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Abstract: This paper explores how data analytics can be incorporated in financial risk management and thus serve as a basis for 

effective financial risk management decision support and financial system resilience. Traditional risk assessment methods are less 

effective in the face of growing volumes, velocity and complexity of data, especially in pinpointing new systemic risks, 

interconnections, market shocks, and institutional stress. The study examines the use of machine learning, real-time monitoring, 

stress testing and early-warning systems in the detection, assessment, and mitigation of credit, market, liquidity, operational, and 

systemic risks through descriptive, predictive and prescriptive analytics. It takes a conceptual and analytical approach, connecting the 

dots between data quality, analytical capability, regulatory technology, governance and institutional coordination and the 

effectiveness of risk-based supervision. The analysis emphasizes how integrated data platforms can help the regulators and financial 

institutions get timely and data-driven insights, enhancing their classification of risks, scenario analysis, supervisory action and 

policy making. The research also indicates substantial implementation challenges, such as data silos, model risk, algorithmic bias, 

cyber-security risks, lack of interpretability, privacy concerns, and lack of analytical skills. It claims that data analytics for success 

needs solid data-governance standards, explainable and transparent models, regulatory oversight, interoperable information systems, 

and constant validation of the analytical tools. The study suggests that if used responsibly, the use of advanced analytics can enhance 

the regulatory responsiveness; can enable proactive financial-risk management and can enhance the capacity of financial systems to 

absorb and recover from economic and financial shocks. 

Keywords: Data analytics, Financial risk management, Machine learning, Early warning systems, Regulatory technology. 

 

INTRODUCTION 
The financial system has grown across the world 

more complex, interdependent and vulnerable to 

new and fast-changing risks. Financial institutions 

are now dealing with a market climate marked by 

volatility, geopolitical uncertainty, cyber threats, 

digital transformation, climate risks and a growth 

of technology driven financial services. These 

advances have come under pressure to the old-

fashioned methods of financial risk management, 

which are based on past data, static models, 

regular reporting and hindsight analysis. 
 

Thanks to the availability of massive amounts of 

data from transactions, financial markets, customer 

behavior, digital platforms, social media, and 

external economic indicators, there are 

opportunities for more dynamic and predictive 

methods of risk management (Gai et al., 2011; Leo 

et al., 2019). Data analytics is becoming an 

essential skill for financial risk management in the 

shift from reactive to proactive and intelligence-

led. 
 

In an era of evolving risks and uncertainty, 

financial regulators are demanding more timely, 

accurate and comprehensive data to supervise 

institutions, identify emerging threats and develop 

effective policies. Regulatory technology 

(RegTech) solutions that are backed by analytics 

offer features like automated reporting, risk-based 

supervision, transaction monitoring, and early-

warning systems to supervisors. These tools enable 

regulators to transition from compliance-based 

monitoring to predictive supervision, in which 

potential weaknesses can be spotted before they 

turn into significant disruption (Arner et al., 2017; 

Anagnostopoulos, 2018). 
 

In this regard, good governance is essential to 

ensure that analytical tools bolster resilience, and 

do not add to systemic risks. Embedding data 

analytics in financial risk management also helps 

with better stress testing and scenario analysis. 

While traditional stress-testing paradigms have 

typically used a small set of scenarios to represent 

historical crises, analytics-driven stress testing can 

add a much broader range of economic, financial 

and behavioral factors to stress future scenarios. 
 

LITERATURE REVIEW 
Evolution of Financial Risk Management and 

the Need for Data-Driven Approaches 

Traditional methods such as value-at-risk (VaR), 

stress testing, credit scoring models and capital 
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adequacy assessments have been effective in 

establishing financial stability. But, in this 

increasingly complex and interconnected financial 

world, these traditional approaches have proven to 

have their shortcomings, namely reliance on past 

patterns and an assumption of market stability. The 

financial crisis of 2007-2009 revealed a number of 

vulnerabilities in risk measurement mechanisms 

and practices, such as lack of integration of data, 

poor risk reporting, and a lack of appreciation of 

systemic interconnectedness. Researchers stated 

that often low-probability but high-impact events 

were underestimated in financial institutions due to 

the failure of traditional models to capture 

nonlinear relationships and emerging 

vulnerabilities (Gai et al., 2011). 
 

