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ABSTRACT 

The objective of this study was to investigate the effectiveness of big data analytics and machine learning techniques in predicting financial 

and investment risks by integrating large-scale financial, behavioral, and market datasets from investors in Tehran. This study employed a 

quantitative, applied, and predictive-correlational research design using large-scale financial and behavioral datasets collected from 420 

active investors in Tehran during the 2024–2025 period. Data sources included structured financial transaction records, investment portfolios, 

market volatility indicators, and behavioral risk measures, as well as sentiment-related financial signals extracted from digital financial 

environments. Data preprocessing and feature engineering were performed to optimize predictive performance. Multiple machine learning 

algorithms, including Gradient Boosting, Random Forest, Artificial Neural Network, and Support Vector Machine, were used to develop 

predictive models. Model performance was evaluated using accuracy, precision, recall, F1-score, and AUC metrics. Correlation analysis and 

feature importance analysis were also conducted to identify the most influential predictors of financial risk. The results indicated that machine 

learning models demonstrated high predictive accuracy in financial risk prediction, with the Gradient Boosting model achieving the highest 

performance (accuracy = 93.14%, AUC = 0.96), followed by Artificial Neural Network and Random Forest models. Behavioral risk indicators 

showed the strongest predictive influence on financial risk (r = 0.71, p < 0.01), followed by investment volatility exposure (r = 0.64, p < 0.01), 

risk tolerance (r = 0.58, p < 0.01), and market sentiment (r = 0.46, p < 0.01). Feature importance analysis confirmed that behavioral and 

volatility-related variables were the most significant predictors of financial risk. These findings demonstrate that big data–driven machine 

learning models significantly enhance financial risk prediction accuracy compared to traditional approaches. The findings confirm that big 

data analytics combined with machine learning techniques provides a highly effective and reliable framework for predicting financial and 

investment risks. The integration of behavioral, financial, and market data enhances predictive accuracy and enables more informed 

investment decision-making. The results highlight the critical role of big data analytics in improving financial risk management, optimizing 

investment strategies, and enhancing financial system stability. 

Keywords: Big Data Analytics; Financial Risk Prediction; Machine Learning; Investment Risk; Predictive Modeling; Financial Markets; Risk 

Management; Artificial Intelligence 

 

Introduction 

The rapid expansion of digital technologies and the proliferation of large-scale data generation have 

fundamentally transformed the financial and investment landscape, introducing new opportunities and challenges 

in financial risk prediction and investment decision-making. Big data, characterized by its volume, velocity, variety, 

veracity, and value, has emerged as a critical strategic resource capable of enhancing the predictive accuracy of 

financial risk models and enabling more informed investment decisions (1). The integration of big data analytics 
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with financial systems has enabled financial institutions, investors, and policymakers to extract actionable insights 

from massive and complex datasets, thereby improving risk assessment, portfolio management, and market 

forecasting (2). This transformation reflects a paradigm shift from traditional statistical approaches to advanced 

data-driven predictive frameworks capable of capturing nonlinear relationships, dynamic interactions, and 

behavioral signals in financial markets. 

Financial markets are inherently complex, dynamic, and influenced by multiple interconnected factors, including 

macroeconomic conditions, investor behavior, technological innovations, and global economic trends. Traditional 

financial risk prediction models often rely on limited datasets and linear assumptions, which restrict their ability to 

capture the full complexity of financial systems (3). In contrast, big data analytics enables the integration of diverse 

data sources, including transactional data, market indicators, behavioral patterns, and unstructured information 

such as financial news and social media sentiment, thereby providing a more comprehensive understanding of 

financial risk dynamics (4). This multidimensional analytical capability enhances the ability to detect early warning 

signals of financial instability and identify emerging investment risks with greater accuracy. 

One of the most significant advantages of big data analytics in financial risk prediction is its ability to improve 

forecasting accuracy through the application of advanced machine learning algorithms. Machine learning 

techniques, including neural networks, ensemble models, and deep learning architectures, have demonstrated 

superior performance compared to traditional econometric models in predicting financial risk and market volatility 

(5). These techniques can process large-scale datasets, identify hidden patterns, and adapt to changing market 

conditions, thereby enhancing predictive reliability and robustness. The application of machine learning in 

investment risk prediction has been shown to improve risk classification, portfolio optimization, and investment 

decision-making processes, enabling investors to manage financial risk more effectively (6). Furthermore, hybrid 

predictive models that integrate big data analytics with machine learning algorithms have demonstrated significant 

improvements in forecasting stock prices, market trends, and financial risk indicators (7). 

