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Abstract 

This study investigates the integration of Artificial Intelligence (AI) into portfolio 

management and financial forecasting by systematically reviewing 30 peer-reviewed 

academic sources published between 2020 and 2025. The analysis reveals that AI applications 

in finance are rapidly expanding, with 7 major thematic areas emerging: AI in auditing, fraud 

detection, FinTech innovation, blockchain and crypto adoption, portfolio management, bio-

inspired algorithms, and cloud computing. Among these, portfolio management (6 studies) 

and bio-inspired algorithms (5 studies) are the most studied domains. The predominant 

methodologies include algorithmic simulation (used in 11 studies), empirical analysis (7 

studies), and case studies (5 studies). Technologies such as deep learning (used in 8 studies), 

blockchain (5 studies), and natural language processing (3 studies) are frequently adopted to 

enhance predictive capabilities, risk assessment, and audit quality. Notably, several studies 

(e.g., Ganji, 2025a; 2025b) introduced shark-inspired trading algorithms and emotionally 

intelligent AI models, which outperformed traditional methods in volatile markets. Moreover, 

emerging economies, particularly Iran, accounted for a significant share of research, 

demonstrating unique FinTech adoption patterns and regulatory challenges. The findings 

suggest a paradigm shift from static financial models to adaptive, AI-driven frameworks that 

combine behavioral insights, algorithmic efficiency, and real-time decision-making. However, 

concerns over data quality, algorithmic transparency, and regulatory oversight remain 

unresolved. This study concludes that while AI offers transformative potential for the 

financial industry, its successful implementation requires strategic investment, ethical 

safeguards, and interdisciplinary collaboration. 
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1.Introduction: 

In an era increasingly defined by digital transformation and data-driven decision-making, the 

financial industry is undergoing a fundamental shift. The integration of Artificial Intelligence 

(AI) into portfolio management represents one of the most significant developments in 

modern finance. From algorithmic trading to robo-advisory services, AI is reshaping how 

investors analyze markets, assess risks, and allocate assets. This transformation is not merely 

a technological upgrade but a paradigmatic shift in the way financial forecasting and 

investment strategies are conceived and implemented (Dixon et al., 2020; López de Prado, 

2018). 

Portfolio management, traditionally rooted in the principles of modern portfolio theory 

(Markowitz, 1952), has long relied on human expertise, fundamental analysis, and historical 

data to predict future returns and manage risk. However, the growing complexity of financial 

markets, the increasing volume and velocity of data, and the limitations of conventional 

statistical models have revealed significant gaps in this approach. These gaps have created 

fertile ground for the application of AI techniques, such as machine learning (ML), natural 

language processing (NLP), and deep learning, to enhance forecasting accuracy and optimize 

portfolio decisions (Heaton et al., 2017). 

AI-enabled portfolio management entails the use of intelligent systems capable of learning 

from historical data, adapting to new market conditions, and autonomously making or 

suggesting investment decisions. Unlike traditional models that often rely on fixed 

assumptions and linear relationships, AI models are designed to detect non-linear patterns, 

hidden correlations, and dynamic interactions in massive, unstructured datasets (Chen et al., 

2021). These capabilities allow AI-based systems to capture market anomalies, adapt to 

regime changes, and potentially outperform traditional benchmarks in volatile market 

conditions (Gu et al., 2020). 

Over the past decade, there has been an exponential increase in academic and industry interest 

in AI applications in finance. The proliferation of financial technologies (fintech), increased 

computing power, and the democratization of data access have accelerated this trend. Leading 

asset managers, hedge funds, and financial institutions are increasingly integrating AI into 

their investment processes to gain a competitive edge (D’Acunto et al., 2019). For instance, 

firms such as BlackRock, Renaissance Technologies, and Bridgewater Associates have 

reported significant use of AI in their portfolio construction, risk assessment, and alpha 

generation strategies (Kolanovic & Krishnamachari, 2017). 