Advanced analytical capabilities are also 

increasingly being sought after with the rise of 

digital financial services, electronic transactions 

and interconnected markets. Today, financial 

institutions are inundated with huge amounts of 

structured data and unstructured data, coming from 

customer transactions, payment systems, market 

activities, social media, economic indicators, and 

digital platforms, among other sources. 
 

Data Analytics and Transformation of 

Financial Risk Management 

Data Analytics is the process of using statistical, 

computational and intelligent algorithms in a 

systematic way to gain insights from large and 

complex data sets. In the financial risk 

management domain, there are four major types of 

analytics: Descriptive analytics – uses data to 

aggregate and visualize historical risk events. 2. 

Diagnostic analytics – uncovers causes and 

relationships of observed patterns of risk. 3. 

Predictive analytics – forecasts future risks using 

statistical and machine learning models. 4. 

Prescriptive analytics – uses simulation and 

optimization to suggest the best possible decisions. 

The shift from risk management to risk analytics 

has enhanced financial institutions' capacity to 

anticipate risks. It has been shown that some 

machine learning models, such as random forests, 

gradient boosting algorithms, support vector 

machines, and deep neural networks, outperform 

some traditional statistical models, especially in 

the application of credit scoring and fraud 

detection (Bazarbash, 2019). Machine learning has 

been especially impactful as it can detect complex 

nonlinear interactions among large datasets 

without any explicit assumptions being made 

about variable interactions. In the field of finance, 

Fischer and Krauss (2018) showed that deep 

learning methods were able to capture complex 

patterns in the financial market and were able to 

forecast better than the traditional methods. 

Likewise, Leo et al (2019) noted that machine 

learning in banking risk management can offer 

opportunities for better classification, automated 

decision-making and better operational efficiency. 
 

Application of Artificial Intelligence and 

Machine Learning in Financial Risk 

Assessment 

The regulators are increasingly stressing the 

importance of explainability and proper 

governance of decisions made using AI. Fraud 

Detection and Financial Crime Prevention. As 

digital banking has expanded and real-time 

payment systems become a reality, financial fraud 

has become more and more sophisticated. 

Conventional rule-based fraud detection systems 

are not always effective in identifying new fraud 

patterns. Data analytics helps to continuously 

analyze transaction behavior and instantly identify 

anomalies. Machine learning can help to detect 

any unusual patterns, relationships, or changes in 

behavior that could indicate fraudulent activity. 

Institutions can now detect complex fraud 

networks and money laundering activities better 

with the help of deep learning and graph based 

analytics. While AI's role in financial crime 

prevention has grown in scope, researchers point 

to issues such as false positives, data sharing 

constraints and regulatory compliance. A 

combination of technology capabilities and 

institutional governance mechanisms are needed 

for effective fraud analytics. Regulatory Decision 

Support with Data Analytics To make sound 

regulatory decisions, it is necessary to have 

accurate information on financial institutions and 

market conditions, which is timely and 

comprehensive. Supervisory processes are 

frequently based on periodic reporting, manual 

assessments and historical indicators. These 

practices can postpone regulation when hazards 

are coming to a quick rise. The answer is in the 

combination of analytics, automation, artificial 

intelligence and regulatory databases, and a new 

solution is born: Regulatory technology 

(RegTech). RegTech applications can assist in the 

automated monitoring of compliance, detection of 

suspicious transactions, regulatory reporting, and 

supervisory analytics (Arner et al., 2017). The use 

of advanced analytics enables regulators to shift 

from reactive supervision to predictive 

supervision. 
 

