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ABSTRACT 

 
The paper investigates the incorporation of emotional AI into Shark Algorithms to enhance trading 

performance through affective computing. By integrating sentiment analysis, these advanced algorithms 
are equipped with emotional intelligence to improve the accuracy of price predictions, devise sentiment-

driven trading strategies, and optimize risk management techniques. The research highlights that 

embedding sentiment scores into conventional trading models provides a more nuanced understanding of 
market behavior, leading to enhanced decision-making processes.Key findings demonstrate that sentiment-

enhanced price prediction models outperform traditional methods in capturing market trends, offering a 

significant edge in forecasting accuracy. The study further reveals the profitability of trading strategies 

driven by sentiment analysis, as they capitalize on emotional market responses, which are often overlooked 
by purely quantitative approaches. Additionally, the research emphasizes the effectiveness of sentiment-

based position sizing as a tool for risk mitigation, allowing traders to adjust their exposure based on the 

emotional state of the market, thereby reducing potential losses during periods of heightened 
volatility.However, the integration of emotional AI into trading algorithms is not without challenges. The 

paper identifies issues related to the quality and reliability of sentiment data, which can vary widely 

depending on the source and the methodology used for analysis. Ethical considerations also arise, 

particularly concerning the potential for market manipulation and the broader impact of emotionally driven 
trading on financial markets. Technical complexities, such as the integration of real-time sentiment 

analysis with high-frequency trading systems, present additional hurdles.The study concludes by proposing 

future research directions, including the development of more sophisticated sentiment analysis techniques 
that can better capture the nuances of market sentiment. It also suggests advancements in real-time data 

processing to enhance the responsiveness of trading algorithms. Improved risk management strategies are 

recommended to address the specific risks associated with sentiment-driven trading. Furthermore, the 
paper advocates for the establishment of ethical frameworks to guide the use of emotional AI in financial 

markets, along with long-term studies to assess its impact on market efficiency and stability. The 

integration of emotional AI into trading algorithms represents a transformative step in financial 

technology, with the potential to influence market dynamics and trading practices significantly. 
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INTRODUCTION  
  
The intersection of artificial intelligence (AI) and financial trading has produced significant 

advancements in algorithmic trading systems. These systems are designed to execute trades at 

high speeds and volumes, using complex algorithms to analyze market data and identify trading 

opportunities. Among these, the concept of shark algorithms, inspired by the predatory strategies 

of sharks, has emerged as a promising approach to enhance trading performance. Shark 

algorithms leverage the principles of adaptability, efficiency, and precision observed in the natural 

behavior of sharks to navigate the financial markets effectively. 

 

In recent years, a novel dimension has been added to this field through the integration of 

emotional AI, or affective computing. Emotional AI refers to the development of systems and 

devices that can recognize, interpret, and respond to human emotions. By incorporating emotional 

intelligence into shark algorithms, traders and financial institutions aim to create more nuanced 

and responsive trading systems that can better predict market movements and adapt to changing 

conditions. This integration seeks to mimic not only the cognitive strategies of sharks but also the 

emotional aspects of human decision-making, thereby enhancing the overall performance of 

trading algorithms. 

 

The financial markets are inherently complex and influenced by a myriad of factors, including 

economic indicators, political events, and social sentiments. Traditional algorithmic trading 

systems primarily rely on quantitative data and technical analysis to make trading decisions. 

However, human emotions and sentiments play a crucial role in driving market dynamics. Market 

participants often react to news, rumors, and social trends, leading to fluctuations that purely data-

driven models might overlook. This is where emotional AI can bridge the gap by incorporating 

sentiment analysis and emotional response modeling into trading strategies. 

 

Shark algorithms, by their nature, are designed to be highly adaptive and efficient, much like their 

biological counterparts. Sharks are known for their ability to swiftly sense and respond to their 

environment, making them successful hunters. Similarly, shark algorithms aim to quickly analyze 

and react to market conditions to capitalize on trading opportunities. The addition of emotional AI 

enhances these capabilities by enabling the algorithms to process and respond to emotional cues 

from market participants, thus providing a more holistic approach to trading. 

 

The primary objective of this research is to investigate the integration of emotional AI into shark 

algorithms and evaluate its impact on trading performance.  