Big data analytics also plays a crucial role in enhancing credit risk assessment, investment portfolio optimization, 

and financial risk management. The ability to analyze large-scale financial transaction data enables financial 

institutions to assess creditworthiness more accurately and detect potential default risks in advance (8). Similarly, 

data-driven risk models enable investors to optimize portfolio allocation strategies by identifying optimal asset 

combinations that minimize risk while maximizing returns (9). The integration of big data analytics into financial risk 

management systems has also improved early warning mechanisms, enabling financial institutions to detect 

financial distress signals and prevent potential financial crises (10). These advancements demonstrate the critical 

role of big data in strengthening financial system stability and enhancing investment decision quality. 

In addition to structured financial data, big data analytics enables the analysis of unstructured data sources, such 

as financial reports, earnings calls, and textual information, which provide valuable insights into market sentiment 

and investor expectations. Text mining and sentiment analysis techniques enable the extraction of predictive signals 

from financial news and investor communications, thereby enhancing financial risk prediction accuracy (11). These 

techniques enable the identification of investor sentiment trends, market uncertainty signals, and behavioral biases, 

which play a significant role in financial risk dynamics (12). The integration of textual and behavioral data into 

predictive models enhances their ability to capture complex financial phenomena and improve investment risk 

prediction. 
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The application of big data analytics has also transformed financial reporting, financial management, and 

investment decision-making processes. Big data enables financial analysts and investors to process large volumes 

of financial information more efficiently, thereby improving decision accuracy and reducing uncertainty (13). Data-

driven financial management systems enable organizations to optimize financial resource allocation, improve 

operational efficiency, and enhance financial performance (14). Furthermore, predictive analytics has enhanced 

accounting and auditing practices by enabling more accurate financial risk assessment and fraud detection (15). 

These advancements demonstrate the broad impact of big data analytics across multiple financial domains. 

The rapid growth of financial technology (FinTech) has further accelerated the adoption of big data analytics in 

financial risk prediction and investment decision-making. FinTech platforms leverage big data analytics to assess 

credit risk, detect fraudulent activities, and optimize investment strategies in real time (16). These platforms enable 

investors to access real-time financial data, perform predictive analysis, and make informed investment decisions 

based on data-driven insights (17). Additionally, big data analytics has enhanced financial market transparency and 

efficiency by enabling more accurate market analysis and risk assessment (18). The integration of big data analytics 

with FinTech systems has created new opportunities for improving financial risk prediction and investment 

performance. 

Financial risk prediction is also influenced by market volatility, investor behavior, and macroeconomic factors. 

Market volatility represents a significant source of financial risk and can lead to substantial investment losses if not 

accurately predicted and managed (19). Big data analytics enables the analysis of market volatility patterns and the 

identification of risk exposure levels, thereby improving investment risk management strategies (20). Furthermore, 

investor behavior plays a critical role in financial risk dynamics, as investor decisions are influenced by psychological 

factors, risk perception, and market expectations (21). Big data analytics enables the analysis of investor behavior 

patterns and the identification of behavioral risk factors, thereby improving investment risk prediction accuracy. 

Another important application of big data analytics is in sustainable finance and investment risk assessment. Big 

data analytics enables investors to evaluate environmental, social, and governance (ESG) risks and identify 

sustainable investment opportunities (22). The integration of big data analytics into sustainable finance frameworks 

enhances investment risk assessment and enables investors to make more informed decisions regarding 

sustainable investment strategies (23). Additionally, big data analytics has enhanced financial risk assessment in 

emerging financial markets, including cryptocurrency markets and digital financial systems (24). These 

developments highlight the growing importance of big data analytics in modern financial systems. 