Despite the growing adoption of AI in finance, several challenges and concerns remain. One 

major issue is the opacity and interpretability of complex AI models. While machine learning 

algorithms may achieve high predictive accuracy, their "black-box" nature often limits 

transparency and explainability—critical factors in regulatory compliance and investor trust 

(Doshi-Velez & Kim, 2017). Another challenge lies in data quality and bias. Financial 

datasets may suffer from noise, missing values, or selection bias, which can severely affect 

model performance and robustness (Aggarwal, 2015). Moreover, the risk of overfitting and 

the dependency on past data can make some AI models vulnerable to sudden market shifts or 

black swan events (Taleb, 2007). 
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From a theoretical standpoint, the convergence of AI and portfolio management necessitates a 

reevaluation of traditional financial theories. The Efficient Market Hypothesis (EMH), for 

example, assumes that all available information is already reflected in asset prices, rendering 

it impossible to consistently achieve abnormal returns (Fama, 1970). However, AI's ability to 

uncover subtle and previously undetectable patterns challenges this assumption, suggesting 

that markets may be more predictable under certain conditions than previously believed 

(Brynjolfsson & McAfee, 2017). This raises critical questions about the future relevance of 

established financial models and the role of human judgment in the investment process. 

In light of these developments, this study seeks to explore the transformative impact of AI on 

portfolio management, with a particular focus on financial forecasting. The primary aim is to 

examine how AI-enabled models compare to traditional forecasting methods in terms of 

accuracy, adaptability, and risk management. By analyzing recent advancements in machine 

learning techniques, case studies from the financial industry, and empirical performance data, 

this research aims to provide a comprehensive overview of the current state and future 

prospects of AI-driven portfolio management. 

The motivation for this study arises from a noticeable gap in the literature. While numerous 

studies have examined the technical aspects of AI models or their applications in high-

frequency trading and credit scoring, fewer have focused specifically on their integration into 

portfolio management from a holistic perspective (Fernández & Gómez, 2021). Furthermore, 

the ethical, regulatory, and practical implications of this integration are often treated as 

secondary concerns, despite their central importance to financial stability and investor 

protection. 

This paper is organized as follows: The next section reviews the existing literature on 

portfolio management, AI methodologies, and financial forecasting. This is followed by a 

methodological discussion outlining the criteria for comparing AI-enabled and traditional 

forecasting models. The results section presents empirical findings and performance 

evaluations. Finally, the discussion and conclusion reflect on the implications of these 

findings for theory, practice, and future research. 

In conclusion, as we stand at the threshold of a new era in finance, it is crucial to critically 

assess both the promises and perils of AI in portfolio management. This study contributes to 

the growing body of knowledge by systematically evaluating how AI technologies are 

redefining financial forecasting, decision-making, and risk management. In doing so, it 

provides insights that are not only academically valuable but also practically relevant to 

investors, regulators, and policymakers navigating the rapidly evolving financial landscape. 

2.Literature Review: 

The convergence of Artificial Intelligence (AI) and financial services has catalyzed a 

significant shift in portfolio management, fraud detection, digital banking, and financial 

forecasting. With growing volumes of unstructured data, increasingly complex market 

behavior, and the need for faster, more accurate decision-making, AI technologies are 

revolutionizing how financial institutions and investors navigate uncertainty. This literature 

review synthesizes current research findings across a diverse range of studies, focusing on the 

integration of AI, blockchain, FinTech, and bio-inspired algorithms into various financial 

domains, particularly investment management and financial prediction systems. 

2. AI in Auditing and Fraud Detection 
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Artificial intelligence has become instrumental in reshaping modern accounting and auditing 

practices. Qatawneh (2024) investigated AI’s role in enhancing the efficiency of auditing 

systems and detecting fraud in accounting information systems. The study emphasized the 

contribution of Natural Language Processing (NLP) in enabling AI algorithms to understand 

and evaluate large volumes of financial documentation, thereby increasing fraud detection 

accuracy and reducing human error. 

Apak and Ganji (2025) further explored the use of decision tree algorithms and AI to predict 

financial risks and improve audit quality. Their findings suggest that AI-driven auditing 

systems outperform traditional methods, particularly in analyzing high-volume, real-time 

transaction data. Similarly, Rahnama Roodposhti and Zandi (2024) concluded that both the 

digitization level of clients and auditors’ digital competencies significantly influence the 

quality of audits on the Tehran Stock Exchange. 

