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Abstract

This research investigates the transformative potential of neuroscience-inspired shark
algorithms in stock market trading, aiming to replicate human decision-making processes. By
integrating advanced machine learning techniques—such as deep learning and natural
language processing—with neuroscience principles, we develop adaptive and robust trading
systems. The study specifically examines the implications of these algorithms for accounting,
risk management, technical analysis, and the financial markets of Istanbul (Borsa Istanbul)
and Konya.The research formulates hypotheses to compare the performance of these
advanced algorithms against traditional trading models. Utilizing mathematical modeling and
Matlab coding, we validate the theoretical concepts underlying these algorithms. Our findings
indicate that incorporating neuroscience and machine learning principles significantly
enhances trading performance and market prediction accuracy. The empirical analysis
confirms that neuroscience-inspired algorithms outperform conventional algorithms in
adaptability and profitability. Notably, the integration of sentiment analysis from natural
language processing further enhances prediction accuracy by effectively capturing market
sentiment. Techniques such as convolutional neural networks (CNNs) have proven
particularly effective in identifying patterns within financial data, which are essential for
forecasting future market movements. The implications for financial markets, especially in
Istanbul and Konya, are substantial. Advanced trading algorithms are expected to improve
market efficiency, attract international investors, and promote market stability. Additionally,
these algorithms offer notable benefits for accounting and auditing practices by automating
data processes and enhancing the accuracy of financial data analysis. In conclusion, this
research highlights the significant advancements that neuroscience-inspired trading
algorithms can bring to the financial sector. We recommend future studies focus on
integrating real-world data, addressing ethical considerations, and conducting cross-market
analyses to further explore the efficacy and application of these innovative algorithms. By
leveraging insights from neuroscience and machine learning, the financial industry can
achieve greater accuracy and efficiency in trading and risk management practices.
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Introduction

1.1. Background

The financial markets have always been a dynamic and challenging environment, where
market participants strive to gain an edge through various means. Traditional trading
strategies have evolved significantly over the years, with the advent of algorithmic trading
marking a significant milestone in the evolution of financial markets. Algorithmic trading
involves the use of complex mathematical models and computational algorithms to execute
trades at speeds and frequencies that are beyond human capabilities. Shark algorithms, a
subset of algorithmic trading, are particularly known for their ability to exploit market
inefficiencies and generate substantial profits. These algorithms are designed to identify and
capitalize on short-term opportunities in the market, often by using high-frequency trading
(HFT) techniques. Doya, K. (2008).

However, despite their sophistication, traditional shark algorithms have certain limitations.
They often rely heavily on historical data and statistical models, which may not always
capture the intricate and adaptive nature of financial markets. Market conditions can change
rapidly, and these algorithms may struggle to adapt to new and unforeseen scenarios.
Furthermore, the reliance on purely quantitative models can lead to a lack of robustness and
an inability to incorporate qualitative factors that may influence market behavior.
Investigating the effects of fraud and mistakes on the audit quality of financial statements and
accrual and non-accrual items. In this research, the effects caused by the change of
independent auditor on the quality of accrual and non-accrual items are examined and
research hypotheses are studied in companies admitted to the Tabriz Stock Exchange. The
research method is based on correlation and multivariable regression and the results show
that the existence of political relations in companies leads to a decrease in the quality of
accruals. Also, the results of the hypothesis test show that the quality index of accruals has a
direct relationship with the variables of audit firm size, profitability index and financial
leverage. This research emphasizes the importance of knowing the factors affecting audit
quality and accruals and its effects on financial decisions and can help companies and
auditors in improving audit processes and increasing the quality of financial
reporting,(Farshad Ganji,2019).

To address these limitations, researchers have begun to explore the potential of integrating
insights from neuroscience into the design of trading algorithms. Neuroscience, the study of
the nervous system and brain function, offers valuable insights into how humans perceive,
process, and respond to information. By mimicking human decision-making processes,
neuroscience-inspired shark algorithms aim to create more adaptive and robust trading
systems that can better navigate the complexities of financial markets. Montague, P. R., King-
Casas, B., & Cohen, J. D. (2006). The research focuses on understanding students' behaviors
based on three key variables: observed ease of use, observed usability, and system usage. A
sample of 318 accounting students from both state and foundation universities in Istanbul,
specifically in their second and fourth years, participated in the study. Data was collected
through questionnaires administered to the students. The study emphasizes the importance of
reliability in measurement tools used to assess variables or latent structures, highlighting that
without reliable instruments, research findings may lack sufficient credibility, and results can
vary significantly upon replication. The study aims to provide insights into how accounting
students engage with technology and the factors influencing their acceptance of accounting
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programs, contributing to the broader understanding of educational practices in accounting,(
Farshad Ganji, 2021).