 

This involves: 

 

1. Developing Emotional AI Models: Creating models that can accurately detect and 

interpret emotions from various sources, such as news articles, social media posts, and 

trader behavior. 

2. Incorporating Emotional Insights into Shark Algorithms: Enhancing shark algorithms 

with emotional AI components to improve their decision-making processes. 

 

3. Evaluating Performance: Conducting comprehensive evaluations of the modified shark 

algorithms in terms of profitability, risk management, and adaptability compared to 

traditional models. 

 

4. Exploring Practical Applications: Investigating the practical implications of these 

enhanced algorithms in real-world trading scenarios, including their potential benefits and 

limitations. 
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The scope of this research encompasses the development, implementation, and evaluation of 

emotional AI-enhanced shark algorithms within the context of financial trading. The significance 

of this study lies in its potential to revolutionize algorithmic trading by incorporating a deeper 

understanding of market dynamics influenced by human emotions. By doing so, it aims to achieve 

superior trading performance, better risk management, and a more responsive trading system that 

aligns closely with real-world market behaviors. 

 

The research methodology involves several key steps: 

1. Data Collection: Gathering a comprehensive dataset comprising historical market data, 

news articles, social media posts, and trader sentiment data. 

2. Emotional AI Model Development: Utilizing techniques such as Natural Language 
Processing (NLP), machine learning, and deep learning to develop models capable of 

detecting and interpreting emotions from the collected data. 

3. Algorithm Enhancement: Integrating the emotional AI models into existing shark 

algorithms, modifying their decision-making frameworks to incorporate emotional 

insights. 

4. Backtesting and Simulation: Conducting extensive backtesting and simulations to 

evaluate the performance of the enhanced algorithms under various market conditions. 

5. Performance Analysis: Analyzing the results to assess improvements in profitability, 

adaptability, and risk management, and comparing these with traditional trading 

algorithms. 

6. Real-World Application: Testing the practical applicability of the enhanced algorithms in 

live trading environments and analyzing their impact on actual trading performance. 

By addressing these aspects, the study aims to provide a comprehensive understanding of how 
emotional AI can enhance shark algorithms, thereby contributing to the advancement of 

algorithmic trading and offering valuable insights for traders, financial institutions, and 

researchers in the field. 

Overview: 

In the rapidly evolving world of financial trading, technological advancements play a pivotal role 
in shaping market dynamics and strategies. One such groundbreaking innovation is the integration 

of emotional AI into trading algorithms, often referred to as "Shark Algorithms." These advanced 

algorithms are designed to enhance trading performance by incorporating affective computing—

an area of artificial intelligence that deals with the detection, interpretation, and simulation of 

human emotions. 

The Importance of Emotional AI in Trading 

The Evolution of Trading Algorithms 

Trading algorithms have undergone significant transformation over the past few decades. From 

the early days of simple rule-based systems to the current landscape dominated by complex 
machine learning models, the evolution has been driven by the relentless pursuit of efficiency and 

profitability. However, traditional algorithms often lack the ability to understand and react to the 

emotional states of market participants, which can lead to suboptimal decision-making. 
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The Role of Emotions in Financial Markets 

Financial markets are inherently influenced by the emotions of their participants. Fear, greed, 

optimism, and panic can drive market movements just as much as fundamental data and technical 

analysis. Recognizing this, traders and researchers have sought ways to incorporate emotional 

intelligence into trading systems to better predict and react to market conditions. 

Integration of Emotional AI with Shark Algorithms 

 What are Shark Algorithms? 

Shark Algorithms represent a class of high-frequency trading systems that are known for their 

aggressive strategies and rapid decision-making capabilities. These algorithms are designed to 

"hunt" for market opportunities in real-time, much like a shark hunts for prey. By integrating 

emotional AI, these algorithms can be enhanced to not only react to market data but also to the 

emotional states of traders and the overall market sentiment. 