This growing reliance on AI systems for audit purposes brings interpretability and 

transparency into focus. Awosika, Shukla, and Pranggono (2023) emphasized the importance 

of explainable AI (XAI) and federated learning for ensuring transparency in fraud detection 

while preserving user privacy and data security. 

3. Financial Fraud Detection and Insurance Sector Applications 

The COVID-19 pandemic posed unique challenges in fraud detection, especially in sectors 

like insurance. Mehmet and Ganji (2021) studied how AI can be utilized to detect fraudulent 

insurance claims using policy and coverage data. The study highlighted how AI models can 

identify anomalies and potential fraud by learning from historical claim behavior during crisis 

periods. 

In a broader scope, Chen et al. (2025) conducted a systematic literature review on deep 

learning applications in financial fraud detection. The study observed a significant evolution 

in fraud detection models, showing a clear trend toward hybrid deep learning architectures 

capable of detecting complex patterns that traditional models often overlook. 

Such findings underscore the growing sophistication of AI in fraud analytics, particularly in 

rapidly changing or high-risk environments where traditional rule-based systems are often 

insufficient. 

4. FinTech, AI, and the Digital Financial Ecosystem 

The integration of AI into the FinTech ecosystem has led to the emergence of new business 

models and consumer interactions. Mirzaei (2022) analyzed the Iranian FinTech landscape, 

highlighting how AI-driven platforms—such as robo-advisors, digital wallets, and automated 

credit assessment tools—are redefining financial services in the region. 

Salmasi et al. (2024) examined the adoption of new banking models in Iran from a consumer 

behavior perspective. Their findings show that trust, technological readiness, and user-

friendly AI applications significantly influence the acceptance of digital banking. AI enhances 

user experience by providing personalized financial recommendations and automating routine 

tasks, thus lowering operational costs for banks. 

Complementing these insights, Baharipour et al. (2024) presented a digital transformation 

model linking the quality of accounting information to AI adoption in Iran's capital market. 

The study concluded that AI systems increase the transparency and relevance of financial 

data, which, in turn, strengthens investor confidence. 

5. AI-Driven Portfolio Management and Trading Systems 

One of the most prominent applications of AI in finance is in portfolio management and stock 

trading. Ganji (2025) investigated the integration of quantum computing with bio-inspired 

algorithms—specifically, shark algorithms—in AI-based trading systems. This approach 

simulates predator behavior in market environments, allowing for adaptive decision-making 

and real-time portfolio rebalancing. 
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In another study, Ganji (2024) emphasized the role of emotional intelligence in algorithmic 

trading systems. By incorporating affective AI principles into shark algorithms, the models 

mimic human-like decision-making under uncertainty, potentially increasing trading 

performance in volatile markets. 

These findings suggest a shift toward more advanced and dynamic AI models in portfolio 

management, capable of understanding both quantitative and qualitative market indicators, 

thus outperforming static traditional models in rapidly changing financial environments. 

6. Blockchain, Cryptocurrency, and AI in Financial Transactions 

Blockchain technology complements AI in financial systems by ensuring security, 

transparency, and decentralization. A 2022 study titled Accepting Financial Transactions 

Using Blockchain Technology and Cryptocurrency Based on the TAM Model analyzed Iranian 

users’ acceptance of blockchain-based financial systems. It concluded that perceived 

usefulness, trust, and ease of use significantly influence adoption, especially when integrated 

with AI to process transactions in real time. 

AI and blockchain integration is seen as a future direction for portfolio systems, where 

decentralized finance (DeFi) platforms could offer autonomous portfolio allocation, real-time 

fraud prevention, and continuous strategy optimization. 

7. Cloud Computing and AI Scalability in Digital Banking 

Cloud computing plays a foundational role in enabling AI applications across the banking 

sector. Alizadeh et al. (2020) conducted an empirical study on the adoption of cloud 

computing in Iran’s electronic banking sector. The results showed that security, cost-

efficiency, and scalability are major determinants of adoption, enabling AI models to process 

and analyze vast datasets across distributed systems. 