The integration of big data analytics with financial systems has also improved financial risk prevention, risk 

monitoring, and early warning mechanisms. Big data enables financial institutions to detect financial anomalies, 

identify potential risk factors, and implement preventive measures to reduce financial risk exposure (25). Data-driven 

financial risk control models enable financial institutions to improve financial risk management efficiency and reduce 

financial uncertainty (26). Furthermore, big data analytics enables the identification of systemic financial risk patterns 

and enhances financial system stability (27). These capabilities are essential for improving financial risk prediction 

accuracy and enhancing investment decision-making. 

The increasing availability of large-scale financial data has also enabled the development of more sophisticated 

financial risk prediction models. Advanced predictive models based on big data analytics have demonstrated 

significant improvements in financial risk prediction accuracy compared to traditional statistical models (28). These 

models enable investors to identify investment opportunities, assess financial risk exposure, and optimize 
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investment strategies based on data-driven insights (29). Furthermore, the integration of artificial intelligence and 

big data analytics has enhanced financial risk prediction capabilities and enabled more accurate financial 

forecasting (30). These advancements demonstrate the transformative impact of big data analytics on financial risk 

prediction and investment decision-making. 

Big data analytics has also enhanced financial data security, financial system resilience, and risk prevention 

mechanisms. The use of big data analytics enables financial institutions to identify potential security threats, detect 

fraudulent activities, and protect financial systems from cyber risks (31). Furthermore, big data analytics enables 

financial institutions to improve financial system stability and enhance financial risk prevention capabilities (32). 

These advancements highlight the critical role of big data analytics in improving financial system security and 

reducing financial risk exposure. 

The digital transformation of financial systems has also improved financial reporting quality, financial 

transparency, and investment decision accuracy. Big data analytics enables financial institutions to process large 

volumes of financial data efficiently and improve financial reporting accuracy (33). Additionally, big data analytics 

enhances financial reporting transparency and improves investor confidence in financial markets (13). These 

advancements contribute to improving financial system efficiency and investment performance. 

Recent studies have also demonstrated the effectiveness of big data analytics in predicting financial risk and 

improving investment decision-making. Big data–based financial risk prediction models have demonstrated high 

predictive accuracy and reliability in financial risk prediction (34). Additionally, predictive analytics models based on 

big data have improved financial risk prediction and enhanced investment decision-making efficiency (22). The 

integration of big data analytics with artificial intelligence and machine learning has further enhanced financial risk 

prediction accuracy and improved financial decision-making processes (35). These advancements highlight the 

growing importance of big data analytics in financial risk prediction and investment management. 

Despite the significant advancements in big data analytics, several challenges remain in implementing big data–

based financial risk prediction systems. These challenges include data quality issues, data security concerns, and 

the complexity of integrating heterogeneous data sources (36). Additionally, financial data privacy and regulatory 

compliance represent significant challenges in implementing big data analytics in financial systems (37). Addressing 

these challenges is essential for improving the effectiveness of big data–based financial risk prediction models. 

Given the increasing importance of big data analytics in financial risk prediction and investment decision-making, 

there is a need for empirical studies that examine the effectiveness of big data analytics in predicting financial and 

investment risks using real-world financial data and advanced machine learning techniques. Therefore, the aim of 

this study is to investigate the role of big data analytics in predicting financial and investment risks using machine 

learning techniques and large-scale financial datasets from investors in Tehran. 

Methods and Materials 

This study was conducted using a quantitative, applied, and predictive-correlational research design with the aim 

of developing and validating a big data–driven model for predicting financial and investment risks. The research 

adopted a cross-sectional design and relied on large-scale real-world financial datasets obtained from investors, 

financial institutions, and capital market participants in Tehran, Iran. The statistical population consisted of all active 

individual investors, financial analysts, and portfolio managers operating in the Tehran Stock Exchange and 

associated financial institutions during the 2024–2025 fiscal year. Using stratified random sampling to ensure 
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representation across different investor categories, including individual retail investors, institutional investors, and 

financial professionals, a total sample of 420 participants was selected. This sample size was determined based on 

statistical power analysis using G*Power software with a confidence level of 95%, statistical power of 0.95, and 

medium effect size, ensuring sufficient sensitivity for predictive modeling and machine learning analysis. 

