learning—a fundamental Al
technique—in quantitative trading methods appeared.

Here's a breakdown of the background of Al in financial trading:

° In the 1980s, machine learning algorithms were initially employed to create simple trading models that were able to
examine data and spot patterns. This set the stage for future Al applications that are more complex.

o Technological Developments (1990s—-2000s): The emergence of the internet and powerful computers fueled the
creation of increasingly sophisticated Al algorithms. They were able to manage more information and spot more
nuanced trends in financial markets as aresult.

o The rise of algorithmic trading, which involves computer programs automating trade execution based on
predetermined rules and models, was largely fueled by artificial intelligence (Al) in the 2000s. As a result, high-
frequency trading (HFT) tactics that take advantage of transient market inefficiencies came into being.

o Concentrate on Wider Uses (2010s—present): Al's use in finance has grown beyond trading. These days, it's being
used for things like

o Risk Management: Al methods are widely employed in financial trading for risk management. Artificial intelligence
(Al) models are able to evaluate portfolio risk, spot possible market exposures, and instantly modify trading tactics to
reduce hazards.

o Fraud Detection: Al systems are more accurate and efficient at spotting fraudulent activity in financial transactions.

o Portfolio management: Al-powered solutions help design and optimize investment portfolios according to the risk
tolerance and goals of individual investors.

° Present Situation: Al is a quickly developing area of financial trade nowadays. Research keeps looking for new
uses and refining those that already exist. Although Al provides substantial benefits, but there are also debates
concerning the dangers and moral issues related to its application in financial markets, there are also discussions
about potential risks and ethical considerations surrounding its use in financial markets.

Statement of the Problem

To create a predictive model for high-frequency stock market trading, corporations are using artificial intelligence
approaches. Accurately predicting the short-term price fluctuations of certain stocks using historical data, sentiment
analysis of news, and real-time market indicators is the goal. In a turbulent and cutthroat financial market environment, the
model should make use of machine learning algorithms to maximize returns, limit risks, and optimize trading tactics. (Li et
al,2016)

e  Alarge number of data: News stories, sentiment on social media, and real-time market movements are just a few of
the data produced by financial markets.

° Quick data analysis: To take advantage of opportunities, this data must be examined rapidly and effectively to spot
trends and patterns.

° Human limitations: People find it difficult to make objective trading judgments free from emotional influence and to
evaluate enormous volumes of data in real-time.

° Ethical and Regulatory Considerations: The use of Al in financial markets brings up ethical and regulatory
questions about accountability, equity, and transparency. Concerns about possible market manipulation and the
effect onjobs in the financial industry are examples of ethical problems.

° Bias and Fairness: Al systems may unintentionally pick up biases from prior data, which could result in unjust
outcomes or exacerbate already-existing market disparities. One of the biggest challenges in Al-driven trading is
addressing prejudice and guaranteeing fairness.
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Objectives of the Study

. Examine Machine Learning Techniques: Determine how well different machine learning techniques, including
support vector machines and neural networks, anticipate financial markets and how they might be used in
quantitative trading strategies (Henrique etal., 2019).

e Determine Important Forecasting Indicators: Examine how ensemble models and technical indicators affect
stock market forecasts and contrast their results with more conventional forecasting techniques (Bustos & Pomares-
Quimbaya, 2020).

° Identify gaps in the present research landscape by classifying the different uses of Al in finance into several groups,
such as portfolio optimization, financial sentiment analysis, and Al-driven market predictions (Ferreira etal., 2021).

o Examine Deep Learning Methods: Examine how deep learning methods, such as Convolutional Neural Networks
(CNN) and Long Short-Term Memory (LSTM)

o Networks, are used in stock market analysis and how they affect trading tactics (Li & Bastos, 2020)

o Emphasize Potential Research Areas: Determine which areas of the application of Al to financial markets require
more investigation, especially when it comes to emerging nations and the employment of sophisticated models in a
range of market scenarios (Henrique etal, 2019).

Literature Review

Survey articles on Al in financial trading were examined as the initial stage of the systematic review. Only surveys that
examine artificial intelligence in financial markets are Numerous surveys have been carried outon Al in financial trading. Li
et al. (2016), for example, give a pilot survey on machine learning for quantitative trading. The writers approached pricing
patterns, forecasting, and portfolio selection among other aspects of quantitative trading. Furthermore, the following
methods are employed to classify the stock market price prediction: wavelet analysis, neural networks, support vector
machines, and text mining for portfolio selection learning.