These infrastructures allow banks to deploy AI-based services like chatbots, risk assessment 

tools, and predictive analytics without significant hardware investments. Cloud-based AI also 

supports seamless integration of machine learning pipelines, facilitating real-time insights in 

portfolio management. 

8. AI in Pandemic-Driven Financial Strategy and Reporting 

The COVID-19 pandemic highlighted the need for agile and intelligent financial systems. 

Ganji (2024) examined how bio-inspired algorithms could improve COVID-19 vaccine 

distribution logistics, illustrating the broader applicability of AI in optimizing supply chains 

and financial planning under stress. 

Ayboğa and Ganii (2022) explored the future of Bitcoin in e-commerce during the pandemic, 

noting the increased interest in decentralized digital currencies and the role of AI in managing 

cryptocurrency volatility. These shifts signal the growing need for AI in financial forecasting 

during crises, where conventional models often fail due to unexpected disruptions. 

Ganji (2025) discussed the transformation of accounting and reporting techniques during the 

pandemic, emphasizing the necessity of AI-based models in pandemic-era financial 

disclosure. These models provide more adaptive, real-time insights, enabling companies to 

respond to rapid economic changes. 

9. Sports Industry Applications of AI in Financial Strategy 

Unconventional sectors such as sports are also benefiting from AI in finance. Ganji and Ganji 

(2025a) investigated the role of sports sponsorship in shaping financial strategy and 

accounting practices. The study indicated that AI can provide more precise valuations and 

financial forecasts by analyzing sponsorship impact, audience engagement metrics, and 

franchise performance. 

In another paper, Ganji and Ganji (2025b) explored how International Financial Reporting 

Standards (IFRS) affect the valuation of sports franchises, finding that AI-powered valuation 

tools enhance transparency and comparability, thereby influencing investment decisions in the 

sports industry. 
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10. Neuroscience-Inspired and Bio-Mimetic AI Systems 

Several recent studies have highlighted the innovative use of bio-mimetic and neuroscience-

inspired algorithms in financial modeling. Ganji (2025c, 2025d) introduced a series of papers 

exploring "neuroscience-inspired shark algorithms" designed to mimic human decision-

making and cognitive processes. These models are particularly relevant for high-stakes 

trading environments where intuition and experience traditionally play a significant role. 

By mimicking cognitive and biological systems, AI models can move beyond purely 

statistical forecasting and incorporate adaptive learning and real-world context, leading to 

more robust and resilient portfolio strategies. 

11. The Intersection of AI, Risk Management, and Technical Analysis 

AI's application in risk management is another area of growing research interest. Ganji 

(2025e) discussed how shark-based models and technical analysis can be combined for 

market risk forecasting, particularly in highly volatile sectors. These approaches integrate 

accounting insights with real-time financial data, offering a multidimensional view of market 

dynamics. 

Additionally, Ganji (2025f) addressed the potential of AI to transform traditional accounting 

by introducing advanced techniques for real-time financial reporting during the pandemic. 

This aligns with global trends in digitizing accounting and making financial data more 

accessible, timely, and actionable. 

12. Synthesis and Research Gaps 

The reviewed literature presents a compelling case for the transformative potential of AI 

across various financial functions. However, several gaps persist: 

 Transparency and Explainability: Despite advances in AI performance, the 

interpretability of deep learning models remains a concern, especially in highly 

regulated environments like finance (Awosika et al., 2023). 

 Data Quality and Bias: Many AI applications depend heavily on historical data, which 

may contain biases, missing information, or inaccuracies that can distort forecasts 

(Chen et al., 2025). 

 Sector-Specific Applications: While general frameworks for AI integration are well-

documented, there is a lack of industry-specific models that tailor AI systems to 

unique sectoral needs (e.g., sports finance, health insurance, or public banking). 

 Human-AI Collaboration: The interaction between human decision-makers and AI 

systems needs further study, particularly in investment management and risk 

assessment roles where judgment and intuition remain vital. 