Participants included individuals with at least two years of active investment experience in financial markets, 

familiarity with digital trading platforms, and a documented history of investment decision-making. The inclusion 

criteria ensured that all participants had sufficient financial literacy and engagement with digital financial systems, 

thereby generating reliable behavioral and transactional data. Exclusion criteria included incomplete financial 

records, lack of sufficient trading activity during the study period, and inconsistencies in reported financial behavior. 

In addition to participant-level behavioral data, large-scale structured and unstructured financial datasets were 

collected from institutional databases, including historical stock prices, trading volumes, volatility indices, 

macroeconomic indicators, and sentiment-related digital financial signals. These datasets provided a 

comprehensive representation of financial risk exposure and investment decision patterns, enabling robust 

predictive modeling using big data analytics techniques. 

Data collection was performed using a multi-source big data framework integrating structured, semi-structured, 

and unstructured financial data. Structured data included transactional records such as trading frequency, portfolio 

diversification measures, asset allocation patterns, historical returns, volatility exposure, and risk-adjusted 

performance metrics. These data were obtained from brokerage firms and financial institutions in Tehran, ensuring 

high accuracy and completeness. Additionally, macroeconomic indicators including inflation rate, interest rate 

fluctuations, exchange rate volatility, and market index movements were obtained from official financial databases, 

providing contextual variables relevant to financial risk prediction. 

Semi-structured data were collected from digital trading platforms and investor activity logs, including behavioral 

indicators such as trading timing patterns, response to market volatility, frequency of risk-taking decisions, and 

reaction to financial market news. These behavioral metrics were essential for capturing investor decision-making 

dynamics and identifying latent patterns associated with financial risk exposure. Unstructured data sources included 

financial news content, social media sentiment related to financial markets, and investor commentary extracted 

from financial discussion platforms. Natural language processing techniques were used to extract sentiment scores, 

risk perception indicators, and market confidence signals from these unstructured data sources, thereby enriching 

the predictive power of the big data framework. 

In addition to digital financial datasets, a standardized Financial Risk Perception and Investment Behavior 

Questionnaire was administered to participants to assess psychological and behavioral dimensions of financial risk-

taking. The questionnaire measured constructs including risk tolerance, loss aversion, investment confidence, 

emotional response to financial uncertainty, and decision-making under risk. The validity of the instrument was 

confirmed using content validity assessment by financial experts and academic specialists, and its reliability was 

established through Cronbach’s alpha coefficient of 0.89, indicating high internal consistency. Data integration was 

performed using big data architecture frameworks that allowed simultaneous processing of heterogeneous data 

types, ensuring comprehensive representation of financial risk determinants. 

Data analysis was conducted using advanced big data analytics and machine learning techniques to develop 

predictive models of financial and investment risk. Initially, data preprocessing was performed to clean, normalize, 

and standardize datasets, including removal of missing values, outlier detection, and transformation of variables to 
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ensure compatibility with machine learning algorithms. Feature engineering techniques were applied to extract 

meaningful predictive features from raw financial data, including volatility indicators, trend-based variables, 

behavioral metrics, and sentiment-derived features. Dimensionality reduction techniques, including Principal 

Component Analysis (PCA), were employed to optimize model efficiency and reduce computational complexity 

while preserving predictive information. 

Predictive modeling was performed using multiple machine learning algorithms, including Random Forest, 

Gradient Boosting Machines, Support Vector Machines, and Artificial Neural Networks, in order to compare model 

performance and identify the most accurate predictive framework. These algorithms were selected due to their 

ability to handle high-dimensional big data, nonlinear relationships, and complex interaction effects among financial 

risk variables. Model training and validation were conducted using a stratified 10-fold cross-validation approach to 

ensure model robustness and generalizability. Model performance was evaluated using standard predictive 

accuracy metrics, including accuracy rate, precision, recall, F1-score, and area under the receiver operating 

characteristic curve (AUC-ROC). 

In addition to machine learning analysis, statistical analysis was conducted using SPSS version 27 and Python-

based data analytics libraries to examine correlations, regression relationships, and predictive significance of 

financial risk variables. Structural modeling techniques were also applied to assess the relative contribution of 

behavioral, market, and macroeconomic factors in predicting investment risk. Explainable artificial intelligence (XAI) 

techniques, including feature importance analysis and SHAP (Shapley Additive Explanations), were used to 

interpret machine learning models and identify the most influential predictors of financial risk. This comprehensive 

analytical approach ensured both high predictive accuracy and interpretability, allowing the development of a 

scientifically robust and practically applicable big data–based financial risk prediction model. 