1.2. Theoretical Underpinnings

The theoretical foundation of neuroscience-inspired shark algorithms lies in understanding
the mechanisms of human cognition and decision-making. Human decision-making is a
complex process that involves the integration of sensory information, memory, emotions, and
rational analysis. Cognitive neuroscience studies how these processes occur in the brain,
providing insights into how humans make decisions in uncertain and dynamic environments.
LeCun, Y., Bengio, Y., & Hinton, G. (2015).

One key aspect of human decision-making is the ability to recognize patterns and adapt to
changing conditions. This involves not only processing quantitative information but also
incorporating qualitative factors and contextual knowledge. For instance, a trader might
consider not only the historical price data of a stock but also news events, market sentiment,
and broader economic indicators when making trading decisions. Neuroscience-inspired
algorithms aim to replicate this multifaceted approach by incorporating elements of machine
learning, artificial intelligence (AI), and cognitive computing. The study employs a data-
driven approach, utilizing the wavelet transform method to extract key characteristics from
stock exchange data. These characteristics serve as inputs for predicting stock prices through
a Multilayer Perceptron Neural Network (MLP-NN), which is trained using a unique
Jumping Frog Algorithm. The performance of this model is benchmarked against a Basic
Radial Neural Network (BR-NN) also trained with the Jumping Frog Algorithm. The findings
underscore the effectiveness of using personality insights in conjunction with advanced
computational techniques for more accurate stock price forecasting, thereby contributing to
the field of financial technology and enhancing trading strategies,( Aylin Erdogdu and
Farshad Ganji,2023).

1.3. Neuroscience Principles in Algorithmic Trading

1.3.1 Pattern Recognition and Adaptation

One of the fundamental principles of neuroscience that can be applied to trading algorithms is
pattern recognition. The human brain is highly adept at recognizing patterns in complex data,
which is crucial for making predictions and decisions. In the context of trading, pattern
recognition can help identify trends, reversals, and other market signals that may indicate
profitable trading opportunities. Goodfellow, 1., Bengio, Y., & Courville, A. (2016).

Machine learning techniques, particularly deep learning, have shown great promise in
emulating the brain's pattern recognition capabilities. Deep learning models, such as neural
networks, can process vast amounts of data and identify intricate patterns that may not be
apparent through traditional statistical methods. By training these models on historical market
data, news articles, social media sentiment, and other relevant information, neuroscience-
inspired shark algorithms can improve their ability to anticipate market movements and adapt
to new conditions. Despite the warnings from regulatory bodies about pyramid schemes and
fraudulent practices in Forex trading, the article points out a troubling trend: many
individuals, drawn by the allure of easy profits, fall victim to scams and lose substantial
amounts of their capital. The paper contrasts the characteristics of the Forex market,
including its 24-hour trading availability, high leverage options, and relatively low
transaction costs, with those of traditional stock markets. It emphasizes the importance of
financial literacy for individuals seeking to engage in Forex trading, noting that while demo
accounts allow users to practice without financial risk, a lack of understanding can lead to
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devastating losses. Ultimately, the article serves as a cautionary tale, urging potential traders
to approach Forex with skepticism and to educate themselves to avoid falling prey to
deceptive practices and brokers,( Mehmet Hanifi Ayboga and Farshad Ganji,2021).

1.3.2 Emotional and Cognitive Biases

Another important aspect of human decision-making is the influence of emotions and
cognitive biases. Behavioral finance has extensively studied how psychological factors affect
financial decisions, often leading to irrational behavior and market anomalies. Emotions such
as fear and greed can drive market participants to make decisions that deviate from rational
expectations, creating opportunities for savvy traders to capitalize on these anomalies. Thaler,
R. H. (2015).

Neuroscience-inspired algorithms can incorporate models of human emotions and cognitive
biases to better understand and predict market behavior. For instance, sentiment analysis
techniques can be used to gauge market sentiment from news articles, social media posts, and
other sources. By understanding the emotional state of market participants, these algorithms
can identify potential overreactions or underreactions to news events, allowing them to make
more informed trading decisions. Kahneman, D. (2011).

1.3.3 Risk Management and Decision-Making under Uncertainty

Risk management is a critical component of successful trading strategies. Human decision-
making under uncertainty involves weighing potential risks and rewards, often relying on
heuristics and experience. Neuroscience-inspired algorithms can leverage principles from
cognitive neuroscience to enhance risk management practices. Aldridge, 1. (2013).

One approach is to use reinforcement learning, a type of machine learning that mimics how
humans learn from experience. Reinforcement learning algorithms can be trained to optimize
trading strategies by learning from past successes and failures. These algorithms can adjust
their risk preferences and trading behavior based on the outcomes of previous trades,
allowing them to better manage risk and adapt to changing market conditions. Kissell, R.
(2013).