3. Methodology 

3.1 Research Design 

This study adopts a qualitative, exploratory research design utilizing a systematic literature 

review (SLR) approach to investigate the current landscape of Artificial Intelligence (AI)-

enabled portfolio management and financial forecasting. The primary objective is to 

synthesize academic knowledge and identify thematic patterns, applications, and 

technological trends across recent literature. This method is suitable for mapping out research 

developments in emerging interdisciplinary areas where theoretical and practical insights are 

still evolving. 

3.2 Data Collection 

A comprehensive search was conducted using academic databases such as Google Scholar, 

Scopus, ScienceDirect, and DOI-linked repositories between 2020 and 2025, with particular 

attention to peer-reviewed journal articles, conference papers, and working papers. The 

following keywords were used in various combinations: 
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 “Artificial Intelligence in Finance” 

 “AI-based Portfolio Management” 

 “Financial Forecasting using Machine Learning” 

 “FinTech and AI” 

 “Blockchain in Financial Services” 

 “Bio-inspired Algorithms in Trading” 

 “Explainable AI in Auditing” 

 “Shark Algorithms” 

 “Digital Transformation in Banking” 

The search was restricted to English-language publications and focused on articles published 

in the last five years, considering the fast-paced evolution of AI and financial technologies. 

3.3 Inclusion and Exclusion Criteria 

To ensure the relevance and quality of the selected literature, the following inclusion and 

exclusion criteria were applied: 

Inclusion Criteria: 

 Articles published between 2020 and 2025. 

 Studies focusing on AI applications in finance, investment, and accounting. 

 Peer-reviewed journal articles, systematic reviews, and empirical studies. 

 Research addressing technologies such as blockchain, NLP, deep learning, and bio-

inspired algorithms. 

Exclusion Criteria: 

 Publications outside the finance and accounting domains. 

 Non-peer-reviewed materials such as news articles or blog posts. 

 Redundant or duplicated studies. 

A total of 30 peer-reviewed sources were ultimately selected for detailed analysis. 

3.4 Data Analysis 

A thematic content analysis was performed to identify patterns and key themes across the 

selected studies. The analysis was conducted in the following stages: 

 Initial Coding: Key findings, methodologies, technologies, and outcomes were 

extracted from each article. 

 Categorization: Findings were grouped into broader categories such as auditing, 

portfolio management, fraud detection, FinTech innovation, and algorithmic trading. 

 Thematic Synthesis: Themes were synthesized to highlight overlapping trends, 

innovation gaps, and future research directions. 

NVivo software was not used; instead, a manual qualitative matrix was created using 

spreadsheets to ensure clarity in thematic grouping and traceability of sources. 

3.5 Validity and Reliability 

To ensure academic rigor, all references were cross-verified using their original DOIs and 

citation metadata. Each article was evaluated for research quality based on journal impact 

factor, methodological clarity, and relevance to AI-enabled financial systems. 

Moreover, triangulation was employed by including multiple technological perspectives (e.g., 

blockchain, NLP, cloud computing, quantum AI) and diverse geographical contexts (e.g., 

Iran, Europe, global finance). 
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4. Data Analysis: 

4.1 Introduction 

The following section presents a structured analysis of the collected literature to understand 

the thematic distribution, dominant research methodologies, and emerging trends in the 

application of Artificial Intelligence (AI) in portfolio management and financial forecasting. 

Based on 30 peer-reviewed studies published between 2020 and 2025, the analysis categorizes 

findings into distinct themes and provides both quantitative and qualitative interpretations. 

4.2 Thematic Distribution of Studies 

An initial coding of the selected literature revealed seven dominant thematic areas, as shown 

in Table 1 and Figure 1. These themes represent the focal points across the reviewed 

literature. 

Table 1: Thematic Classification of Reviewed Studies 

Theme Number of Studies Dominant Methodology 

AI in Auditing 4 Qualitative 

Fraud Detection 3 Empirical 

AI in FinTech 5 Case Study 

Portfolio Management 6 Algorithm Simulation 

Blockchain & Crypto 3 Survey/Modeling 

Bio-Inspired Algorithms 5 Algorithm Simulation 

Cloud Computing in Banking 4 Empirical 

As shown, portfolio management (n=6) and bio-inspired algorithms (n=5) received the most 

attention, followed closely by AI in FinTech (n=5). The least explored areas were fraud 

detection and blockchain-based financial applications, each with only 3 studies. 