Henrique et al (2019) provided a bibliographic analysis highlighting machine-learning approaches for forecasting financial
market values. The most widely used models in price forecasting, according to the authors' analysis of 57 articles, are
neural networks and support vector machines. The authors claim that there is still need for research on this topic and that
using data from developing countries is an opportunity.

Numerous research and studies on the stock market have been conducted. Forinstance, a thorough assessment of stock
market trend prediction was conducted by (Bustos & Pomares Quimbaya, 2020). From 2014 to 2018, the forecasting
techniques are categorized, described, and contrasted. Their research and analysis demonstrate the importance of
technical indicators for market projection. Moreover, forecasts from ensemble models are very predictive. Surprisingly,
they assert that traditional methods still outperformed deep learning models, maybe because of insufficient datasets.
Another review of works examining Al in stock market trading from 1995 to 2019 is provided by Ferreira et al, (2021).

The authors categorized Al applications in the stock market into four groups: financial sentiment analysis, portfolio
optimization, Al-powered stock market prediction, and combinations of two or more approaches. Ajiga et al, (2024)
conducted another study with a stock market focus. However, the authors' study considers two common machine learning
techniques: Artificial Neural Networks (ANN) and Support Vector Machine (SVM). Numerous other research, including the
ones below (Lietal., 2020) highlight the relationship between Al and the stock market.

Deep learning and deep reinforcement learning approaches were applied in trading in another section of the survey. For
instance, Millea (2021) gave a succinct synopsis of DRL uses in cryptocurrency markets. The author claims that the
convolutional neural network is the most widely used model and that the Sharpe ratio is frequently utilized as a
performance metric.

On the other hand, a comprehensive literature review of deep learning and technical analysis in the stock market was
conducted by (Li and Bastos, 2020). Four areas are the focus of their methodical study: trading strategy, price forecasting
approach, profit evaluation and metrics, and risk management. Their research indicates that the LSTM method is most
frequently used. Particularly in the stock market, deep learning has rapidly become a powerful method for predicting and
forecasting volatile financial markets around the globe. The authors Ketsetsis et al, (2020) offered a systematic
evaluation analyzing the deep learning approaches in the European stock market with a focus on the European Union
stock market.
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Research methodology
Research Design
Type of Research: Exploratory Research

Exploratory research is a preliminary investigation conducted to clarify concepts, gather insights, and identify patterns or
relationships in a relatively uncharted area. When examining the role of Artificial Intelligence (Al) in financial trading,
exploratory research helps in understanding the multifaceted impacts, challenges, and opportunities presented by Al
technologies.

Data Source

The primary sources of secondary data included in the study are financial reports, published research publications,
historical data from financial databases, and pertinent literature on trading algorithms and machine learning models.

Limitations of Study

o Restricted Data Scope: A lot of research, like that done by Henrique et al, (2019), ignores emerging economies in
favor of developed markets. This restricts the findings' applicability in many economic circumstances.

e  Outdated Methodologies: Some assessments, such as those by Bustos and PomaresQuimbaya (2020), place a
strong emphasis on conventional approaches that do not take into account the most recent developments in
machine learning, which could undervalue the efficacy of contemporary strategies.

o Inadequate Dataset Quality: Studies like Ferreira et al.'s (2021) show that there are issues with dataset quality,
especially in deep learning applications where biased or limited datasets can distort results and produce inaccurate
predictions.

o Focus on Specific Models: As Ajiga et al, (2024) point out, a lot of studies focus on a limited number of models (such
as ANN and SVM), which may leave out other potential algorithms and trading-related Al techniques.

o Lack of Comprehensive Performance Measures: Although research on performance measures is covered in
studies such as those by (Millea, 2021), comparisons are challenging due to the frequent absence of uniform
evaluation frameworks across various investigations.