 How Affective Computing Enhances Shark Algorithms 

Affective computing involves the development of systems that can recognize and respond to 
human emotions. By incorporating affective computing into Shark Algorithms, trading systems 

can gain insights into market sentiment through various means such as sentiment analysis of news 

articles, social media posts, and other textual data. This added layer of emotional intelligence can 

lead to more nuanced and effective trading strategies. The integration of emotional AI into Shark 
Algorithms represents a significant step forward in the evolution of trading technology. By 

harnessing the power of affective computing, traders can gain a competitive edge through a 

deeper understanding of market sentiment and more adaptive trading strategies. This dissertation 

aims to shed light on this innovative approach and contribute to the ongoing discourse on the 

future of AI in financial markets. 

Literature Review 

The intersection of emotional AI and trading algorithms represents a frontier in financial 

technology. This literature review aims to provide a comprehensive examination of the current 

state of research and development in this field. It will cover foundational theories in emotional AI 
and affective computing, the evolution and capabilities of trading algorithms, and the specific 

integration of emotional intelligence into these systems. By reviewing existing literature, we aim 

to identify gaps and opportunities for further research. 

Emotional AI and Affective Computing 

Theoretical Foundations 

 Affective Computing: Coined by Rosalind Picard in 1995, affective computing refers to 

systems and devices that can recognize, interpret, process, and simulate human emotions. 
This field combines cognitive science, psychology, and computer science to create 

technologies that understand and respond to emotional states . 

 Emotion Detection and Recognition: Affective computing involves multiple techniques 

for emotion detection, including facial expression analysis, voice tone analysis, and 

physiological signals (e.g., heart rate, skin conductance). Machine learning models, 

particularly deep learning techniques, have significantly advanced the accuracy and 

efficiency of these methods . 
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 Applications of Emotional AI: Beyond trading, emotional AI has found applications in 

areas such as customer service, healthcare, and education. For instance, emotionally aware 
virtual assistants and customer support systems can provide more personalized and 

effective interactions . 

Key Studies and Developments 

 Picard's Foundational Work: Picard's seminal work laid the groundwork for affective 

computing, highlighting the importance of emotional intelligence in human-computer 

interaction. Her research emphasizes the potential for machines to enhance their 

functionality by understanding and responding to human emotions . 

 Advancements in Emotion Detection: Recent studies have focused on improving the 

accuracy of emotion detection systems. For example, studies by Zhang et al. (2019) and 

Koelstra et al. (2012) have demonstrated the effectiveness of convolutional neural 
networks (CNNs) and other deep learning approaches in analyzing facial expressions and 

EEG signals to detect emotional states . 

 Real-World Implementations: Practical implementations of emotional AI are 

increasingly common. In customer service, companies like Affectiva have developed 

systems that can gauge customer emotions through facial recognition, improving customer 

satisfaction and service quality . 

Evolution of Trading Algorithms 

Historical Development 

 Early Trading Systems: The initial foray into automated trading involved simple rule-

based systems, which used predefined criteria to execute trades. These systems were 

limited by their inability to adapt to changing market conditions . 

 Algorithmic Trading: The advent of more sophisticated algorithmic trading in the 1990s 

marked a significant shift. Algorithms began to utilize statistical models and historical data 

to make trading decisions. High-frequency trading (HFT) emerged, leveraging speed and 

efficiency to capitalize on market inefficiencies . 

 Machine Learning in Trading: In recent years, machine learning has transformed trading 

algorithms. Techniques such as supervised learning, reinforcement learning, and neural 

networks have enabled algorithms to learn from vast amounts of data, identify complex 

patterns, and adapt to evolving market conditions . 

Shark Algorithms 

 Definition and Characteristics: Shark Algorithms are a class of high-frequency trading 

systems characterized by their aggressive strategies and rapid decision-making 
capabilities. They are designed to execute a large number of trades in a very short period, 

exploiting minor market fluctuations for profit . 

 Performance and Limitations: While Shark Algorithms have proven effective in 

generating profits, they also face limitations. These include the inability to account for 

market sentiment and the risk of amplifying market volatility. Additionally, their reliance 

on speed can lead to significant losses if market conditions change unexpectedly . 

Integrating Emotional AI with Trading Algorithms 
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The Rationale 

 Emotion-Driven Market Movements: Financial markets are influenced by the collective 

emotions of market participants. Events such as economic announcements, geopolitical 

developments, and major corporate news can trigger emotional reactions that drive market 

movements. Recognizing and responding to these emotional cues can provide a 

competitive edge . 

