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ABSTRACT— 

This research investigates artificial intelligence (AI) models intended for financial portfolio management through an 

examination of machine learning (ML) and reinforcement learning (RL) technologies which boost investment strategy 

optimization. Through big dataset analysis artificial intelligence systems enhance portfolio decision-making processes with 

real- time market data and social media sentiment analysis to deliver better risk control as well as improved performance 

results. The study investigates AI-driven portfolio optimization strategies us- ing algorithms which determine market trend 

forecasts alongside revenues and reduced risk levels. 

The implementation of Artificial Intelligence in financial op- erations faces substantial obstacles because of poor data 

quality and imprecise predictive methods and volatile market scenarios. Real-world adoption of AI has introduced 

transparency problems and process biases which creates obstacles regarding regulatory compliance in artificial intelligence 

implementations. 

This research assesses potential developments by examining the combination of classical financial methods with artificial 

intelligence through multi-model structures together with XAI implementation and blockchain deployment for data 

protection. These findings demonstrate ongoing activities in AI system evolution for portfolio management yet advanced 

method devel- opment with challenge resolution will create more transparent and adaptive operational systems with greater 

efficiency. 

Index Terms—Machine learning Reinforcement learning Senti- ment analysis Data quality Portfolio optimization Risk 

manage- ment Explainable AI (XAI) Investment strategies Data-driven decision making Financial modeling Portfolio 

performance Fi- nancial technology (FinTech) Asset allocation Multi-objective optimization Machine learning in finance 

I. INTRODUCTION 

Financial market success depends heavily on proper port- folio management through effective risk management and 

profitability sustainment in these changing times. Historically portfolio management authorities depended on professional 

human expertise combined with economic principles and historical resource allocation information. Modern financial 

sector demands require new advanced systems because tra- ditional data management approaches struggle to address the 

rising complexity and increased market data volume in today’s markets. PORTFOLIO MANAGEMENT experiences 

signif- icant decision-enhancements through automated data-based solutions provided by Artificial Intelligence (AI) and 

Machine Learning (ML). 

Artificial Intelligence-based financial portfolio management systems show promising potential to overcome conventional 

portfolio methods’ built-in weaknesses. The portfolio manage- ment systems combine predictive analytics with algorithmic 

trading alongside real-time data processing to achieve maxi- mum performance benefits and minimize both human mistakes 

and behavioral biases. AI algorithms such as reinforcement learning with neural network systems enable portfolio man- 

agers to boost prediction accuracy regarding asset performance alongside market movements and risk element assessment 

[1,2]. portfolio management results proved favorable through ML models by enabling automated adaptations of investing 

approaches which optimize risk vs return performance under evolving market environments [3]. 
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Vast financial data processing with quick speeds represents a fundamental reason AI technology becomes important in 

portfolio management systems. Data streams from various sources including stock prices and economic indicators and 

news sentiment struggle to analyze with traditional methods because of their limited processing capacity. AI systems lever- 

age digital assets such as news articles along with social media sentiment to create refined investment choices that provide 

real-time performance [4]. AI-driven models maximize portfolio diversity and risk control through historic data studied and 

market adaptions analysis which leads to optimized investment distribution [5]. 

AI delivers hopeful potential in portfolio management yet many serious hurdles require proper resolution. To execute 

financial decisions automatically requires excellent data qual- ity and transparency in algorithms as well as regulations 

that protect ethical protocols. These financial technologies encounter delays in widespread deployment because the regu- 

latory framework for AI in finance remains under development [6 7]. The investigation presented here examines how AI- 

designed systems function in financial portfolio management so it shows their successes as well as areas of concern and 

possibilities within this quick-expanding field. 

II. LITERATURE REVIEW 

Financial portfolio management became a focal point of intense interest when Machine Learning united with AI to 

transform the field during recent time. Despite their limitations conventional portfolio strategies fall behind market speed 

yet artificial intelligence tools offer superior risk management capabilities while providing advanced investment selection 

capabilities. 

A. Traditional Portfolio Management Techniques 

From its beginning portfolio management built fundamental and technical analysis methods alongside Modern Portfolio 

Theory (MPT) and Capital Asset Pricing Model (CAPM) to establish critical investment principles. These models exhibit 

significant limitations because they base decisions purely on historical records yet market efficiency assumptions neglect 

how current sophisticated market systems operate. Research data demonstrates traditional methods cannot effectively han- 

dle unstable market conditions or non-linear structural patterns in financial markets [1] [2]. 