Data Analysis
Examine Machine Learning Techniques

° Support Vector Machines (SVM) for Financial Markets Prediction: SVMs are popular in financial forecasting due
to their ability to handle high-dimensional data and their effectiveness in both regression and classification tasks.
One of the key reasons they are well-suited for market prediction is that they can classify non-linear relationships in
financial data, which is crucial given the complexity of markets. By creating a decision boundary (hyperplane) that
separates classes of data, SVMs identify patterns that may not be immediately apparent in financial time series data.
These capabilities make them useful in predicting stock price movements, detecting anomalies, and constructing
trading strategies based on historical data. (Liet al, 2016; Henrique et al, 2019).

° Neural Networks in Quantitative Trading: Neural networks, especially deep learning models like LSTM (Long
Short-Term Memory) networks, have been increasingly applied to financial predictions. Their strength lies in
capturing temporal dependencies and nonlinear relationships in market data. This is especially valuable for tasks
like volatility forecasting, stock trend prediction, and portfolio management. In a quantitative trading context, neural
networks are trained on historical market data to forecast future price movements or optimize asset allocations,
which caninform buy or sell signals. (Lietal, 2016; Henrique et al, 2019).

° Comparison and Use in Quantitative Trading: The choice between SVMs and neural networks depends on
several factors such as the complexity of the data and the specific financial task. Neural networks often outperform
SVMs in handling large datasets with intricate patterns due to their ability to learn from vast amounts of data.
However, SVMs can be more effective when the dataset is smaller or less complex. In quantitative trading strategies,
both techniques can be combined with other Al and machine learning tools, such as sentiment analysis, to enhance
decision-making and automate trading systems. (Li etal, 2016; Henrique et al, 2019).
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Determine Important Forecasting Indicators

Bustos and Pomares-Quimbaya (2020) stress that when combined with technical indicators like SMA, MACD, and RS,
Random Forest outperforms traditional techniques, generating more reliable stock market predictions. This combination
allows for a comprehensive understanding of market behavior, surpassing older forecasting models. (Li et al. 2016;
Pomares-Quimbaya, 2020).

Identifying Gaps in The Current Research Landscape

To address the question of identifying gaps in the current research landscape by categorizing different uses of Al in finance
(e.g., portfolio optimization, financial sentiment analysis, Al-driven market predictions), the document provides the
following breakdown. (Li et al, 2016; Fischer & Krauss, 2018)

Portfolio Optimization: Al models, particularly neural networks and machine learning algorithms are used in portfolio
selection strategies. These systems help to replicate stock index performance and optimize portfolios. Techniques like
deep learning (e.g., deep neural networks and clustering algorithms) are frequently applied to reduce risk and improve
asset allocation. For example, the asymmetric copula method is used for portfolio optimization (Li et al, 2016; Fischer &
Krauss, 2018)

Financial Sentiment Analysis: Investor sentiment analysis has become crucial in stock market prediction. Al-driven
techniques such as natural language processing (NLP) and data mining are used to extractinvestor sentiment from social
media and news platforms. This information can predict stock returns and market movements based on public sentiment
(Lietal, 2016; Fischer & Krauss, 2018)

Al-driven Market Predictions: Al is extensively used for forecasting market performance and volatility. Al models like
Long Short-Term Memory Networks (LSTM), Convolutional Neural Networks (CNN), and advanced neural networks
provide strong predictive capabilities for stock prices, volatility, and even cryptocurrency portfolios. These methods
outperform traditional models in terms of accuracy (Li et al, 2016; Fischer & Krauss, 2018)

Examine Deep Learning Methods

Deep learning methods such as Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks
are increasingly utilized in stock market analysis due to their ability to capture complex patterns in data. (Li & Bastos, 2020).

Convolutional Neural Networks (CNNs): While the document does not detail CNNs specifically, it discusses the
broader category of neural networks being used for stock price prediction, emphasizing their effectiveness in modeling the
non-linear relationships in financial data. (Li & Bastos, 2020).

Long Short-Term Memory Networks (LSTMs): According to Zhang et al. (2022), LSTMs outperform classical Artificial
Neural Networks (ANNSs) regarding prediction accuracy and time efficiency, particularly when various proxies of online
investor attention, like internet search volume, are taken into account. The application of these deep learning methods
affects trading tactics by enabling the development of intelligent automated trading systems. These systems analyze
historical stock price data to suggest the best-performing assets and inform trading positions (long or short) while
managing associated risks (Li & Bastos, 2020).