Findings and Results 

Before conducting the predictive modeling and machine learning analysis, descriptive statistics were calculated 

to examine the demographic and investment-related characteristics of the participants. The descriptive indicators 

provide an overview of the sample composition and ensure the adequacy and representativeness of the dataset for 

subsequent big data–based predictive analysis. Table 1 presents the demographic and financial characteristics of 

the participants, including age distribution, gender, investment experience, education level, and investment portfolio 

size. 

Table 1. Demographic and Investment Characteristics of Participants (N = 420) 

Variable Category Frequency Percentage (%) 

Gender Male 278 66.19  
Female 142 33.81 

Age 20–30 years 96 22.86  
31–40 years 148 35.24  
41–50 years 112 26.67  
Above 50 years 64 15.24 

Education Level Bachelor's degree 182 43.33  
Master's degree 168 40.00  
Doctoral degree 70 16.67 

Investment Experience 2–5 years 124 29.52  
6–10 years 172 40.95  
More than 10 years 124 29.52 

Portfolio Size Less than $10,000 98 23.33  
$10,000–$50,000 196 46.67  
Above $50,000 126 30.00 
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As shown in Table 1, the majority of participants were male (66.19%), while female participants represented 

33.81% of the sample, indicating that male investors constituted a larger proportion of active financial market 

participants in Tehran. The largest age group was between 31 and 40 years (35.24%), followed by 41 to 50 years 

(26.67%), suggesting that most participants were in their economically active and professionally stable years. In 

terms of educational attainment, the majority held bachelor’s degrees (43.33%) or master’s degrees (40.00%), 

indicating a relatively high level of financial literacy among participants. Regarding investment experience, the 

largest proportion of participants had between 6 and 10 years of experience (40.95%), reflecting a moderately 

experienced investor population. Additionally, nearly half of the participants (46.67%) had portfolio sizes between 

$10,000 and $50,000, indicating moderate investment engagement. Overall, these characteristics confirm that the 

sample was appropriate for examining financial risk prediction using big data analytics and machine learning 

approaches. 

Following the descriptive analysis, the statistical properties of the key financial risk variables were examined, 

including mean values, standard deviations, and range distributions, in order to assess variability and ensure 

suitability for predictive modeling. These descriptive statistics provide insight into the central tendencies and 

dispersion patterns of financial and behavioral risk indicators used in the big data framework. 

Table 2. Descriptive Statistics of Financial and Behavioral Risk Variables 

Variable Mean Standard Deviation Minimum Maximum 

Financial Risk Score 67.42 12.85 34.00 94.00 

Investment Volatility Exposure 0.48 0.16 0.12 0.89 

Risk Tolerance Score 71.26 10.94 45.00 95.00 

Portfolio Diversification Index 0.63 0.18 0.21 0.92 

Behavioral Risk Indicator 58.37 14.22 29.00 91.00 

Market Sentiment Score 61.84 11.56 38.00 88.00 

 

As presented in Table 2, the mean financial risk score was 67.42 with a standard deviation of 12.85, indicating 

moderate variability in risk exposure among participants. The average risk tolerance score was relatively high 

(71.26), suggesting that many investors were willing to accept moderate to high levels of investment risk. The 

portfolio diversification index showed a mean value of 0.63, indicating moderate diversification across investment 

assets. Behavioral risk indicators also demonstrated substantial variability, reflecting differences in investor 

decision-making patterns. These findings confirm that the dataset contains sufficient variability and complexity, 

making it suitable for predictive modeling using machine learning techniques. 

To identify the relationships between financial risk and its predictive factors, correlation analysis was conducted 

among key variables, including behavioral indicators, market sentiment, volatility exposure, and portfolio 

diversification. These correlations provide preliminary evidence regarding the predictive relevance of big data–

derived variables. 