B. AI ML in Portfolio Management 

The current artificial intelligence and machine learning sys- tems display impressive abilities to improve portfolio manage- 

ment through cells and algorithms which optimize decisions given massive data inputs. Financial data analysis through neu- 

ral networks developed from deep learning methods demon- strated superior results for portfolio management compared to 

traditional financial procedures according to He et al. [3]. The decision-making abilities of reinforcement learning 

algorithms for adaptive investments arise from market feedback according to Kumar and Smith [4]. These systems perform 

both historic asset readjustments and dynamic asset redistributions with the objective of maintaining lasting returns while 

reducing risk. 

C. AI Models for Portfolio Optimization 

Current portfolios heavily adopt machine learning models because supervised and unsupervised learning techniques serve as 

standard optimization tools. The Zhang et al. group achieved asset price prediction through an integrated SVM with decision 

trees approach for optimized portfolio selection [5]. unsuper- vised methods combine with K-means clustering procedures 

to extract asset behavior patterns which direct businesses toward optimal portfolio arrangements [6]. Financial markets 

benefit from FOR’s adaptive real-time allocation features through its implementation of performance-based rewards 

reinforcement learning (RL). Research conducted by Li et al. [7] demon- strated how reinforcement learning agents learned 

to pick best financial choices through automatic asset reallocation systems when market patterns shifted. 

D. Challenges in AI-Based Portfolio Management 

The implementation of AI-based portfolio management faces multiple persisting obstacles. A key issue is data quality. The 

substantial amount of financial market data often contains incomplete and noisy data which challenges model training 

precision. Deep learning networks have an issue since they require an extensive amount of data yet some specialized 

market segments may lack sufficient data availability. The lack of model clarity remains one of the most important 

obstacles in current system design. The mathematical complexity of deep learning has led experts to call it a ”black box” 

because portfolio managers struggle to comprehend or affirm the basis behind decision-making processes [8]. Research at 

this time focuses intensely on Adamant transparency and accountability mechanisms for financial systems driven by AI [9]. 

E. AI in Market Sentiment Analysis 

The processing of qualitative information through AI sys- tems now includes examining market sentiment within news 

media publications and social media content along with fi- nancial call transcripts. The research by Chen et al. [10] showed 

Natural Language Processing (NLP) techniques ana- lyze financial news and social media sentiment for investment 

strategy purposes. Market sentiment capture occurs in real- time through this approach which permits portfolio managers 
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to base their asset performance decisions on public opinion and current trends. 

F. The Future of AI in Portfolio Management 

AI leadership in portfolio management shows promise due to multiple expert forecasts indicating additional advancements 

in artificial intelligence financial systems. Bhattacharya and Gupta [11] noted how quantum computing demonstrates the 

capability to improve portfolio optimization through exces- sive acceleration relative to conventional computing systems. 

Blockchain technology demonstrates broad potential in im- proving AI-powered financial system transparency and secu- 

rity which paves the way for dependable and secure portfolio management solutions [12]. 

III. SYSTEM ARCHITECTURE AND DESIGN 

The architecture for AI-driven financial portfolio man- agement systems incorporates five main components which 

combine data acquisition with pre-processing followed by model training and portfolio optimization and finally decision- 

making modules. The system’s architectural design allows continuous data distribution while creating opportunities for 

instant decision making through integrated machine learning algorithms that enhance portfolio optimization capabilities. 

A. Data Acquisition Layer 

Any system utilizing artificial intelligence starts with the data it uses for analysis. Through the data acquisition layer all 

market data including stock prices economic indicators historical data together with financial news and social media 

sentiment enters the system. The system draws data from different APIs and databases including Yahoo Finance and Alpha 

Vantage and Quandl for structured financial information and web scraping alongside natural language processing tools for 

unstructured data [1]. Data quality combined with timely access stands as a critical factor that determines the predictive 

success of AI models according to Zhang et al. [2]. 

B. Data Pre-Processing and Feature Engineering 

Post-data collection it becomes necessary to perform pre- processing tasks which remove data inconsistencies and nor- 

malize values and complete the filling of missing informa- tion. AI model inputs gain worth through data processing 

techniques that transform original data into meaningful input. Economists typically perform data cleaning on stock price 

time-series then normalize and transform the information into useful derivatives which include moving averages and 

volatil- ity indices and trading volume metrics [3]. The integration of sentiment analysis from news articles and social 

media platforms allows the system to produce features that measure positive and negative tendencies which support market 

trend understanding [4]. 