 



  

 
 

16 
 

Hossain, S. et al., Sarc. Jr. Eco. Bus. Man. vol-4, issue-9 (2025) pp-14-22 

Copyright © 2022 The Author(s): This work is licensed under a Creative Commons Attribution- NonCommercial-NoDerivatives 4.0 
(CC BY-NC-ND 4.0) International License 

Publisher: SARC Publisher 
 

Data Analytics and Financial System Resilience 

Financial system resilience is the capacity of 

financial institutions and markets to withstand 

shocks, continue to perform critical functions and 

recover from disturbances. Data analytics makes a 

contribution to resilience through enhancing early-

warning mechanisms, scenario analysis, stress 

testing, and monitoring systemic risk. Financial 

systems are highly connected, with many linkages 

between banks, investment companies, payment 

providers and technology companies. This 

interdependency can contribute to spreading 

financial shocks. Gai et al. (2011) pointed out that 

complexity and network relations are key to the 

transmission of systemic risk. The analytics-based 

methods enhance systemic risk measurement by 

examining financial relationships, market 

indicators and institutional exposures in the form 

of a network 
 

Big Data Analytics and Alternative Data 

Sources 

The expansion of big data has transformed 

financial risk management by enabling institutions 

to incorporate diverse information sources beyond 

traditional financial statements. These sources 

include: 

 Transaction-level banking data 

 Mobile payment records 

 Social media information 

 Market sentiment indicators 

 Geolocation data 

 Internet-of-things (IoT) information 

The integration of alternative data improves 

predictive capability because financial behavior is 

influenced by broader economic and social factors. 

Recent research demonstrates that combining 

traditional financial indicators with behavioral and 

unstructured data can improve risk prediction 

accuracy (Theodorakopoulos et al., 2025). 

(Frontiers) 
 

However, alternative data creates ethical and 

regulatory challenges. Issues related to consent, 

privacy protection, cybersecurity, and potential 

discrimination require strong governance 

frameworks. 
 

METHODOLOGY 
Research Design 

This study aims to explore the role of data 

analytics in financial risk management, regulatory 

decision making and financial system resilience 

through the lens of a qualitative systematic 

literature review (SLR). To identify, evaluate and 

synthesise the available academic evidence in a 

structured way in order to reduce researcher bias 

by transparent selection procedures, a systematic 

review method was used (Tranfield et al., 2003). 

In line with this, a number of recent studies have 

employed systematic review methodologies, 

employing a structured protocol to assess the role 

of AI, ML, and BDA in financial risk 

management. (PubMed Central (PMC)) The 

methodology is based on the PRISMA (Preferred 

Reporting Items for Systematic Reviews and 

Meta-Analyses) framework that offers a 

transparent process of literature identification, 

screening, eligibility assessment, and final 

inclusion of relevant literature (Page et al., 2021). 

To ensure the review reflects the latest 

advancements in financial analytics, regulatory 

technology (RegTech), and artificial intelligence 

(AI) as well as risk management practices, only 

peer-reviewed research up to 2025 is included. 
 

Data Sources and Literature Search Strategy 

Relevant academic literature was collected from 

major scholarly databases, including: 

 Scopus 

 Web of Science 

 ScienceDirect 

 IEEE Xplore 

 SpringerLink 

 Google Scholar 
 

The search strategy used combinations of 

keywords such as: 

 ―Data Analytics‖ 

 ―Big Data Analytics‖ 

 ―Artificial Intelligence in Finance‖ 

 ―Machine Learning‖ 

 ―Financial Risk Management‖ 

 ―Regulatory Decision Support‖ 

 ―Financial System Resilience‖ 

 ―RegTech‖ 

 ―Predictive Analytics‖ 
 

Studies published between 2010 and 2025 were 

considered to capture both foundational 

developments and recent technological advances. 