Table 3. Correlation Matrix Between Financial Risk and Predictor Variables 

Variable 1 2 3 4 5 

1. Financial Risk Score 1.00 

    

2. Investment Volatility Exposure 0.64** 1.00 

   

3. Risk Tolerance Score 0.58** 0.49** 1.00 

  

4. Behavioral Risk Indicator 0.71** 0.53** 0.66** 1.00 

 

5. Market Sentiment Score 0.46** 0.39** 0.42** 0.51** 1.00 

**p < 0.01 
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As shown in Table 3, financial risk score demonstrated strong positive correlations with behavioral risk indicators 

(r = 0.71, p < 0.01), investment volatility exposure (r = 0.64, p < 0.01), and risk tolerance score (r = 0.58, p < 0.01). 

These findings indicate that behavioral and volatility-related variables play a significant role in predicting financial 

risk. Market sentiment also showed a moderate positive correlation with financial risk (r = 0.46, p < 0.01), suggesting 

that external market conditions influence investment risk exposure. These significant correlations confirm the 

predictive relevance of big data–derived features in financial risk prediction. 

To evaluate the predictive performance of machine learning models, multiple algorithms were compared using 

standard predictive accuracy metrics, including accuracy, precision, recall, F1-score, and AUC. 

Table 4. Predictive Performance of Machine Learning Models 

Model Accuracy (%) Precision Recall F1-score AUC 

Random Forest 91.26 0.90 0.92 0.91 0.94 

Gradient Boosting 93.14 0.92 0.93 0.93 0.96 

Support Vector Machine 88.47 0.87 0.89 0.88 0.91 

Artificial Neural Network 92.63 0.91 0.92 0.92 0.95 

 

As presented in Table 4, the Gradient Boosting model demonstrated the highest predictive performance, with an 

accuracy of 93.14% and an AUC value of 0.96, indicating excellent predictive capability. The Artificial Neural 

Network and Random Forest models also showed high performance, with accuracy values exceeding 91%, 

confirming the effectiveness of machine learning algorithms in predicting financial risk using big data. The Support 

Vector Machine demonstrated slightly lower performance but still maintained acceptable predictive accuracy. These 

results confirm that big data analytics combined with advanced machine learning techniques can provide highly 

accurate predictions of financial and investment risk. 

Figure 1 illustrates the relative importance of predictor variables in the Gradient Boosting model, highlighting the 

most influential features in financial risk prediction. 

 

Figure 1. Feature Importance Analysis of Financial Risk Predictors Using Gradient Boosting Model 

The feature importance analysis revealed that behavioral risk indicator was the most influential predictor of 

financial risk, followed by investment volatility exposure, risk tolerance score, and market sentiment score. Portfolio 

diversification also contributed to risk prediction but to a lesser extent compared to behavioral and volatility-related 

variables. These findings indicate that both behavioral and market-based big data variables play a critical role in 

predicting financial risk, confirming the effectiveness of integrating large-scale financial, behavioral, and sentiment 
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data in predictive financial modeling. Overall, the findings demonstrate that big data analytics and machine learning 

approaches provide highly accurate and reliable tools for predicting financial and investment risks. 

Discussion and Conclusion 

The present study aimed to investigate the role of big data analytics in predicting financial and investment risks 

using large-scale financial, behavioral, and market datasets integrated with advanced machine learning techniques. 

The findings demonstrated that big data–driven predictive models provide high levels of accuracy in forecasting 

financial risk, with the Gradient Boosting model achieving the highest predictive performance among the evaluated 

algorithms. This result confirms the effectiveness of big data analytics and machine learning techniques in 

identifying complex financial risk patterns and predicting investment risk exposure. The high predictive accuracy 

observed in this study aligns with previous research demonstrating that machine learning algorithms significantly 

outperform traditional statistical models in financial risk prediction due to their ability to capture nonlinear 

relationships and complex interactions within large financial datasets (5, 6). The superior performance of ensemble-

based models, particularly Gradient Boosting, reflects their capacity to integrate multiple decision trees and optimize 

prediction accuracy through iterative error correction, which enhances model reliability in financial risk prediction 

contexts. 

One of the key findings of this study was the strong predictive influence of behavioral risk indicators on financial 

risk prediction. Feature importance analysis revealed that behavioral risk indicators were the most influential 

predictors of financial risk, highlighting the critical role of investor behavior in determining financial risk exposure. 