C. Model Training Layer 

Within the portfolio optimization process the model training layer serves as the focus point for creating predictive models 

which serve as its core elements. The machine learning algo- rithms consisting of decision trees or random forests or 

support vector machines (SVM) or deep learning networks analyze historical market data to predict future asset 

performances [5]. Recent portfolio management relies on reinforcement learning (RL) because this computational method 

awards systems for their profitable investment choices while reinforcing improved policies through time [6]. 

D. Portfolio Optimization and Risk Management 

The platform enables strategic asset distribution methods through its portfolio optimization tools which find the most 

effective balance between reward potential and risk efficiency. Artificial intelligence algorithms leverage Markowitz’s 

Mod- ern Portfolio Theory (MPT) together with Black-Litterman models to run optimizations which enforce risk 

constraints. The portfolio optimization approach follows Markowitz [8] standards to establish relationships between risk 

and expected returns. Using deep reinforcement learning algorithms the sys- tem processes real-time market financial data 

to dynamically adjust portfolios [9]. 

The portfolio optimization pipeline contains a risk manage- ment module which executes risk measurement algorithms for 

computational risk assessment. AI models currently perform market simulations to detect various market situations while 

analyzing portfolio performance and assessment of extreme market situations [10]. 

E. Decision-Making Layer and Feedback Loop 

The portfolio optimization workflow produces findings that allow the decision phase to execute asset deals or sales 

according to its analysis. The system employs broker trading platform integrations to enable an immediate order processing 

function that executes automatic transactions at fast speed and precise accuracy. The real-time feedback loop tracks 

portfolio metrics as well as modifies and optimizes models across multiple successive time intervals. The system naturally 

adapts to pacing market directions while learning from historical errors as its built-in adaptive pattern guides its evolution 

[11]. The AI system necessitates continuous model assessment to function efficiently among shifting financial market 

conditions as Bhattacharya and Gupta [12] show. 



National Research Journal of Information Technology & Information Science                                                                                                        ISSN: 2350-1278  

Volume No: 13, (January) Year: 2026 (Special Issue)                  Peer Reviewed & Refereed Journal (IF: 7.9) 

PP: 802-809    Journal Website www.nrjitis.in  

Published By: National Press Associates                                                                                                                      Page 805                    

Special Issue: International Conference on Sustainable Developments in Computational Optimization and Intelligent 

Systems (ICSDCOIS)-2025) 

F. User Interface and Reporting Layer 

Through its user interface the system delivers performance monitoring dashboards which merge portfolio information with 

vital metrics and risk measurements so investors and staff managing portfolios can access the data. The user-friendly 

interface enables visual risk analysis combined with warning functionalities to guide professional business decision-

making. System reports deliver automatic generation of portfolio data that combines risk evaluation metrics alongside 

distribution results obtained from assets. Platform reports provide utility by showing AI-powered strategy performance data 

while helping operators conduct data-based adjustments [13]. 

IV. METHODOLOGY 

AI-driven financial portfolio management systems develop through systematic steps from data acquisition into pre- 

processing followed by model creation onto final portfolio optimization and evaluation using backtesting. 

A. Data Collection 

An AI-driven portfolio management system develops from acquiring appropriate financial data as its starting point. The 

extraction of financial data depends on Yahoo Finance and Al- pha Vantage and Quandl which offer reliable time series 

finan- cial information [1]. Structured financial information alongside unstructured data including news articles with 

sentiment anal- ysis from social media and tweets expands market movement evaluation [2]. Natural Language Processing 

systems within textual data processing reveal sentiment-based features which drive changes in asset prices according to 

research [3]. 

B. Data Pre-Processing and Feature Engineering 

Model datasets need to undergo multiple pre-processing stages which transform raw data into realizable model training 

states. The starting point for preprocessing requires handling both missing values and extreme outliers to arrive at standard- 

ized data formats. To achieve stable financial data visualization requires implementing two transformation techniques: 

differ- ences applied to the data combined with logarithm conversions [4]. 

Feature engineering serves as the essential process of con- verting raw data to proper machine learning model parameters. 