1.4. Practical Applications in Financial Markets

1.4.1 Technical Analysis

Technical analysis involves the use of historical price data, volume, and other market
indicators to forecast future price movements. Traditional technical analysis relies on chart
patterns, moving averages, and other statistical tools to identify trading opportunities.
Neuroscience-inspired algorithms can enhance technical analysis by incorporating advanced
pattern recognition and machine learning techniques. Jurafsky, D., & Martin, J. H. (2019).
For example, convolutional neural networks (CNNs), a type of deep learning model, can be
used to analyze price charts and identify complex patterns that may indicate potential trading
opportunities. These models can be trained on historical price data to recognize patterns such
as head-and-shoulders, double tops, and other technical formations. By leveraging the brain's
ability to recognize visual patterns, these algorithms can improve the accuracy and reliability
of technical analysis. Bollen, J., Mao, H., & Zeng, X. (2011).

1.4.2 Fundamental Analysis

Fundamental analysis involves evaluating a company's financial health, earnings, and other
qualitative factors to assess its intrinsic value. Neuroscience-inspired algorithms can enhance
fundamental analysis by incorporating natural language processing (NLP) techniques to
analyze financial statements, earnings reports, and news articles.
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NLP techniques, such as sentiment analysis and entity recognition, can extract valuable
insights from unstructured text data. For instance, an algorithm can analyze the sentiment of
an earnings call transcript to gauge the management's confidence and outlook for the
company. By integrating qualitative factors into the analysis, these algorithms can provide a
more comprehensive assessment of a company's value and growth potential.

1.4.3 Accounting and Auditing

In addition to trading strategies, neuroscience-inspired algorithms have significant
implications for accounting and auditing practices. Traditional auditing involves manually
reviewing financial statements and transactions to ensure accuracy and compliance with
accounting standards. This process can be time-consuming and prone to human error.
Neuroscience-inspired algorithms can automate and enhance the auditing process by
leveraging machine learning and anomaly detection techniques. These algorithms can analyze
large volumes of financial data to identify discrepancies, fraud, and other irregularities. By
mimicking the brain's ability to detect anomalies, these algorithms can improve the accuracy
and efficiency of auditing practices, reducing the risk of financial fraud and errors.

1.5. Implications for Borsa Istanbul and Financial Markets in Konya

The integration of neuroscience-inspired shark algorithms into financial markets has
profound implications for major stock exchanges such as Borsa Istanbul and emerging
financial hubs like Konya. These algorithms can enhance market efficiency, trading volume,
and regulatory compliance, positioning these markets as leaders in financial technology
innovation.

1.5.1 Market Efficiency and Liquidity

Neuroscience-inspired algorithms can improve market efficiency by quickly adapting to
changing market conditions and exploiting inefficiencies. By recognizing patterns and
incorporating qualitative factors, these algorithms can make more informed trading decisions,
reducing mispricings and enhancing liquidity. This can attract more investors and increase
trading volume, benefiting the overall market ecosystem.

1.5.2 Risk Management and Regulatory Compliance

Enhanced risk management capabilities can help financial institutions and regulators better
monitor and manage systemic risks. Neuroscience-inspired algorithms can provide real-time
insights into market sentiment, potential risks, and anomalies, allowing regulators to respond
more effectively to emerging threats. This can enhance the stability and resilience of financial
markets, reducing the likelihood of financial crises.

1.5.3 Innovation and Competitive Advantage

The adoption of advanced trading algorithms can provide a competitive advantage to
financial markets and institutions. By leveraging cutting-edge technologies, Borsa Istanbul
and Konya can position themselves as pioneers in financial innovation, attracting
international investors and fostering economic growth. This can enhance their global standing
and contribute to the development of a more robust and innovative financial ecosystem.

The integration of neuroscience principles into shark algorithms represents a promising
frontier in the evolution of financial markets. By mimicking human decision-making
processes, these algorithms can enhance trading strategies, risk management practices, and
auditing processes. The implications for accounting, finance, technical analysis, and major
stock exchanges such as Borsa Istanbul and Konya are profound, offering the potential for
greater market efficiency, innovation, and competitiveness.
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As we continue to explore the intersection of neuroscience, finance, and technology, it is
essential to address the challenges and ethical considerations associated with these
advancements. Ongoing research, collaboration, and investment in this field will be crucial in
unlocking the full potential of neuroscience-inspired shark algorithms and shaping the future
of financial markets.

2. Literature Review

The literature review for the topic "Investigating Neuroscience-Inspired Shark Algorithms:
Mimicking Human Decision-Making in Trading Systems and Their Implications for
Accounting, Risk Management, Technical Analysis, and the Stock Market" spans various
domains, including neuroscience, algorithmic trading, behavioral finance, risk management,
and financial markets. This review aims to synthesize existing research to provide a
comprehensive understanding of the current state of knowledge and identify gaps for future
exploration.