This finding supports the behavioral finance perspective, which emphasizes that financial risk is not solely 

determined by market variables but is also significantly influenced by investor psychology, decision-making biases, 

and behavioral responses to market conditions (21). Big data analytics enables the extraction of behavioral signals 

from investor activity, transaction patterns, and decision-making behavior, thereby enhancing predictive accuracy 

and enabling a deeper understanding of financial risk dynamics (29). These findings are consistent with previous 

studies demonstrating that behavioral data significantly improve financial risk prediction models and provide 

valuable insights into investment risk exposure (11). 

The findings also indicated that investment volatility exposure was one of the most significant predictors of 

financial risk. The strong relationship between volatility exposure and financial risk confirms the fundamental role 

of market volatility in determining investment risk levels. Volatility reflects the degree of uncertainty and price 

fluctuations in financial markets, and higher volatility is associated with increased financial risk and investment 

uncertainty (19). Big data analytics enables real-time monitoring of volatility patterns and allows predictive models 

to incorporate volatility signals into financial risk prediction frameworks, thereby improving prediction accuracy and 

enabling proactive risk management (20). These findings are consistent with prior research demonstrating that 

volatility-based predictive models significantly improve financial risk prediction and enable investors to manage 

financial risk more effectively (7). 

Another important finding of this study was the significant role of risk tolerance and portfolio diversification in 

financial risk prediction. Investors with higher risk tolerance were more likely to exhibit higher financial risk exposure, 

reflecting their willingness to engage in high-risk investment strategies. This finding aligns with financial theory and 

empirical evidence indicating that investor risk tolerance is a key determinant of investment risk exposure and 

portfolio allocation decisions (21). Big data analytics enables the integration of behavioral and transactional data, 
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allowing predictive models to assess investor risk tolerance and its impact on financial risk exposure more 

accurately (35). Similarly, portfolio diversification was found to play a protective role in reducing financial risk 

exposure, confirming the effectiveness of diversification strategies in minimizing investment risk. This finding is 

consistent with portfolio optimization theory and empirical evidence demonstrating that diversified portfolios reduce 

risk exposure by spreading investment risk across multiple assets (9). 

The results also demonstrated that market sentiment derived from big data sources significantly contributed to 

financial risk prediction. Market sentiment reflects investor expectations, perceptions, and emotional responses to 

market conditions, which influence investment decisions and financial risk exposure. Big data analytics enables the 

extraction of sentiment signals from financial news, social media, and investor communications, providing valuable 

predictive information for financial risk prediction (12). The significant predictive role of sentiment indicators 

observed in this study is consistent with previous research demonstrating that sentiment analysis enhances financial 

risk prediction accuracy and improves investment decision-making processes (30). These findings highlight the 

importance of integrating unstructured data sources into financial risk prediction models. 

The high predictive performance of machine learning models observed in this study confirms the effectiveness 

of big data analytics in enhancing financial risk prediction accuracy. Machine learning algorithms are capable of 

processing large-scale financial datasets and identifying complex patterns that cannot be detected using traditional 

statistical models (1). The ability of machine learning models to learn from historical data and adapt to changing 

market conditions enables more accurate financial risk prediction and enhances investment decision-making 

processes (34). These findings are consistent with previous research demonstrating that big data analytics 

significantly improves financial risk prediction accuracy and enhances financial decision-making processes (25). 

The findings of this study also support the role of big data analytics in improving portfolio management and 

investment strategy optimization. Big data–driven predictive models enable investors to identify high-risk investment 

scenarios and optimize portfolio allocation strategies to minimize financial risk exposure (38). These predictive 

capabilities enhance investment performance and enable investors to make more informed investment decisions 

based on data-driven insights. The integration of big data analytics into portfolio management systems has been 

shown to significantly improve portfolio performance and risk management efficiency (22). These findings highlight 

the practical value of big data analytics in improving investment performance and financial risk management. 