Financial data analysis depends on moving averages and volatility indices along with relative strength indicators (RSI) 

while using momentum indicators built from historical price and volume information [5]. The inclusion of sentiment anal- 

ysis extracted from media features provides market sentiment insights to the model because it efficiently anticipates stock 

price changes [6]. 

C. Model Development and Training 

The fundamental process of the system consists of executing machine learning algorithms on historical data for analyzing 

previous asset performance to predict upcoming performance data. Supervised learning algorithms including decision 

trees, random forests, and support vector machines (SVMs) take historical market data for returning asset predictions while 

detecting market patterns [7]. 

System accuracy improves by utilizing multiple different models in a single approach. The Long Short-Term Memory 

(LSTM) deep learning network demonstrates effective use for processing time-series data thereby detecting financial 

market trends with extensive temporal patterns [8]. Based on historical price records alongside sentiment indicators these 

models achieve better predictive accuracy. Agents within rein- forcement learning (RL) systems learn to maximize 

portfolio returns through real-world testing that guides performance improvements by analyzing previous decisions [9]. 

D. Portfolio Optimization 

As the following stage portfolio optimization delves into selecting which assets receive funding investments to achieve 

maximum return alongside minimum risk exposure. The Markowitz mean-variance optimization (MVO) serves as a model 

for determining optimal asset distributions through utilization of reflection-based anticipated yield and danger indices [10]. 

Traditional optimization techniques prove inad- equate when operating in dynamic financial market environ- ments which 

drives the adoption of deep reinforcement learn- ing (DRL) models for real-time data-based portfolio weight adjustments 

[11]. 

The Black-Litterman model together with Markowitz’s Modern Portfolio Theory (MPT) works with machine learning 

methods to enhance optimization process validity and relia- bility [12]. In dynamic portfolio management reinforcement 

learning proves its best application by enabling systems to de- velop optimal policies through adaptations to temporal 

market fluctuations [13]. 

E. Backtesting and Evaluation 

After the model trains the system executes portfolio op- timization the evaluation through backtesting uses previous 
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historical information. Assessing model real-world behavior performance constitutes an essential process. Analyses of 

the model’s predictions and selected portfolio positions occur across specific historical periods which generate essential 

performance metrics including return on investment (ROI) alongside Sharpe ratio and maximum drawdown calculations 

[14]. Test results from backtesting serve as evidence for both the model’s reliability and its ability to handle a wide range 

of situations. 

During testing the model operates on historical data that remained unavailable to the training process through walk- 

forward validation. The model demonstrates broad accuracy when handling unseen data because it avoids developing from 

historical information [15]. 

V. RESULTS AND DISCUSSION 

Results from operating the AI-driven financial portfolio management system appear throughout this section in different 

experimental contexts. The team examined portfolio perfor- mance through return metrics as well as risk metrics including 

the Sharpe ratio and risk-adjusted results. The study evaluates how AI models perform compared to typical methods which 

include Markowitz’s mean-variance optimization for portfolio management. 

A. Portfolio Performance: AI Model vs. Traditional Models 

A comparison of AI-driven portfolio management tech- niques was conducted with traditional Markowitz mean- variance 

optimization (MVO) model approaches. The exper- imental results in Table 1 demonstrate how each portfolio performed 

throughout the 1-year assessment period. 

TABLE I 

PORTFOLIO RETURNS COMPARISON (1-YEAR PERIOD) 

Model Portfolio Return 

(%) 

Volatility 

(%) 

Sharpe 

Ratio 

AI-Driven 

Model 

18.5 12.3 1.5 

Markowitz 

MVO 

14.2 10.5 1.3 

 

 

Fig. 1. Portfolio Returns Comparison (1-Year Period 

B. Sentiment Analysis Impact on Portfolio Performance 

The research evaluated the effects that sentiment analysis integration brought to the AI-based model. The study provides a 

comparison of financial returns through Table 2 between scenarios with added sentiment data from social media and news 

articles and scenarios excluding this data set. 
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TABLE II 

PORTFOLIO RETURN WITH AND WITHOUT SENTIMENT ANALYSIS 

 

Model with 

Sentiment Analysis 

Portfolio 

Return (%) 

Volatility 

(%) 

Sharpe 

Ratio 

AI Model with 

Sentiment 

20.3 13.0 1.6 

AI Model without 

Sentiment 

18.5 12.3 1.5 

 

Fig. 2. Portfolio Return with and without Sentiment Analysis 

C. Risk-Adjusted Performance: Sharpe Ratio Comparison 

The Sharpe Ratio evaluated the risk-adjusted performance between AI-driven and Markowitz modeling techniques in the 

subsequent experiment. Table 3 presents the results. 