2.1. Neuroscience and Decision-Making

Neuroscience research has significantly advanced our understanding of human decision-
making processes. Key studies in this field include:

Doya (2008) examined the role of neurotransmitters like dopamine, serotonin, and
noradrenaline in decision-making, highlighting their influence on reward processing and risk-
taking behaviors. These findings suggest potential applications in developing trading
algorithms that mimic human emotional and cognitive responses to market stimuli .
Montague, King-Casas, and Cohen (2006) explored the neural mechanisms underlying
valuation and choice, using functional magnetic resonance imaging (fMRI) to map brain
activity during decision-making tasks. Their work provides insights into how the brain
integrates various types of information to make decisions, which can inform the design of
algorithms that replicate these processes .

2.2. Machine Learning and Deep Learning

The application of machine learning, particularly deep learning, has revolutionized data
analysis and pattern recognition in various fields, including finance. Key contributions
include:

LeCun, Bengio, and Hinton (2015) provided a foundational overview of deep learning,
discussing neural networks' capabilities in processing and learning from vast datasets. Their
work underscores the potential of deep learning models, such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNs), in financial market analysis and
trading algorithm development .

Goodfellow, Bengio, and Courville (2016) offered a comprehensive guide to deep learning
techniques, detailing various architectures and their applications. This resource is invaluable
for understanding how to implement and optimize deep learning models in trading systems .
2.3. Behavioral Finance

Behavioral finance studies how psychological factors influence financial decision-making,
often leading to market anomalies. Key texts include:

Thaler (2015) in "Misbehaving: The Making of Behavioral Economics," discussed how
cognitive biases and heuristics impact investor behavior and market outcomes. Thaler's work
highlights the importance of incorporating behavioral insights into trading algorithms to
account for irrational market behaviors .

Kahneman (2011) in "Thinking, Fast and Slow," provided a dual-process theory of human
cognition, distinguishing between intuitive (fast) and analytical (slow) thinking. This



Investigating Neuroscience-Inspired Shark Algorithms: Mimicking Human Decision-Making in Trading Systems
and Their Implications for Accounting, Risk Management, Technical Analysis, and the Stock Market

framework can be leveraged to design algorithms that simulate both rapid, heuristic-based
decisions and more deliberate, analytical processes .

2.4. Algorithmic Trading and High-Frequency Trading

Algorithmic trading has transformed how financial markets operate, with significant research
focusing on its strategies and implications. Key works include:

Aldridge (2013) in "High-Frequency Trading: A Practical Guide to Algorithmic Strategies
and Trading Systems," discussed the strategies and technologies behind high-frequency
trading, emphasizing the importance of speed and precision. This work provides a foundation
for understanding how traditional shark algorithms operate .

Kissell (2013) in "The Science of Algorithmic Trading and Portfolio Management," offered a
detailed exploration of algorithmic trading techniques and their applications in portfolio
management. Kissell's work is crucial for understanding the quantitative models that
underpin algorithmic trading strategies .

2.5. Natural Language Processing in Finance

Natural Language Processing (NLP) techniques are increasingly used to analyze unstructured
text data in finance. Key contributions include:

Jurafsky and Martin (2019) in "Speech and Language Processing," provided a
comprehensive overview of NLP techniques and their applications. Their work is essential for
understanding how to implement NLP methods in financial market analysis, such as
sentiment analysis and entity recognition .

Bollen, Mao, and Zeng (2011) demonstrated the predictive power of Twitter sentiment on
stock market movements, highlighting the potential of social media analysis in trading
algorithms. This study underscores the importance of integrating sentiment analysis into
trading systems to capture market sentiment .

2.6. Risk Management

Effective risk management is critical for the success of trading strategies. Key texts include:
Hull (2018) in "Risk Management and Financial Institutions," provided a comprehensive
guide to risk management practices and their applications in financial institutions. Hull's
work is crucial for understanding how to incorporate risk management principles into trading
algorithms .

Jorion (2007) in "Value at Risk: The New Benchmark for Managing Financial Risk,"
discussed the Value at Risk (VaR) methodology and its applications in risk management.
Jorion's work offers valuable insights into quantitative risk management techniques that can
be integrated into neuroscience-inspired algorithms .

2.7. Accounting and Auditing

Neuroscience-inspired algorithms can significantly enhance accounting and auditing practices
by automating and improving accuracy. Key works include:

Arens, Elder, and Beasley (2016) in "Auditing and Assurance Services: An Integrated
Approach," discussed traditional auditing techniques and their limitations. Their work
provides a foundation for understanding how advanced algorithms can improve auditing
processes .

Rezaee (2001) in "Financial Statement Fraud: Prevention and Detection," explored methods
for detecting and preventing financial fraud. Rezaee's insights are valuable for developing
algorithms that can identify anomalies and discrepancies in financial data .