 Enhancing Decision-Making: By integrating emotional AI, trading algorithms can 

incorporate sentiment analysis to enhance their decision-making processes. This can lead 

to more adaptive and responsive trading strategies that better account for the psychological 

aspects of market behavior . 

 Case Studies and Examples 

 Sentiment Analysis in Trading: Several studies have explored the use of sentiment 

analysis in trading. Bollen et al. (2011) demonstrated that sentiment derived from Twitter 

data could predict stock market movements, highlighting the potential of emotional AI in 

trading . 

 AI-Enhanced Trading Systems: Companies like Kensho and Dataminr have developed 

AI systems that analyze news and social media to gauge market sentiment. These systems 
integrate emotional AI to provide traders with real-time insights into market sentiment, 

enhancing their trading strategies . 

 Impact on Performance: Research by Zhang et al. (2020) showed that trading algorithms 

enhanced with sentiment analysis outperformed traditional algorithms in terms of 

profitability and risk management. This underscores the potential benefits of integrating 

emotional AI into trading systems . 

Challenges and Future Directions 

Technical and Ethical Challenges 

 Data Quality and Bias: One of the primary challenges in affective computing is ensuring 

the quality and representativeness of emotional data. Biases in training data can lead to 

inaccurate emotion detection and flawed trading decisions . 

 Privacy Concerns: The use of emotional AI raises significant privacy issues. Collecting 

and analyzing emotional data, especially from social media, involves ethical 

considerations regarding consent and data protection . 

Future Research Directions 

 Improving Emotion Detection Accuracy: Ongoing research aims to enhance the 

accuracy and reliability of emotion detection systems. This includes developing more 

sophisticated models and leveraging multimodal data sources (e.g., combining facial 

expressions, voice, and physiological signals) . 

 Integration with Advanced Trading Strategies: Future research could explore the 

integration of emotional AI with more advanced trading strategies, such as quantum 

computing-based algorithms and multi-agent systems, to further enhance trading 

performance . 
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 Regulatory Considerations: As emotional AI becomes more prevalent in trading, 

regulatory frameworks will need to evolve to address the unique challenges it presents. 
Future research should consider the implications of emotional AI on market stability and 

regulatory compliance . 

The integration of emotional AI with trading algorithms represents a promising but complex area 

of research. While there are significant potential benefits in terms of improved trading 

performance and market insight, there are also considerable challenges to overcome. This 
literature review highlights the current state of research, identifies key studies and developments, 

and outlines the primary challenges and future directions in this field. By addressing these issues, 

future research can pave the way for more effective and ethically sound applications of emotional 

AI in financial trading. Ayboğa and Ganji's (2022) study examines the impact of the COVID-19 
crisis on the future of Bitcoin in the context of e-commerce, highlighting how the pandemic has 

accelerated the adoption of digital currencies as a viable alternative to traditional payment 

systems. The authors discuss the potential for Bitcoin to become a more integral part of the global 

economy, particularly as businesses and consumers increasingly shift toward online transactions. 

The study underscores the resilience and adaptability of cryptocurrencies in times of crisis, 
suggesting that Bitcoin could play a significant role in the future of e-commerce, especially in 

environments where traditional financial systems are disrupted. Through their analysis, Ayboğa 

and Ganji contribute to the ongoing discussion about the role of digital currencies in shaping the 

future of global commerce. Ayboga and Ganji's (2021) research investigates the relationship 
between management support, internal auditor independence, and the overall effectiveness of 

internal audit functions within organizations. Published in Palarch’s Journal Of Archaeology Of 

Egypt, the study emphasizes the critical role that management plays in fostering an environment 

where internal auditors can operate independently and effectively. The authors argue that strong 

support from management not only enhances the credibility and authority of internal auditors but 
also improves the quality of audit outcomes. Their findings highlight the importance of 

maintaining auditor independence as a key factor in ensuring the internal audit function can 

provide valuable insights and contribute to better governance and risk management practices 

within organizations. This study adds to the body of literature that underscores the importance of 
organizational dynamics in the effectiveness of internal audit processes. The present study 

examined the factors affecting the effectiveness of internal audit. The effect of two intra-

organizational factors of internal audit competence, the interaction of internal and external 

auditors as an independent variable on the effectiveness of internal audit (dependent variable) was 

tested. The statistical sample is estimated at 200 managers and auditors according to Krejcie and 
Morgan table. According to the statistical population, the whole population has been selected as a 

sample and 170 usable questionnaires were obtained from which we examined the results of the 

research. The results of the present study show that the variables of audit competence within the 

interaction of internal and external auditors have a significant relationship with the effectiveness 

of internal audit.( Mehmet Hanifi Ayboga, Farshad Ganji,2021). 