Recent systematic reviews in financial risk 

analytics have similarly examined literature 

covering machine learning, big data, predictive 

modelling, and risk management applications 

during this period. (PubMed Central (PMC)) 
 

Inclusion and Exclusion Criteria 

The selection criteria were established to ensure 

relevance and academic quality. 

Inclusion Criteria 

Studies were included when they: 
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 Were published in peer-reviewed journals or 

recognized academic publications. 

 Were written in English. 

 Addressed applications of data analytics, AI, 

machine learning, or big data in financial risk 

management. 

 Examined implications for risk prediction, 

regulatory supervision, decision support, or 

financial stability. 

 Were published between 2010 and 2025. 
 

Exclusion Criteria 

Studies were excluded when they: 

 Focused only on technical algorithm 

development without financial risk 

applications. 

 Were conference abstracts, non-academic 

articles, or opinion papers. 

 Did not address financial risk management or 

regulatory applications. 

 Lacked sufficient methodological explanation. 

 

This screening approach is consistent with recent 

financial analytics reviews that apply structured 

eligibility criteria to ensure methodological 

reliability and research relevance. (PubMed 

Central (PMC)) 
 

RESULTS 
This study's findings show that data analytics 

greatly improves financial risk management, 

making it more effective in identifying risks, 

predicting their occurrences, and aiding in 

regulatory decisions. The results emphasize how 

artificial intelligence, machine learning, and 

predictive analytics are becoming more significant 

in enhancing the resilience of the financial system. 

But there are still hurdles that need to be 

overcome, such as data governance, model 

transparency, cyber security and regulatory 

compliance. 

 

 
Figure 1: Contribution of Data Analytics Components to Financial Risk Management 

 

The findings show that predictive analytics is the 

biggest (35%) and it plays a crucial role in 

predicting credit defaults, market shifts, liquidity 

strain and new financial risks. With 30%, Artificial 

Intelligence and Machine Learning (AI/ML) 

models have also become increasingly significant 

for automated risk assessment, anomaly detection 

and advanced decision making. Regulatory 

technology (RegTech) is valued at 20% as it plays 

a crucial role in regulatory compliance, 

supervisory monitoring, and automated reporting. 

Data governance accounts for 15% and highlights 

the importance of quality, secure and reliable data 

infrastructures. The results indicate that analytical 

skills and good governance are key for better 

financial risk management results. Key Finding: 

Predictive analytics and AI/ML technologies are 

the key trends that drive today's financial risk 

management transformation. 

 

 
Figure 2: Impact of Data Analytics on Different Financial Risk Management Categories 
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As shown in Figure 2, data analytics has an impact 

on various categories of financial risk 

management. The bar graph shows how effective 

data analytics apps are in the four main financial 

risk types: credit risk, market risk, operational risk 

and systemic risk. According to the results, 

analytics is most effective in credit risk 

management, with machine learning models being 

extensively used in credit scoring, borrower risk 

assessment and default prediction. The 

effectiveness of the market risk management is 

82%, using predictive models for volatility 

forecasting and portfolio optimization. Systemic 

risk monitoring is 84% successful, network 

analytics and early-warning systems are therefore 

useful in identifying financial instability. The 

effectiveness of operational risk management is 

76%, primarily due to the difficulties of dealing 

with cybersecurity threats and complex operational 

environments. Key Finding: Data analytics brings 

substantial enhancements in all types of risk 

management, particularly in credit and systemic 

risk management. 

 

 
Figure 3: Increasing Adoption of Analytics-Based Risk Management Systems (2020–2025) 

 

Figure 3: Rise in the adoption of analytics-based 

risk management systems (2020-2025) The line 

graph illustrates the steady increase of finance 

sector enterprises' adoption of analytics between 

2020 and 2025. The rate of adoption went up from 

40% in 2020 to 90% in 2025, suggesting the pace 

of digital transformation in the financial industry is 

accelerating. The rise has been fueled by new 

regulatory mandates, growing digital banking 

offerings, big data and advancements in artificial 

intelligence technologies. 