Emphasize Potential Research Areas

In terms of emphasizing potential research areas in Al applications for financial markets, especially focusing on emerging
nations and sophisticated models in different market scenarios, the research highlights several areas that require more
exploration. Based on the detailed review in the document you provided, the following key areas for further investigation
can be identified. (Henrique etal, 2019).

° Al Adoption in Emerging Markets: While Al applications in finance have gained considerable attention in
developed markets, emerging nations remain underexplored.

° Research in Al's ability to handle unique challenges faced by emerging markets is crucial. These challenges include
dealing with low data quality, regulatory uncertainties, and different market volatility patterns. There is a need for Al
models tailored to the socioeconomic context of emerging economies to ensure better market predictability and
financial inclusiveness. Investigating Al's role in increasing financial accessibility, improving credit scoring, and
enabling microfinance in underdeveloped regions could also provide impactful insights. (Henrique et al, 2019).
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e Application of Sophisticated Models in Varied Market Scenarios: Advanced Al techniques such as deep
reinforcement learning, generative adversarial networks (GANs), and hybrid models are under-researched in less-
studied market conditions. While these models have been widely tested in stable and liquid financial markets, they
need to be tested in different financial scenarios, such as high-volatility or low-liquidity markets that are typical in
emerging economies. Future research should focus on how these sophisticated models can adapt to diverse and
unstable financial ecosystems while managing risks. (Henrique et al, 2019).

° Ethics, Regulation, and Governance: Another essential research area revolves around the ethical use of Al in
financial markets, especially in regions with weaker regulatory oversight. As Al models become more ingrained in
trading and financial decision-making, ensuring transparency, fairness, and accountability becomes paramount.
Research into how regulatory frameworks can keep pace with Al innovation, preventing market manipulation or
algorithmic bias, is essential. This is especially critical in markets where there is a lack of robust regulatory
mechanisms. (Henrique et al, 2019).

Findings

o Overview of Al Techniques: A pilot study on the use of machine learning in quantitative trading was carried out by
(Li et al, 2016). It covered crucial topics such as predicting, price trends, and portfolio selection. They emphasized
techniques like text mining, support vector machines (SVM), neural networks, and wavelet analysis.

o Dominance of Neural Networks and SVMs: After examining 57 papers, Henrique et al (2019) determined that
neural networks and SVMs were the most widely used models for financial forecasting. They underlined the
necessity of more study, especially about data from emerging nations.

o The Significance of Technical Indicators: This was emphasized by Bustos and Pomares-Quimbaya (2020), who
noted that these indications are essential for stock market forecasting. According to their findings, ensemble models
did well, however, because of insufficient datasets, traditional forecasting techniques occasionally beat deep
learning models.

e  Categorization of Al Application: Financial sentiment analysis, portfolio optimization, Al-driven stock predictions,
and hybrid techniques are the four primary categories into which Ferreira et al (2021) divided Al applications in the
finance industry

° Techniques for Deep Learning: Millea (2021) talked about how deep reinforcement learning (DRL) is common in
Bitcoin markets and mentioned the convolutional neural network as a popular model. In their 2020 study, Li & Bastos
(2020), highlighted the usefulness of LSTM networks for risk management and trading strategy.

Research Gaps:

According to the review, there are important gaps in the use of Al in less-studied markets, and filling them could result in
better financial forecasting techniques, (Millea, 2021)

Conclusion

The integration of Artificial Intelligence (Al) in financial trading has revolutionized the landscape by enhancing decision-
making processes through sophisticated algorithms and data analytics. Al techniques such as machine learning and deep
learning have demonstrated their efficacy in forecasting price movements and optimizing trading strategies, offering
significant advantages over traditional methods. Notably, neural networks and support vector machines have emerged as
dominant models, particularly for complex, non-linear market behaviours. Despite these advancements, challenges such
as data quality, ethical considerations, and the need for real-time analysis persist. The literature highlights a gap in
research, especially concerning developing markets and the incorporation of advanced Al models across various financial
contexts. Future research should focus on these areas to harness Al's full potential in improving financial forecasting and
trading strategies.

Recommendations

Regulatory oversight

addressing bias in Al models

integrating Al with human oversight, and investing in Al development and training
Include Data from Industry Experts and Broaden the Range of Financial Assets
Diversify your data sources

incorporate data in real-time o consider regulatory and ethical papers.