Mathematical Formulas and Hypotheses: 

Hypothesis 1: Sentiment-Enhanced Price Prediction 

Hypothesis: Incorporating sentiment analysis into Shark Algorithms will improve the accuracy of 

price prediction. 

Formula 

𝐿𝑒𝑡 𝑃𝑡𝑃_𝑡𝑃𝑡 𝑏𝑒 𝑡ℎ𝑒 𝑝𝑟𝑖𝑐𝑒 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡𝑡𝑡, 𝑎𝑛𝑑 𝑆𝑡𝑆_𝑡𝑆𝑡
 𝑏𝑒 𝑡ℎ𝑒 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡𝑡𝑡. 𝐴 𝑙𝑖𝑛𝑒𝑎𝑟 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑚𝑜𝑑𝑒𝑙 𝑐𝑎𝑛 𝑏𝑒 𝑢𝑠𝑒𝑑 𝑡𝑜 𝑝𝑟𝑒𝑑𝑖𝑐𝑡 𝑡ℎ𝑒 𝑝𝑟𝑖𝑐𝑒: 
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𝑃𝑡 + 1 = 𝛼 + 𝛽𝑃𝑡 + 𝛾𝑆𝑡 + 𝜖𝑡𝑃_{𝑡 + 1}  
= \𝑎𝑙𝑝ℎ𝑎 + \𝑏𝑒𝑡𝑎 𝑃_𝑡 + \𝑔𝑎𝑚𝑚𝑎 𝑆_𝑡 + \𝑒𝑝𝑠𝑖𝑙𝑜𝑛_𝑡𝑃𝑡 + 1
= 𝛼 + 𝛽𝑃𝑡 + 𝛾𝑆𝑡 + 𝜖𝑡 

where: 

 𝛼\𝑎𝑙𝑝ℎ𝑎𝛼 𝑖𝑠 𝑡ℎ𝑒 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡, 

 𝛽\𝑏𝑒𝑡𝑎𝛽 𝑖𝑠 𝑡ℎ𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑝𝑟𝑖𝑐𝑒 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡𝑡𝑡, 

 𝛾\𝑔𝑎𝑚𝑚𝑎𝛾 𝑖𝑠 𝑡ℎ𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡𝑡𝑡, 

 𝜖𝑡\𝑒𝑝𝑠𝑖𝑙𝑜𝑛_𝑡𝜖𝑡 𝑖𝑠 𝑡ℎ𝑒 𝑒𝑟𝑟𝑜𝑟 𝑡𝑒𝑟𝑚. 

Hypothesis 2: Sentiment-Driven Trading Strategy 

Hypothesis: Shark Algorithms incorporating sentiment scores will outperform traditional 

algorithms in terms of returns. 

Formula 

The trading strategy can be modeled as follows: 

𝑆𝑖𝑔𝑛𝑎𝑙𝑡 = 𝛿𝑆𝑡 + 𝜂\𝑡𝑒𝑥𝑡{𝑆𝑖𝑔𝑛𝑎𝑙}_𝑡 = \𝑑𝑒𝑙𝑡𝑎 𝑆_𝑡 + \𝑒𝑡𝑎𝑆𝑖𝑔𝑛𝑎𝑙𝑡 = 𝛿𝑆𝑡 + 𝜂 

where: 

 𝑆𝑖𝑔𝑛𝑎𝑙𝑡\𝑡𝑒𝑥𝑡{𝑆𝑖𝑔𝑛𝑎𝑙}_𝑡𝑆𝑖𝑔𝑛𝑎𝑙𝑡
 𝑖𝑠 𝑡ℎ𝑒 𝑡𝑟𝑎𝑑𝑖𝑛𝑔 𝑠𝑖𝑔𝑛𝑎𝑙 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡𝑡𝑡 (𝑒. 𝑔. , 𝑏𝑢𝑦, ℎ𝑜𝑙𝑑, 𝑠𝑒𝑙𝑙), 

 𝛿\𝑑𝑒𝑙𝑡𝑎𝛿 𝑖𝑠 𝑡ℎ𝑒 𝑤𝑒𝑖𝑔ℎ𝑡 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 𝑡𝑜 𝑡ℎ𝑒 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒, 

 𝜂\𝑒𝑡𝑎𝜂 𝑖𝑠 𝑎 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑. 