 
Figure 1: Distribution of Reviewed Studies by Theme 

The visualization highlights the academic community’s growing interest in simulation-based 

AI applications (especially in trading and investment forecasting), while more traditional 

domains such as auditing and cloud infrastructure continue to receive steady but lower levels 

of attention. 

4.3 Methodological Trends 

The methodological approaches varied across the themes: 

 Algorithmic simulation dominated in portfolio management and bio-inspired 

algorithm studies, where researchers tested AI models in dynamic market scenarios 

(e.g., Ganji, 2025a; 2025b). 
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 Empirical analyses were common in fraud detection and cloud computing studies, 

reflecting a reliance on real-world financial datasets (e.g., Mehmet & Ganji, 2021; 

Alizadeh et al., 2020). 

 Case study methodologies were heavily employed in FinTech-related research, 

particularly in the context of developing economies like Iran (e.g., Mirzaei, 2022; 

Salmasi et al., 2024). 

This indicates a healthy methodological diversity, where experimental and analytical 

techniques are adapted to the specific nature of the financial phenomena under investigation. 

4.4 Technological Focus Areas 

A secondary layer of analysis was performed to assess technology-specific focus in the 

literature: 

Table 2: Technology Usage Across Themes 

Technology Used Frequency Application Domains 

Deep Learning 8 Fraud detection, portfolio trading 

Natural Language Processing 

(NLP) 

3 Auditing, report generation 

Blockchain & Cryptocurrency 5 Financial transactions, TAM modeling 

Quantum Computing 2 Algorithmic portfolio optimization 

Bio-inspired Algorithms 5 Stock market trading, decision-making 

models 

Cloud Computing 4 Scalable AI in banking and FinTech 

Insight: The most commonly used technology is deep learning, due to its superior predictive 

capabilities, especially in portfolio allocation and fraud detection. Emerging technologies 

such as quantum computing and bio-mimetic algorithms show great potential for high-

frequency trading and risk prediction (Ganji, 2025a; 2025e). 

4.5 Geographical and Sectoral Focus 

Geographically, a considerable number of studies focused on Iran’s financial and banking 

ecosystem (e.g., Mirzaei, 2022; Salmasi et al., 2024; Baharipour et al., 2024), reflecting a 

growing body of local research on AI and FinTech applications in developing markets. 

From a sectoral standpoint: 

 Banking and investment dominate the landscape. 

 Insurance and sports finance are emerging areas (Mehmet & Ganji, 2021; Ganji & 

Ganji, 2025b). 

 Public sector finance and healthcare logistics also appear in niche studies, particularly 

in pandemic-related research (Ganji, 2024). 

This suggests a gradual but visible diversification of AI use cases beyond conventional 

finance. 

4.6 Key Contributions from Selected Studies 

1. Auditing and AI: 

Qatawneh (2024) and Apak & Ganji (2025) demonstrated how NLP and decision trees 

significantly enhance auditing accuracy. These tools can parse large volumes of financial 

records, flag inconsistencies, and identify fraud risks in real-time. 

2. Portfolio Management: 
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Multiple studies, including Ganji (2025a; 2025d), employed shark-inspired algorithms and 

emotional AI in predictive trading models. These studies offer novel strategies that surpass 

static traditional portfolio theories like CAPM or Markowitz's Mean-Variance Model. 

3. Blockchain Integration: 

Studies such as Accepting Financial Transactions Using Blockchain... (2022) and Ganji 

(2025e) illustrated how decentralized technologies can be harmonized with AI for secure and 

transparent financial systems, especially in developing economies. 

4.7 Identified Patterns and Correlations 

By analyzing the dataset thematically and methodologically, several correlations and patterns 

emerged: 

 Simulation-based methodologies are more frequently used in investment and trading 

topics than in auditing or fraud detection. 

 FinTech and Blockchain studies are more likely to use TAM or survey-based models 

to assess user acceptance. 

 AI model complexity is positively correlated with the year of publication, suggesting a 

trend toward more sophisticated, hybrid models over time (e.g., deep learning + NLP 

or bio-inspired + quantum computing). 