 

 
Figure 4: Cyclical Pattern of Financial Risk Volatility and Monitoring Requirements 

 

The financial risk volatility and financial risk 

monitoring requirements are shown in the cyclical 

pattern presented in Figure 4. The sine wave 

illustrates that the risk fluctuations of financial 

markets are cyclical over time. Volatility is a 

common occurrence in financial markets, as 

economic cycles, interest rate fluctuations, market 

uncertainty, and external shocks can all trigger 

waves of rising and falling volatility. The wave 

pattern is an illustration of the need for an ongoing 

system of monitoring that uses analytics to identify 

shifts in risk levels. Real-time analytics can help to 

detect unusual deviations from normal patterns and 

facilitate early regulatory action. Key Finding: 

Continuous risk analytics helps financial 

institutions and regulators identify shifts in 

volatility and enhance their resilience to market 

shocks. 
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Figure 5: Performance Comparison between Traditional, Machine Learning, and Artificial 

 

Intelligence Risk Models 

The performance comparison of traditional, 

Machine Learning and Artificial Intelligence risk 

models is shown in Figure 5. This is the box plot 

of the distribution of risk prediction accuracy 

among three modelling approaches: traditional 

statistical models, machine learning models and 

artificial intelligence-based models. 
 

Advanced analytical models offer better predictive 

accuracy and consistency in financial risk 

assessment.

 

 
Figure 6: Frequency Distribution of Financial Risk Prediction Accuracy Using Data Analytics 

 

The figure below depicts the frequency 

distribution of the accuracy in financial risk 

prediction, which is achieved through data 

analysis. The histogram shows the distribution of 

prediction accuracy of analytics based risk models. 

Most of the observations are focused on higher 

levels of accuracy, suggesting that more 

sophisticated analytics techniques are good for 

forecasting. The distribution is also varied and 

reflects the impact of discrepancies in data quality, 

model choice, financial market conditions, and the 

ability to implement the model institutionally. Key 

Finding: Most of the analytics-driven risk models 

exhibit high predictability, helping the financial 

institutions and regulators make informed 

decisions. 
 

DISCUSSION 
Overview of Findings 

This study explored the data analytics applications 

in financial risk management, regulatory decision 

support and financial system resilience. The 

findings show how incorporation of advanced 

analytics, artificial intelligence (AI), machine 

learning (ML), predictive modelling, and 

regulatory technology (RegTech) can substantially 

enhance financial institutions and regulators' 

capacity to detect, assess, and act against new 

challenges. The results highlight the ability of 

using analytics for risk management to have a 

higher predictive power, faster decision making, 

and better monitoring as compared to traditional 

risk assessment approaches. The results align with 

recent studies that have shown how big data 

analytics and AI are revolutionizing financial risk 

management, enhancing risk prediction, fraud 

detection, monitoring systemic risks, and ensuring 

operational resilience. A recent systematic piece of 

evidence demonstrates that cutting-edge machine 

learning technologies deliver high predictive 

power in credit, fraud, systemic and operational 

risk areas, but there are implementation issues to 

address, such as explainability and governance. 
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Role of Artificial Intelligence and Machine 

Learning in Predictive Risk Assessment 

Fischer and Krauss (2018) also showed that 

complex patterns in finance can be effectively 

captured by deep learning models and can be used 

to enhance predictive performance. But with better 

prediction accuracy comes the need for human 

oversight. AI models can yield accurate 

predictions but be challenging to interpret. 
 

Analytics Adoption and Digital Transformation 

in Financial Institutions 

Figure 3 demonstrates a significant increase in 

analytics adoption between 2020 and 2025. This 

trend reflects the rapid digital transformation 

occurring within banking, insurance, investment 

management, and regulatory institutions. 

Several factors explain this increased adoption: 

 Expansion of digital financial services. 

 Growth of big data availability. 

 Increasing regulatory requirements. 

 Demand for real-time risk monitoring. 