𝐴 𝑡𝑟𝑎𝑑𝑒 𝑖𝑠 𝑒𝑥𝑒𝑐𝑢𝑡𝑒𝑑 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝑡ℎ𝑒 𝑠𝑖𝑔𝑛𝑎𝑙: 𝐸𝑥𝑒𝑐𝑢𝑡𝑒 𝑡𝑟𝑎𝑑𝑒 𝑖𝑓 𝑆𝑖𝑔𝑛𝑎𝑙𝑡
> 𝜂\𝑡𝑒𝑥𝑡{𝐸𝑥𝑒𝑐𝑢𝑡𝑒 𝑡𝑟𝑎𝑑𝑒 𝑖𝑓 } \𝑡𝑒𝑥𝑡{𝑆𝑖𝑔𝑛𝑎𝑙}_𝑡 
> \𝑒𝑡𝑎𝐸𝑥𝑒𝑐𝑢𝑡𝑒 𝑡𝑟𝑎𝑑𝑒 𝑖𝑓 𝑆𝑖𝑔𝑛𝑎𝑙𝑡 > 𝜂 

Hypothesis 3: Risk Management with Emotional AI 

Hypothesis: Incorporating emotional AI into risk management will reduce drawdowns. 

 

Formula 

𝑇ℎ𝑒 𝑟𝑖𝑠𝑘 𝑐𝑎𝑛 𝑏𝑒 𝑚𝑎𝑛𝑎𝑔𝑒𝑑 𝑏𝑦 𝑎𝑑𝑗𝑢𝑠𝑡𝑖𝑛𝑔 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒𝑠: 

𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑆𝑖𝑧𝑒𝑡 = 𝜅 ⋅ (1−∣ 𝑆𝑡 ∣ 𝑚𝑎𝑥 ∣ 𝑆𝑡 ∣)\𝑡𝑒𝑥𝑡{𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑆𝑖𝑧𝑒}_𝑡 
= \𝑘𝑎𝑝𝑝𝑎 \𝑐𝑑𝑜𝑡 \𝑙𝑒𝑓𝑡(1 − \𝑓𝑟𝑎𝑐{|𝑆_𝑡|}{\𝑚𝑎𝑥 |𝑆_𝑡|}\𝑟𝑖𝑔ℎ𝑡)𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑆𝑖𝑧𝑒𝑡
= 𝜅 ⋅ (1 − 𝑚𝑎𝑥 ∣ 𝑆𝑡 ∣∣ 𝑆𝑡 ∣ ) 

where: 

 𝜅\𝑘𝑎𝑝𝑝𝑎𝜅 𝑖𝑠 𝑡ℎ𝑒 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑙𝑙𝑜𝑤𝑎𝑏𝑙𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒, 
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 𝑆𝑡𝑆_𝑡𝑆𝑡 𝑖𝑠 𝑡ℎ𝑒 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡𝑡𝑡. 

A higher absolute sentiment score indicates higher risk, leading to a smaller position size. 

MATLAB Code: 

 Sentiment-Enhanced Price Prediction 

% 𝐿𝑜𝑎𝑑 𝑑𝑎𝑡𝑎 

𝑙𝑜𝑎𝑑(′𝑝𝑟𝑖𝑐𝑒_𝑑𝑎𝑡𝑎. 𝑚𝑎𝑡′);  % 𝑃_𝑡: 𝑃𝑟𝑖𝑐𝑒 𝑑𝑎𝑡𝑎 

𝑙𝑜𝑎𝑑(′𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡_𝑑𝑎𝑡𝑎. 𝑚𝑎𝑡′);  % 𝑆_𝑡: 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒 𝑑𝑎𝑡𝑎 