These findings are visually summarized in Figure 2, a matrix showing theme-method 

correlation: 

Figure 2: Theme vs. Methodology Heatmap 

4.8 Summary of Findings 

The data analysis reveals the following key insights: 

1. Portfolio management and FinTech dominate the AI finance research agenda. 

2. Algorithmic simulation and deep learning are the most applied methodological and 

technological approaches. 

3. Emerging technologies such as quantum AI, bio-inspired algorithms, and blockchain 

are gaining traction. 

4. Cross-disciplinary models combining finance, computer science, neuroscience, and 

behavioral economics are increasingly common. 

5. There is a need for more empirical studies and cross-sectoral applications (e.g., public 

finance, ESG investing, sports finance). 
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5. Discussion and Implications 

5.1 Interpretation of Key Findings 

The findings of this study suggest that Artificial Intelligence (AI) is no longer a peripheral 

tool but a core component in modern portfolio management and financial forecasting. Among 

the 30 reviewed articles, simulation-driven models, bio-inspired algorithms, and deep learning 

techniques emerged as dominant methodologies in optimizing asset allocation, detecting 

market anomalies, and predicting financial trends. 

Studies such as Ganji (2025a) and Ganji & Ganji (2025) introduced novel algorithmic 

frameworks—particularly shark-inspired and affective AI models—that demonstrated 

superior performance in dynamic markets compared to classical theories like CAPM and 

Markowitz’s portfolio theory. These innovations provide a clear pathway for hybrid AI 

models that incorporate behavioral, emotional, and neuro-inspired data layers. 

Furthermore, the widespread application of Natural Language Processing (NLP) in auditing 

(e.g., Qatawneh, 2024) signifies an important shift toward automated textual analysis of 

financial statements and real-time fraud detection. This aligns with the broader industry 

demand for real-time compliance, audit automation, and continuous monitoring. 

Another critical trend identified was the growing interest in AI-driven FinTech ecosystems in 

developing markets, particularly Iran (e.g., Mirzaei, 2022; Salmasi et al., 2024). These studies 

not only highlight technological adoption but also reflect the socio-political and economic 

contexts that drive innovation in constrained environments. Here, blockchain and 

cryptocurrency adoption studies (e.g., Accepting Financial Transactions Using Blockchain..., 

2022) show a unique convergence of decentralization, trust-building, and AI integration. 

5.2 Theoretical Implications 

The reviewed literature suggests a paradigm shift in financial theory, from static models based 

on rational expectations to dynamic, learning-based models that reflect real-world complexity. 

This has several implications: 

 Behavioral Finance + AI Integration: The emergence of emotion-aware algorithms 

(Ganji, 2024) bridges the gap between cognitive bias models and rational-choice 

frameworks. This represents a foundational shift toward a “behavioral-AI” hybrid 

theory of markets. 

 Algorithmic Decision-Making as Theory Development: Many studies used algorithms 

not just as tools but as theoretical constructs—e.g., shark algorithms mimic predator-

prey dynamics in volatile markets, offering a new metaphor and model for market 

behavior (Ganji, 2025a). 

 TAM and UTAUT in AI Acceptance: Especially in blockchain and digital banking 

contexts, user acceptance models (e.g., Salmasi et al., 2024; Baharipour et al., 2024) 

are evolving to include AI explainability, transparency, and trust, suggesting 

extensions to classic Technology Acceptance Models (TAM). 

5.3 Practical Implications 

1. For Financial Institutions 

AI technologies—particularly bio-inspired algorithms, quantum models, and NLP—offer new 

opportunities for: 
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 Real-time risk assessment 

 Dynamic portfolio rebalancing 

 Intelligent asset forecasting 

 Enhanced client personalization in wealth management 

Institutions that invest in AI infrastructure and human-AI collaboration models will likely 

outperform those reliant on traditional analytics. 

2. For Auditors and Accountants 

AI and NLP tools can automate repetitive tasks, enhance fraud detection, and improve audit 

quality. As demonstrated by Apak & Ganji (2025), decision trees and supervised learning 

models can serve as audit planning assistants, drastically improving efficiency and accuracy. 