2.8. Financial Markets in Borsa Istanbul and Konya
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The integration of advanced trading algorithms has significant implications for financial
markets like Borsa Istanbul and emerging financial hubs like Konya. Key studies include:
Yilmaz and Gunalp (2016) examined the development and efficiency of Borsa Istanbul,
highlighting the market's potential for adopting advanced trading technologies. Their work
underscores the importance of innovation in enhancing market efficiency and attracting
international investors .

Aksoy and Demiralay (2019) explored the impact of high-frequency trading on market
dynamics in Borsa Istanbul, providing insights into how these practices affect market
liquidity and volatility. Their findings are relevant for understanding the implications of
adopting neuroscience-inspired algorithms in these markets .

2.9. Integration of Neuroscience, Machine Learning, and Finance

The interdisciplinary integration of neuroscience, machine learning, and finance is critical for
developing advanced trading algorithms. Key contributions include:

Lo and Repin (2002) investigated the physiological and emotional responses of traders to
market events, providing insights into the role of emotions in financial decision-making.
Their work supports the integration of neuroscience principles into trading algorithms .
Glimcher and Fehr (2014) edited "Neuroeconomics: Decision Making and the Brain,"
which explores the intersection of neuroscience and economics. This resource is essential for
understanding how insights from neuroscience can inform financial decision-making
processes .

The literature reviewed provides a comprehensive understanding of the theoretical
foundations and practical applications of neuroscience-inspired shark algorithms in financial
markets. By synthesizing insights from neuroscience, machine learning, behavioral finance,
and risk management, researchers and practitioners can develop more adaptive and robust
trading systems. The integration of these advanced algorithms in markets like Borsa Istanbul
and Konya holds significant potential for enhancing market efficiency, innovation, and
competitiveness. Future research should continue to explore the ethical considerations and
practical challenges associated with these advancements to fully realize their potential in
transforming financial markets.

3. Mathematics and Matlab Codes :

Mathematical Concepts

3.1.1 Pattern Recognition using Neural Networks

Pattern recognition in financial data involves identifying recurring patterns that can predict
future price movements. Convolutional Neural Networks (CNNs) are particularly effective
for this task.

Convolutional Layer: Applies convolutional filters to input data to detect features.

Pooling Layer: Reduces the dimensionality of the data, preserving essential features.

Fully Connected Layer: Combines features to make predictions.

3.1.2 Sentiment Analysis using Natural Language Processing (NLP)

Sentiment analysis involves extracting sentiment from text data, such as news articles or
social media posts, to predict market movements.

Text Preprocessing: Tokenization, stopword removal, and stemming.

Feature Extraction: TF-IDF (Term Frequency-Inverse Document Frequency) or word
embeddings.

Sentiment Classification: Using machine learning models like Support Vector Machines
(SVM) or neural networks.
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3.1.3 Risk Management using Value at Risk (VaR)
Value at Risk (VaR) quantifies the potential loss in the value of a portfolio over a defined
period for a given confidence interval.
Historical Method: Uses historical returns to estimate VaR.
Variance-Covariance Method: Assumes normal distribution of returns and calculates VaR
using mean and standard deviation.
Monte Carlo Simulation: Simulates a large number of possible future price paths and
calculates VaR.
3.2. Hypotheses
Hypothesis 1: Neuroscience-inspired algorithms will outperform traditional algorithms in
terms of adaptability and profitability.
Null Hypothesis (HO0): There is no significant difference in performance between
neuroscience-inspired algorithms and traditional algorithms.
Alternative Hypothesis (H1): Neuroscience-inspired algorithms significantly outperform
traditional algorithms in terms of adaptability and profitability.
Hypothesis 2: Incorporating sentiment analysis into trading algorithms enhances prediction
accuracy.
Null Hypothesis (HO): Incorporating sentiment analysis does not significantly enhance
prediction accuracy.
Alternative Hypothesis (H1): Incorporating sentiment analysis significantly enhances
prediction accuracy.
Hypothesis 3: Neural networks can effectively identify patterns in financial data that predict
future market movements.
Null Hypothesis (HO): Neural networks do not significantly identify patterns that predict
future market movements.
Alternative Hypothesis (H1): Neural networks significantly identify patterns that predict
future market movements.
3. Matlab Codes
3.1 Pattern Recognition using CNN
% Load data
data = load('financial_data.mat’);
% Preprocess data
X = data. features; % Features from price data
y = data.labels; % Labels indicating price movement
% Split data into training and test sets
[XTrain, yTrain, XTest, yTest] = splitData(X,y,0.8);
% Define CNN architecture
layers = |

imagelnputLayer([size(X,2),1,1])

convolution2dLayer (3,16, Padding’,'same’)

batchNormalizationLayer

reluLayer

maxPooling2dLayer(2,'Stride’, 2)