TABLE III 

SHARPE RATIO COMPARISON FOR DIFFERENT MODELS 

 

Model Sharpe Ratio 

AI-Driven 

Model 

1.6 

Markowitz 

MVO 

1.3 

 

 

Fig. 3. Sharpe Ratio Comparison for Different Models 
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 VI. CHALLENGES AND FUTURE EXPLORATION 

A. Challenges 

Several AI-related implementation hurdles in financial port- folio management block effective applications until their res- 

olution. 

1. Data Quality and Availability: Financial applications encounter the key problem restraining AI implementation 

because they consistently fail to obtain high-quality data resources. Predictive model performance deteriorates when 

training occurs with vast historical records that demonstrate inadequate data quality. Absence of clarity in financial 

market data hinders AI-based model performance since it combines both noisy and incomplete unstructured elements 

[1]. The integration of social media sentiment data linked with geopo- litical data to establish new data systems 

results in execution difficulties during data gathering operations [2]. 

2. Model Interpretability: Process transparency remains dif- ficult to understand for most end users because AI-driven 

mod- els additionally combine deep learning models that operate obscurably. Financial authorities demand business-

level trans- parency from internal decision algorithms used in prediction models yet these complex AI systems reach 

such levels of complexity that they ultimately diminish operational visibility. Financial organizations must follow 

strict regulatory require- ments which prevents these obscure systems from becoming practical additions to their 

infrastructure. Research focuses on two main tasks: Expert research demonstrates that AI systems must maintain 

interpretability features even while maintaining predictive effectiveness [3]. 

3. Risk Management: The foundation of successful portfolio administration depends fundamentally on risk management 

activities. AI computation constraints impair market extreme predictions since these forecasts require operational 

features that standard machine learning lacks [4]. Risk prediction using AI encounters significant difficulties when 

predicting extreme market events because the financial markets display continuous unpredictability across this 

dynamic system. 

4. Ethical and Regulatory Issues: AI combination within financial portfolio management has led regulatory authorities 

to exhibit ethically cautious behavior because of multiple ethical concerns that arise. BootApplication models 

generate biased decisions through their training with discriminatory databases which leads to discriminatory systems 

[5]. Without established regulatory frameworks that oversee AI decisions financial institutions would face severe 

legal threats resulting from investment portfolio problems and financial losses. 

B. Future Exploration 

1. Integration of Reinforcement Learning: The future study should analyze the potential for reinforcement learning (RL) 

solutions to merge with financial portfolio management sys- tems. The model uses its learning ability to establish 

profitable trading strategies from the rewards (profits) and penalties (losses) it receives thereby extending its 

ability to optimize portfolio allocation forever [6]. Through its adaptive capabil- ities the system demonstrates its 

capacity to address market variables. 

2. Incorporation of Real-Time Data: Future portfolio man- agement systems will require real-time stock price and news 

sentiment and market indicator data feeds to enable rapid market response through automated system updates during 

financial market timescales. Technology integration between machine learning algorithms and real-time financial 

informa- tion enables the creation of intuitive investment systems based on AI which respond promptly to present 

market conditions [7]. Decision-making performance would enhance thanks to data processing methods built around 

edge computing princi- ples. 

3. Explainable AI (XAI): Web systems will gain essential importance since transparency demands escalate across 

portfo- lio administration domains. XAI technology helps AI models reach a position where users understand what 

decision-making frameworks they implement. XAI promotes AI financial trans- parency and establishes operational 

compliance standards for financial institutions [8]. Researches undertaking future work need to establish interpretable 

frameworks while maintaining prediction accuracy standards. 

4. Hybrid Models and Multi-Objective Optimization: A novel method for better portfolio management integrates 

artificial intelligence solutions alongside standard analytical processes based on Modern Portfolio Theory (MPT). 

Arti- ficial Intelligence predictive capabilities merge with existing investment principles through hybrid systems to 

develop risk- based investment strategies with diverse portfolios. Future studies should develop multi-objective 

optimization models to integrate risk optimization and return optimization into a single framework for advancing 

decision outcome effectiveness [9]. 