However, this also requires upskilling of professionals and alignment with digital auditing 

standards—a challenge for firms lagging in digital transformation. 

3. For Policymakers and Regulators 

The integration of AI into financial systems demands new regulatory frameworks that 

address: 

 Algorithmic transparency 

 Model bias and fairness 

 Data privacy and explainability 

 AI auditing standards 

Countries with developing FinTech ecosystems, such as Iran, must adapt their legal structures 

to accommodate decentralized finance (DeFi), cryptocurrencies, and AI-powered advisory 

services, without stifling innovation. 

4. For Technology Developers 

There is a clear demand for customizable, modular AI platforms in finance that can integrate: 

 NLP for unstructured data analysis (e.g., earnings calls, audit reports) 

 Simulation environments for market stress testing 

 Blockchain for transaction validation 

 Emotion and sentiment layers for behavioral insights 

Companies that succeed in combining these capabilities will likely become major players in 

AI-augmented financial services. 

5.4 Challenges and Limitations 

Despite its promise, the adoption of AI in financial portfolio management is not without 

limitations: 

 Data Quality and Availability: Many AI models require high-quality, high-frequency 

data, which may not be readily available in all markets or sectors. 

 Black Box Models: Deep learning models, while powerful, often suffer from 

explainability issues. This presents risks in highly regulated sectors such as banking 

and insurance. 

 Ethical and Bias Concerns: Without careful design, AI models may reinforce existing 

biases or introduce new forms of financial discrimination, particularly in lending or 

credit scoring. 

 Infrastructure Gaps: Developing countries face technological and institutional barriers 

that may hinder the effective deployment of AI in financial services. 
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5.5 Future Research Directions 

Based on the gaps and patterns identified, future research should focus on: 

 Explainable AI (XAI) techniques tailored for financial contexts. 

 Interdisciplinary models combining neuroscience, behavioral science, and financial 

engineering. 

 Impact assessments of AI adoption on financial decision-making behavior. 

 Cross-country comparative studies to explore AI effectiveness in different regulatory 

and economic environments. 

 Development of open-source AI audit toolkits for SMEs and public institutions. 

6. Conclusion 

This study examined the transformative role of Artificial Intelligence (AI) in portfolio 

management and financial forecasting, offering a comprehensive literature-based synthesis of 

developments between 2020 and 2025. The findings reveal a significant shift from traditional 

financial modeling to AI-driven methodologies that leverage deep learning, bio-inspired 

algorithms, blockchain, and natural language processing (NLP). 

Among the most critical developments is the increasing adoption of bio-mimetic algorithms, 

such as shark-based strategies, which mimic evolutionary decision-making processes to 

improve investment outcomes. These approaches, as illustrated by Ganji (2025), challenge 

classical financial theories by introducing dynamic, context-aware, and emotionally intelligent 

systems into trading environments. Likewise, AI has demonstrated considerable utility in 

auditing, fraud detection, and financial reporting, offering tools that enhance accuracy, reduce 

human error, and streamline operations. 

The study also highlights methodological diversification across the literature, with empirical, 

simulation-based, and qualitative approaches all being employed to explore different 

dimensions of AI in finance. This diversity underscores the interdisciplinary nature of the 

field, which intersects computer science, behavioral economics, accounting, and regulatory 

studies. 

Geographically, a large portion of the literature focused on emerging markets, particularly 

Iran, where FinTech ecosystems are evolving rapidly under regulatory constraints. These 

contexts reveal how localized innovation can influence global best practices, especially when 

technologies like blockchain and AI converge in novel ways. 

However, several challenges remain. Concerns over data quality, model transparency, 

algorithmic bias, and ethical oversight are prominent in the literature. These challenges 

require proactive policy frameworks, continued investment in explainable AI (XAI), and 

education to close the skills gap in AI-based financial services. 

In conclusion, the future of portfolio management is undeniably AI-enabled, but its success 

will depend on the responsible integration of technology, a robust regulatory environment, 

and a continued focus on human-centric design. Financial institutions, regulators, and 

researchers must collaborate to harness AI’s potential while safeguarding the financial 

ecosystem's integrity, fairness, and resilience. 
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