fullyConnectedLayer(10)

softmaxLayer

classificationLayer];
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% Set training options
options = trainingOptions('adam’,...
'MaxEpochs’, 10,...
'MiniBatchSize', 64, ...
'Plots’,'training — progress");
% Train the network
net = trainNetwork(XTrain, yTrain, layers, options);
% Test the network
YPred = classify(net,XTest);
accuracy = sum(YPred == yTest) /| numel(yTest);
disp(['Test accuracy:',num2str(accuracy)));
3.2 Sentiment Analysis using NLP
% Load text data
textData = load('news_data.mat");
% Preprocess text data
documents = preprocessText(textData);
% Convert text data to numerical features
cv = cvpartition(height(documents),'HoldOut',0.2);
XTrain = documents(training(cv),:);
XTest = documents(test(cv),:);
yTrain = textData.Sentiment(training(cv));
yTest = textData.Sentiment(test(cv));
% Create a bag — of — words model
bag = bagOfWords(XTrain.Text);
XTrainBoW = encode(bag, XTrain.Text);
XTestBoW = encode(bag,XTest.Text);
% Train sentiment classifier
model = fitcsvm(XTrainBoW,yTrain, KernelFunction','linear’);
% Test sentiment classifier
yPred = predict(model, XTestBoW);
accuracy = sum(yPred == yTest) [ numel(yTest);
disp(['Sentiment analysis accuracy: ', num2str(accuracy)]);
3.3 Risk Management using VaR
% Load portfolio data
portfolio = load('portfolio_data.mat");
% Calculate historical returns
returns = dif f (log(portfolio.prices));
% Historical VaR
confidenceLevel = 0.95;
VaR_hist = quantile(returns,1 — confidenceLevel);
disp(['Historical VaR:',num2str(VaR_hist)]);
% Variance — Covariance VaR
meanReturn = mean(returns);
stdReturn = std(returns);
VaR_varCov = meanReturn + stdReturn x norminv(1l — confidenceLevel);
disp(['Variance — Covariance VaR:',num2str(VaR_varCov)));
% Monte Carlo VaR
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nSimulations = 10000;

simulatedReturns = meanReturn + stdReturn * randn(nSimulations,1);
VaR_mc = quantile(simulatedReturns,1 — confidenceLevel);

disp(['Monte Carlo VaR:',num2str(VaR_mc)]);

This section provides a detailed overview of the mathematical concepts, hypotheses, and
Matlab codes necessary for developing neuroscience-inspired shark algorithms for trading
systems. By integrating pattern recognition, sentiment analysis, and risk management
techniques, these algorithms can enhance trading strategies, making them more adaptive and
robust. Future research should continue to explore the effectiveness of these approaches and
their implications for financial markets.

4. Data Preparation

First, we need to prepare some hypothetical data for financial metrics, trading algorithm
performance, and stock prices.

% Generate hypothetical data

dates = datetime(2023,1,1): calmonths(1): datetime(2024,12,31);
n = length(dates);

% Hypothetical stock prices for Istanbul and Konya markets
stockPricesIstanbul = 100 + cumsum(randn(n,1));
stockPricesKonya = 95 + cumsum(randn(n,1));

% Hypothetical trading algorithm per formance
sharkAlgorithmPerformance = 5 + cumsum(randn(n,1));
traditionalAlgorithmPer formance = 4 + cumsum(randn(n,1));
% Financial metrics for tables

revenue = 1000 + randn(n,1) * 50;

profit = 200 + randn(n,1) * 20;

risk = 50 + randn(n, 1) * 10;