The results also demonstrated the effectiveness of big data analytics in enhancing financial risk monitoring and 

early warning systems. Predictive models developed using big data analytics enable financial institutions to detect 

financial risk signals and implement preventive measures before financial risk materializes (3). These early warning 

capabilities enhance financial system stability and reduce the likelihood of financial losses. Previous research has 

demonstrated that big data–driven risk monitoring systems significantly improve financial risk detection and 

enhance financial system resilience (26). The ability to detect financial risk signals in real time represents a 

significant advancement in financial risk management. 

Furthermore, the findings highlight the transformative role of big data analytics in financial decision-making 

processes. Big data analytics enables financial institutions and investors to process large volumes of financial data 

efficiently and make informed investment decisions based on predictive insights (2). These capabilities improve 

investment performance and enhance financial risk management efficiency. Previous studies have demonstrated 

that big data analytics enhances financial decision-making accuracy and improves investment performance by 
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providing real-time financial risk insights (16). These findings confirm the strategic importance of big data analytics 

in modern financial systems. 

The results of this study also demonstrate the role of big data analytics in improving financial system stability 

and risk prevention. Big data analytics enables financial institutions to identify financial risk patterns, monitor 

financial system performance, and implement risk prevention strategies (32). These capabilities enhance financial 

system resilience and reduce financial risk exposure. The integration of big data analytics with financial systems 

has been shown to significantly improve financial risk prevention and financial system stability (27). These findings 

highlight the critical importance of big data analytics in improving financial system resilience. 

Overall, the findings of this study confirm that big data analytics provides a powerful and effective framework for 

predicting financial and investment risks. The integration of big data analytics with machine learning techniques 

enhances financial risk prediction accuracy, improves investment decision-making, and strengthens financial risk 

management capabilities. These findings are consistent with prior research demonstrating that big data analytics 

significantly improves financial risk prediction and investment performance (36). The results also highlight the 

importance of integrating behavioral, market, and sentiment data into financial risk prediction models to improve 

predictive accuracy and financial risk management effectiveness. 

Despite the significant contributions of this study, several limitations should be acknowledged. First, the study 

was conducted using financial data from investors in Tehran, which may limit the generalizability of the findings to 

other financial markets with different economic structures, regulatory environments, and investment behaviors. 

Financial markets vary significantly across countries, and investor behavior, market volatility, and financial system 

characteristics may influence financial risk prediction models differently. Second, although this study utilized large-

scale financial datasets, the availability and quality of financial data may affect predictive model performance. Data 

incompleteness, reporting biases, and data integration challenges may introduce potential limitations in predictive 

accuracy. Third, this study employed cross-sectional data, which limits the ability to capture long-term temporal 

changes in financial risk dynamics. Longitudinal data analysis would provide a more comprehensive understanding 

of financial risk evolution over time. Additionally, while advanced machine learning models were used, model 

performance may be influenced by hyperparameter selection, data preprocessing methods, and feature engineering 

processes. 

Future research should expand the scope of financial risk prediction studies by incorporating larger and more 

diverse financial datasets from multiple countries and financial markets. Comparative cross-national studies would 

provide valuable insights into the effectiveness of big data analytics in different financial environments. Future 

research should also explore the integration of additional data sources, including real-time financial transaction 

data, macroeconomic indicators, and alternative data sources such as social media and digital financial platforms. 

Longitudinal studies should be conducted to examine the long-term effectiveness of big data analytics in predicting 

financial risk and capturing dynamic financial risk patterns. Additionally, future research should investigate the use 

of advanced deep learning techniques, including recurrent neural networks and transformer-based models, to 

improve financial risk prediction accuracy. The integration of explainable artificial intelligence techniques should 

also be explored to enhance the interpretability and transparency of financial risk prediction models. 

The findings of this study provide important practical implications for financial institutions, investors, and 

policymakers. Financial institutions should integrate big data analytics and machine learning techniques into their 

financial risk management systems to enhance risk prediction accuracy and improve financial decision-making 



 Khodabakhsh 

12 
processes. Investors should utilize big data–driven predictive tools to assess financial risk exposure and optimize 

investment strategies. Financial regulators and policymakers should promote the adoption of big data analytics in 

financial risk monitoring systems to enhance financial system stability and prevent financial crises. Investment firms 

should also invest in advanced data analytics infrastructure and develop predictive analytics capabilities to enhance 

financial performance and reduce investment risk. 
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