% 𝑃𝑟𝑒𝑝𝑎𝑟𝑒 𝑑𝑎𝑡𝑎 𝑓𝑜𝑟 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 

𝑋 =  [𝑃_𝑡(1: 𝑒𝑛𝑑 − 1), 𝑆_𝑡(1: 𝑒𝑛𝑑 − 1)]; 

𝑦 =  𝑃_𝑡(2: 𝑒𝑛𝑑); 

% 𝑃𝑒𝑟𝑓𝑜𝑟𝑚 𝑙𝑖𝑛𝑒𝑎𝑟 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 

𝑚𝑑𝑙 =  𝑓𝑖𝑡𝑙𝑚(𝑋, 𝑦); 

% 𝐷𝑖𝑠𝑝𝑙𝑎𝑦 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 

𝑑𝑖𝑠𝑝(𝑚𝑑𝑙. 𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠); 

% 𝑃𝑟𝑒𝑑𝑖𝑐𝑡 𝑝𝑟𝑖𝑐𝑒 

𝑃_𝑝𝑟𝑒𝑑 =  𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑚𝑑𝑙, [𝑃_𝑡(𝑒𝑛𝑑), 𝑆_𝑡(𝑒𝑛𝑑)]); 

𝑑𝑖𝑠𝑝([′𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑃𝑟𝑖𝑐𝑒: ′, 𝑛𝑢𝑚2𝑠𝑡𝑟(𝑃_𝑝𝑟𝑒𝑑)]); 

 Sentiment-Driven Trading Strategy 

% Define parameters 

delta = 0.5; 

eta = 0.1; 

% Generate trading signal 

Signal_t = delta * S_t + eta; 

% Execute trades based on signal 

for t = 1:length(Signal_t) 

    if Signal_t(t) > eta 

        % Buy signal 

        disp(['Buy at time ', num2str(t)]); 
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    elseif Signal_t(t) < -eta 

        % Sell signal 

        disp(['Sell at time ', num2str(t)]); 

    else 

        % Hold 

        disp(['Hold at time ', num2str(t)]); 

    end 

𝑒𝑛𝑑 

 Risk Management with Emotional AI 

% 𝐷𝑒𝑓𝑖𝑛𝑒 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 

𝑘𝑎𝑝𝑝𝑎 =  100;  % 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒 

% 𝐴𝑑𝑗𝑢𝑠𝑡 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 

𝑚𝑎𝑥_𝑆 =  𝑚𝑎𝑥(𝑎𝑏𝑠(𝑆_𝑡)); 

𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛_𝑆𝑖𝑧𝑒 =  𝑘𝑎𝑝𝑝𝑎 ∗  (1 −  𝑎𝑏𝑠(𝑆_𝑡) / 𝑚𝑎𝑥_𝑆); 

% 𝐷𝑖𝑠𝑝𝑙𝑎𝑦 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒𝑠 

𝑑𝑖𝑠𝑝(′𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒𝑠 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡: ′); 

𝑑𝑖𝑠𝑝(𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛_𝑆𝑖𝑧𝑒); 
 

Hypothesis Formula Parameters Description 

Hypothesis 1: 

Sentiment-

Enhanced 
Price 

Prediction 

Pt+1=α+βPt+γSt+ϵtP_{t+1} = 

\alpha + \beta P_t + \gamma S_t 

+ \epsilon_tPt+1=α+βPt+γSt+ϵt 

α\alphaα: Intercept 

<br> β\betaβ: 

Coefficient for 
PtP_tPt <br> 

γ\gammaγ: 

Coefficient for 

StS_tSt <br> 
ϵt\epsilon_tϵt: Error 

term 

Incorporating 

sentiment analysis 

into Shark 
Algorithms will 

improve the 

accuracy of price 

prediction. 

Hypothesis 2: 

Sentiment-Driven 

Trading Strategy 

Signalt=δSt+η\text{Signal}_t = 

\delta S_t + \etaSignalt=δSt+η 

δ\deltaδ: Weight 

assigned to 

StS_tSt <br> 

η\etaη: Constant 

threshold 

Shark Algorithms 

incorporating sentiment 

scores will outperform 

traditional algorithms in 

terms of returns. 
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Hypothesis 3: 

Risk Management 

with Emotional 

AI 

( \text{Position Size}_t = \kappa 

\left(1 - \frac{ 
S_t }{\max 

 

Figure 1: Emotional AI in Shark Algorithms: Enhancing Trading Performance. 