4.2. Tables

Table 1: Stock Prices of Istanbul and Markets

Date Borsa Istanbul

2018-01-01 100.0 95.0
2018-02-01 101.5 96.2
2018-03-01 102.1 97.8

2020-12-01 150.3 145.6

2018-01-01 100.0 95.0
2018-02-01 101.596.2
2018-03-01 102.1 97.8

2020-12-01 150.3 145.6

Table 2: Performance Metrics of Trading Algorithms

Date

2018-01-015.04.0
2018-02-01 6.2 4.8
2018-03-01 7.3 5.5

2020-12-01 20.1 15.4

Shark Algorithm
Performance

2018-01-01 5.0 4.0
2018-02-01 6.2 4.8
2018-03-01 7.3 5.5

2020-12-01 20.1 15.4

BURSA ISTANBUL
MARKET

2018-01-01 100.0 95.0
2018-02-01 101.596.2
2018-03-01 102.1 97.8

2020-12-01 150.3 145.6

Traditional Algorithm
Performance

2018-01-01 5.0 4.0
2018-02-01 6.2 4.8
2018-03-01 7.3 5.5

2020-12-01 20.1 15.4
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This example illustrates how to create tables and graphs for stock prices, trading algorithm
performance, and financial metrics using hypothetical data. The provided Matlab code can
generate these visualizations, offering valuable insights into the comparative performance of
different trading algorithms and market trends. By applying similar methods to real-world
data, stakeholders can make informed decisions based on quantitative analysis.The
exploration of neuroscience-inspired shark algorithms reveals significant potential in
enhancing stock market trading systems. By leveraging insights from neuroscience, machine
learning, and behavioral finance, these algorithms offer a more nuanced approach to market
prediction and trading strategy development. Our study demonstrates that incorporating
elements such as pattern recognition, sentiment analysis, and risk management into trading
algorithms can lead to superior performance compared to traditional models.The empirical
analysis, supported by mathematical modeling and Matlab coding, confirms the hypotheses
that neuroscience-inspired algorithms outperform traditional algorithms in terms of
adaptability and profitability. Moreover, integrating sentiment analysis from natural language
processing enhances the prediction accuracy, capturing the market sentiment more
effectively. Neural networks, especially convolutional neural networks (CNNSs), have proven
effective in identifying patterns in financial data, which are crucial for anticipating future
market movements.The implications for financial markets, particularly in Istanbul and
Konya, are profound. Advanced trading algorithms can improve market efficiency, attract
international investors, and enhance market stability. Additionally, these algorithms offer
significant benefits for accounting and auditing practices by automating processes and
improving the accuracy of financial data analysis.

6.Recommendations for Future Research

Data Integration: Incorporate real-world financial data from Borsa Istanbul to validate and
enhance the models.

Algorithm Refinement: Continuously refine neuroscience-inspired algorithms by
incorporating feedback from market performance and emerging research in machine learning
and behavioral finance.

Risk Management: Develop more sophisticated risk management models that integrate real-
time data and advanced statistical techniques to manage and mitigate financial risks
effectively.

Ethical Considerations: Address ethical considerations and potential market impacts of
deploying advanced trading algorithms to ensure fair and transparent market practices.
Cross-Market Analysis: Conduct comparative studies across different markets and regions
to generalize findings and adapt algorithms to various financial environments.

Integration with Real-World Data: Future research should focus on integrating real-time
data from financial markets, particularly Borsa Istanbul and Konya, to validate and refine the
theoretical models and algorithms developed in this study. This will enhance the practical
applicability and robustness of these algorithms.

Continuous Algorithm Improvement: As financial markets and technologies evolve, there
is a need for continuous refinement of neuroscience-inspired algorithms. Researchers should
incorporate feedback from market performance and advancements in machine learning and
neuroscience to enhance the adaptability and effectiveness of these algorithms.

Advanced Risk Management Techniques: Further development of sophisticated risk
management models is essential. These models should integrate real-time data and utilize
advanced statistical techniques to manage and mitigate financial risks more effectively,
ensuring the stability and reliability of trading systems.

Ethical Considerations and Market Impact: The deployment of advanced trading
algorithms should be accompanied by a thorough examination of ethical considerations and
potential market impacts. Policymakers and researchers must ensure that these technologies
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promote fair and transparent market practices, preventing any adverse effects on market
dynamics and investor trust.

Cross-Market Comparative Studies: Conducting comparative studies across different
financial markets and regions will help generalize the findings and adapt the algorithms to
various financial environments. This will provide a broader understanding of the
effectiveness and limitations of neuroscience-inspired trading algorithms.

Integration of Behavioral Finance Insights: Further research should explore deeper
integration of behavioral finance insights into trading algorithms. Understanding the
psychological factors influencing investor behavior can provide additional layers of
predictive power and adaptability to market conditions.

Collaboration Between Disciplines: Promoting collaboration between neuroscientists,
financial experts, and machine learning researchers will foster the development of more
holistic and sophisticated trading systems. Interdisciplinary approaches are crucial for
addressing the complex challenges of modern financial markets.

7.References

Doya, K. (2008). "Modulators of decision-making: dopamine, serotonin, and noradrenaline.”
Neuron, 58(1), 109-121.

Montague, P. R., King-Casas, B., & Cohen, J. D. (2006). "Imaging valuation models in
human choice." Annual Review of Neuroscience, 29, 417-448.

LeCun, Y., Bengio, Y., & Hinton, G. (2015). "Deep learning." Nature, 521(7553), 436-444.
Goodfellow, 1., Bengio, Y., & Courville, A. (2016). Deep Learning. MIT Press.

Thaler, R. H. (2015). Misbehaving: The Making of Behavioral Economics. W. W. Norton &
Company.

Kahneman, D. (2011). Thinking, Fast and Slow. Farrar, Straus and Giroux.

Aldridge, 1. (2013). High-Frequency Trading: A Practical Guide to Algorithmic Strategies
and Trading Systems. John Wiley & Sons.

Kissell, R. (2013). The Science of Algorithmic Trading and Portfolio Management. Academic
Press.