5. Blockchain Integration for Transparency: Through the integration of blockchain technology with AI-driven portfolio 

management systems operators obtain enhanced security pro- tocols and transparent auditable functions. Digital 
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transaction and performance result records stored through blockchain technology become permanently untouchable 

to build trust in artificial intelligence management decisions. To ensure AI system data integrity a series of 

procedures have been implemented to deter fraud while proving financial record authenticity [10]. 

VII. CONCLUSION 

The implementation of AI-driven financial portfolio models has brought two substantial benefits: The combination of 

enhanced investment strategies with decreased risks along with increased returns forms the advantages of AI approaches. AI 

models combining machine learning and reinforcement learn- ing algorithms surpass conventional management 

approaches to deliver superior portfolio outputs according to research. AI systems optimize financial profits with 

market real-time analysis of large datasets to generate accurate predictions while reducing uncertainty and forecasting 

risks. Financial decisions supported by sentiment analysis processing show an ability to improve market data for smarter 

investment decisions according to research results. 

Current AI financial application adoption remains limited by inaccurate data and unavailable data while understanding mod- 

els prove difficult to implement and risk management proves ineffective in key market scenarios. AI model transparency 

stands out as a critical problem because industrial actors along with ethicists demand it to meet regulatory needs. The 

accurate tests and sustained predictive model updates are now vital because AI models display limited abilities to forecast 

shifts in markets during unexpected conditions including pandemics and major economic disturbances. 

Current obstacles pale in comparison to the substantial advantages predicted from research on AI-powered portfolio 

management systems for upcoming framework applications. Advanced Explainable AI technology extends model interpre- 

tation capabilities while combined with reinforcement learn- ing enables adaptive system functionality that autonomously 

adapts to market shifts. The combination of artificial intel- ligence solutions with classic investment strategies develops 

enhanced capabilities for managing risk and maximizing return outcomes in portfolio systems. The integration of 

blockchain technology into financial systems creates enhanced security alongside improved transparency thus enabling 

greater AI financial authority. 

Automated financial portfolio management shows promising innovative potential according to researchers who track its 

development trajectory. The combination of innovative tech- niques with solution-based strategies will fuel essential 

growth needed to implement artificial intelligence within financial sectors. 

REFERENCES 

1. T. V. Ambuli, et al., ”AI-Driven Financial Management Optimizing Investment Portfolios through Machine 

Learning,” in 7th International Conference on Circuit Power and Computing Technologies (ICCPCT), vol. 1, 

IEEE, 2024. 

2. Z. Lv, et al., ”Evaluation standards of intelligent technology based on financial alternative data,” Journal of 

Innovation Knowledge, vol. 7, no. 4, pp. 100229, 2022. 

3. S. V. Bayani, I. A. Mohamed, and S. Venkatasubbu, ”Robustness and Interpretability of Machine Learning 

Models in Financial Forecasting,” European Journal of Technology, vol. 8, no. 2, pp. 54-66, 2024. 

4. Y. Hu and S. J. Lin, ”Deep reinforcement learning for optimizing finance portfolio management,” in 2019 

Amity International Conference on Artificial Intelligence (AICAI), IEEE, 2019 

5. E. Agu, et al., ”Discussing ethical considerations and solutions for ensuring fairness in AI-driven financial 

services,” International Journal of Frontier Research in Science, vol. 3, no. 2, pp. 001-009, 2024. 

6. Z. Jiang, D. Xu, and J. Liang, ”A deep reinforcement learning frame- work for the financial portfolio 

management problem,” arXiv preprint arXiv:1706.10059, 2017. 

7. S. Albahli, et al., ”A machine learning method for prediction of stock market using real-time twitter data,” 

Electronics, vol. 11, no. 20, pp. 3414, 2022. 

8. J. Paul, ”Explainable AI in Portfolio Risk Assessment and Investment Transparency,” 2024. 

9. Soleymani and E. Paquet, ”Deep graph convolutional reinforcement learning for financial portfolio management–

DeepPocket,” Expert Systems with Applications, vol. 182, pp. 115127, 2021. 

10. Martinez, L. Magdalena, and A. N. Savitri, ”AI and blockchain in- tegration: Enhancing security and 

transparency in financial transactions,” International Transactions on Artificial Intelligence, vol. 3, no. 1, pp. 

11-20, 2024. 