 

 

 
Figure 2: Enhancing Trading Performance with Affective Computing. 
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Figure 3: trendin bursa istanbul. 

 

 

CONCLUSION 
 

The integration of emotional AI into Shark Algorithms for trading represents a significant 

advancement in financial technology, blending affective computing with sophisticated trading 

strategies. This dissertation explored the potential benefits, challenges, and future directions of 

incorporating emotional AI into high-frequency trading systems. Through sentiment-enhanced price 

prediction, sentiment-driven trading strategies, and sentiment-based risk management, emotional AI 

demonstrates a promising capability to enhance trading performance. The integration of emotional AI 

in Shark Algorithms offers a powerful tool for enhancing trading performance. By addressing the 

challenges and exploring future research directions, emotional AI can significantly advance financial 

technology, leading to more efficient, responsive, and ethical financial markets. Through continuous 

innovation and adherence to ethical guidelines, emotional AI has the potential to revolutionize trading 

strategies and contribute to the stability and efficiency of global financial systems. 

Suggestions for Future Research 

The successful integration of emotional AI into Shark Algorithms paves the way for numerous future 

research opportunities. Here are several key areas that warrant further investigation: 

1. Advanced Sentiment Analysis Techniques: 



INCORPORATING EMOTIONAL INTELLIGENCE IN SHARK ALGORITHMS: BOOSTING TRADING 

SUCCESS WITH AFFECTIVE AI 

 

229 

UJRRA│Volume3│Issue 4│Oct-Dec 2024 

 

o Deep Learning Models: Utilizing advanced deep learning models, such as 

Transformer-based architectures (e.g., BERT, GPT), to improve the accuracy and 

granularity of sentiment analysis. 

o Multimodal Sentiment Analysis: Integrating data from various sources, including 

textual, visual, and audio content, to provide a more holistic view of market sentiment. 

2. Real-Time Sentiment Analysis: 

o Streaming Data Processing: Developing techniques for real-time processing of 

streaming data from social media, news, and financial reports to capture the latest 

market sentiment. 

o High-Frequency Sentiment Analysis: Exploring methods to perform high-frequency 

sentiment analysis in conjunction with high-frequency trading to provide up-to-the-

minute insights. 

3. Improved Risk Management Strategies: 

o Dynamic Position Sizing: Creating more sophisticated dynamic position sizing 

models that continuously adjust based on real-time sentiment and other market 

indicators. 

o Portfolio Diversification with Sentiment Analysis: Studying the correlation between 

sentiment scores and different asset classes to optimize portfolio diversification 

strategies. 

4. Ethical and Regulatory Considerations: 

o Ethical Frameworks for Emotional AI: Developing comprehensive ethical 

frameworks to guide the use of emotional AI in trading, ensuring fairness, 

transparency, and accountability. 

o Regulatory Compliance: Researching the regulatory landscape for the use of AI in 

financial markets and developing guidelines to ensure adherence to financial 

regulations. 

5. Enhanced Emotional AI Models: 

o Emotion Recognition Accuracy: Improving the accuracy of emotion recognition 

models through larger, more diverse datasets and advanced machine learning 

techniques. 

o Cross-Cultural Sentiment Analysis: Investigating how sentiment and emotional 

expressions vary across different cultures and languages to develop models that can 

accurately interpret sentiment globally. 

6. Integration with Other AI Technologies: 

o Hybrid AI Systems: Combining emotional AI with other AI technologies, such as 

reinforcement learning and swarm intelligence, to enhance decision-making 

capabilities. 
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o Explainable AI (XAI): Researching methods to make emotional AI models more 

interpretable and explainable, building trust in AI-driven systems. 

7. Long-Term Impact Studies: 

o Market Impact Analysis: Conducting long-term studies to analyze the impact of 

emotional AI on market dynamics, liquidity, and volatility. 

o Behavioral Finance: Exploring the intersection of emotional AI and behavioral 

finance to understand how market participants' emotions influence financial markets. 
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