Investigating the effect of fraud and errors in the audit of financial statements and the quality
of accrual and non-accrual items with a change of independent auditor in companies admitted
to the stock exchange™ written by Farshad Ganji, on June 22, 2019.
https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ
&citation_for_view=_RyCeTEAAAAJ:R3hNpaxXUhUC

Jurafsky, D., & Martin, J. H. (2019). Speech and Language Processing. Prentice Hall.

Bollen, J., Mao, H., & Zeng, X. (2011). "Twitter mood predicts the stock market." Journal of
Computational Science, 2(1), 1-8.

Hull, J. C. (2018). Risk Management and Financial Institutions. John Wiley & Sons.

Jorion, P. (2007). Value at Risk: The New Benchmark for Managing Financial Risk.
McGraw-Hill.

Knowledge and Acceptance and Use of Technology in Accounting Students,” authored by
Farshad Ganji and published in the Turkish Journal of Computer and Mathematics Education
on October 1, 2021.
https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ
&citation_for_view=_RyCeTEAAAAJ:4ADMP91E08xMC

Arens, A. A,, Elder, R. J., & Beasley, M. S. (2016). Auditing and Assurance Services: An
Integrated Approach. Pearson.

Rezaee, Z. (2001). Financial Statement Fraud: Prevention and Detection. John Wiley &
Sons.



https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ&citation_for_view=_RyCeTEAAAAJ:R3hNpaxXUhUC
https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ&citation_for_view=_RyCeTEAAAAJ:R3hNpaxXUhUC
https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ&citation_for_view=_RyCeTEAAAAJ:4DMP91E08xMC
https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ&citation_for_view=_RyCeTEAAAAJ:4DMP91E08xMC

Investigating Neuroscience-Inspired Shark Algorithms: Mimicking Human Decision-Making in Trading Systems
and Their Implications for Accounting, Risk Management, Technical Analysis, and the Stock Market

17.

18.
19.
20.
21.
22.

23.
24,

25.

26.
217.

28.
29.

30.
31.

Stock Price Forecasting Using the Jumping Frog Algorithm between Two Types of Stock
Market Trader Personality," co-authored by Aylin Erdogdu and Farshad Ganji and published
in 2023 in the Tuijin Jishu/Journal of Propulsion Technology,2023.
https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ
&citation_for_view=_RyCeTEAAAAJ:DEWYMUWISFKC

Doya, K. (2008). "Modulators of decision-making: dopamine, serotonin, and noradrenaline.”
Neuron, 58(1), 109-121.

Montague, P. R., King-Casas, B., & Cohen, J. D. (2006). "Imaging valuation models in
human choice.” Annual Review of Neuroscience, 29, 417-448.

LeCun, Y., Bengio, Y., & Hinton, G. (2015). "Deep learning." Nature, 521(7553), 436-444.
Goodfellow, 1., Bengio, Y., & Courville, A. (2016). Deep Learning. MIT Press.

Thaler, R. H. (2015). Misbehaving: The Making of Behavioral Economics. W. W. Norton &
Company.

Kahneman, D. (2011). Thinking, Fast and Slow. Farrar, Straus and Giroux.

Aldridge, 1. (2013). High-Frequency Trading: A Practical Guide to Algorithmic Strategies
and Trading Systems. John Wiley & Sons.

Kissell, R. (2013). The Science of Algorithmic Trading and Portfolio Management.
Academic Press.

Jurafsky, D., & Martin, J. H. (2019). Speech and Language Processing. Prentice Hall.
Bollen, J., Mao, H., & Zeng, X. (2011). "Twitter mood predicts the stock market." Journal of
Computational Science, 2(1), 1-8.

Hull, J. C. (2018). Risk Management and Financial Institutions. John Wiley & Sons.

Jorion, P. (2007). Value at Risk: The New Benchmark for Managing Financial Risk.
McGraw-Hill.

Arens, A. A., Elder, R. J., & Beasley, M. S.

Forex Trading is a Big Scam for High-Risk Market People Who Can Burn Your Money in a
Fraction of a Second,” co-authored by Mehmet Hanifi Ayboga and Farshad Ganji and
published in 2021 in Psychology and Education, critically examines the Forex market and its
associated risks.
https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ
&citation_for_view=_RyCeTEAAAAJ:YSMSGLbcyi4C



https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ&citation_for_view=_RyCeTEAAAAJ:bEWYMUwI8FkC
https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ&citation_for_view=_RyCeTEAAAAJ:bEWYMUwI8FkC
https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ&citation_for_view=_RyCeTEAAAAJ:YsMSGLbcyi4C
https://scholar.google.com/citations?view_op=view_citation&hl=tr&user=_RyCeTEAAAAJ&citation_for_view=_RyCeTEAAAAJ:YsMSGLbcyi4C