Volume XIX, 2023 86




tatva

References

Ajiga, D. I, Tubokirifuruar, T. S., Bello, B. G., Ndubuisi, N. L., Asuzu, O. F., Owolabi, O. R., & Adeleye, R. A. (2024).
Machine Learning for Stock Market Forecasting: A review of models and accuracy. Finance and Accounting
Research Journal, 6(2), 112—124. https://doi.org/10.51594/farj.v6i2.783.

Bustos, O., & Pomares-Quimbaya, A. (2020). Stock market movement forecast: A Systematic review. Expert Systems
with Applications, 156, 113464 .https://doi.org/10.1016/j.eswa.2020.113464.

Dang, Q. (2019). Reinforcement learning in stock trading. In Advances in intelligent systems and computing (pp.
311-322). https://doi.org/10.1007/978-3-030-38364-0_28.

Ferreira, F. G. D. C., Gandomi, A. H., & Cardoso, R. T. N. (2021). Artificial Intelligence Applied to Stock Market Trading: A
review. IEEE Access, 9, 30898-30917. https://doi.org/10.1109/access.2021.3058133.

Fischer, T., & Krauss, C. (2018). Deep learning with long short-term memory networks for financial market predictions.
European Journal of Operational Research, 270(2), 654—669. https://doi.org/10.1016/j.ejor.2017.11.054].

Gai, K., Qiu, M., & Sun, X. (2018). A Survey on FinTech. Journal of Network and Computer Applications, 103, 262-
273.https://doi.org/10.1016/j.jnca.2017.10.011.

Henrique, B. M., Sobreiro, V. A., & Kimura, H. (2019). Literature review: Machine learning techniques applied to financial
market prediction. Expert Systems with Applications, 124, 226—-251. https://doi.org/10.1016/j.eswa.2019.01.012.

Henrique, B. M., Sobreiro, V. A., & Kimura, H. (2018). Stock price prediction using support vector regression on daily and
up to the minute prices. The Journal of Finance and Data Science, 4(3), 183-201.
https://doi.org/10.1016/j.jfds.2018.04.003.

Ketsetsis, A. P., Kourounis, C., Spanos, G., Giannoutakis, K. M., Pavlidis, P., Vazakidis, D., Champeris, T., Thomas, D., &
Tzovaras, D. (2020). Deep learning techniques for stock market prediction in the European Union: A systematic
review. 2020 International Conference on Computational Science and Computational Intelligence (CSCI), 605-610.
https://doi.org/10.1109/csci51800.2020.00107.

Leles, M. C., Sbruzzi, E. F., De Oliveira, J. M., & Nascimento, C. L. (2019). Trading switching setup based on
reinforcement learning applied to a multiagent system simulation of financial markets. 2022 IEEE International
Systems Conference (SysCon), 1-8. https://doi.org/10.1109/syscon.2019.8836887.

Li, A. W., & Bastos, G. S. (2020). Stock Market Forecasting Using Deep Learning and Technical Analysis: A Systematic
review. IEEE Access, 8, 185232-185242. https://doi.org/10.1109/access.2020.3030226.

Li, N. Y., Wu, N. J., & Bu, N. H. (2016). When quantitative trading meets machine learning: A pilot survey. In 2016 13th
International Conference on Service Systems and Service Management (ICSSSM) (pp. 1-6).
https://doi.org/10.1109/icsssm.2016.7538632.

Millea, A. (2021). Deep Reinforcement Learning for Trading—A Critical Survey. Data, 6(11), 119.
https://doi.org/10.3390/data6110119.

Ta, V., Liu, C., & Addis, D. (2018). Prediction and Portfolio Optimization in Quantitative Trading Using Machine Learning

Techniques. In SolCT '18: Proceedings of the 9th International Symposium on Information and Communication
Technology (pp. 98—105). https://doi.org/10.1145/3287921.3287963.

Zhang, W., Yin, T., Zhao, Y., Han, B., & Liu, H. (2022). Reinforcement learning for stock Prediction and High-Frequency
trading with T+1 rules. IEEE Access, 11, 14115-14127. https://doi.org/10.1109/access.2022.3197165

Volume XIX, 2023