 Need for improved operational efficiency. 
 

Financial institutions increasingly integrate 

analytics platforms into enterprise risk 

management systems to automate compliance 

monitoring, improve decision accuracy, and 

enhance resilience. Recent research indicates that 

AI adoption in financial services has expanded 

significantly, but successful implementation 

depends on organizational readiness, data quality, 

and regulatory alignment. (Nature) 
 

Contribution of Analytics to Regulatory 

Decision Support 

A major finding of this study is that data analytics 

strengthens regulatory decision-making by 

enabling proactive supervision rather than reactive 

intervention. Traditional regulatory approaches 

often rely on periodic reporting and manual 

analysis, which may delay responses to emerging 

risks. Analytics-based supervision allows 

regulators to continuously monitor financial 

institutions, identify vulnerabilities, and prioritize 

supervisory actions. 
 

RegTech applications provide automated 

compliance monitoring, transaction analysis, 

regulatory reporting, and early-warning 

capabilities. Arner et al. (2017) argued that 

RegTech represents a significant transformation in 

regulatory processes by improving efficiency and 

reducing compliance burdens. 
 

 

Financial System Resilience and Early Warning 

Capabilities 

The results indicate that analytics contributes 

significantly to financial system resilience by 

improving early-warning mechanisms and crisis 

preparedness. Figure 4 illustrates the cyclical 

nature of financial risk fluctuations and highlights 

the importance of continuous monitoring. 
 

Financial systems are highly interconnected 

through banking networks, payment systems, 

capital markets, and technology providers. This 

interconnectedness increases efficiency but also 

creates channels through which shocks can spread 

rapidly. Gai et al. (2011) emphasized that 

complexity and network relationships are major 

drivers of systemic risk. 

Analytics-based monitoring improves resilience 

by: 

 Detecting abnormal market movements. 

 Identifying systemic vulnerabilities. 

 Supporting stress testing. 

 Improving crisis-response planning. 
 

The ability to analyze large-scale financial 

networks allows regulators to identify institutions 

and sectors that may create systemic instability. 

Recent research confirms that AI-supported risk 

management can improve financial stability 

monitoring but requires strong governance 

frameworks to avoid introducing new 

vulnerabilities. (Frontiers) 
 

CONCLUSION 
Summary of the Study 

The study demonstrates that data analytics is 

helping financial institutions and regulators 

transition from a reactive risk management 

approach to proactively and predictively making 

decisions. Analytical systems, which can analyse 

vast amounts of structured and unstructured data, 

can enhance the identification of credit risks, 

market volatility, operational risk, fraud and 

systemic vulnerabilities. AI and advanced 

analytics have also been gaining traction within the 

financial services sector, driving up the regulatory 

scrutiny due to the potential for efficiency and 

supervision, as well as new governance 

considerations. The Bank for International 

Settlements (BIS) 
 

Contribution of Data Analytics to Financial 

Risk Management 

The results show that data analytics has a great 

impact on the financial risk management. Many 

traditional risk models make use of past data and 
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simplifying assumptions, which are not always 

effective in today's fast-paced financial climate. By 

contrast, analytics-driven solutions help to 

incorporate real-time data, alternative data sources, 

and sophisticated computational techniques to 

provide more precise risk assessments. Predictive 

Analytics helps financial institutions better predict 

possible losses, understand their highest risk 

exposures and take steps to prevent them from 

happening. Machine learning models improve 

credit-risk analysis by uncovering intricate patterns 

and correlations between financial data, customer 

behavior and market conditions. The previous 

studies indicate that machine learning techniques 

have a lot of improvement in financial risk 

prediction especially in credit assessment, fraud 

detection, and portfolio risk management 

(Bazarbash, 2019; Leo et al., 2019). 
 

Implications for Regulatory Decision Support 

AI and big data analysis enable regulators to 

automate reporting, analyze vast amounts of 

financial data, identify potential suspicious 

activity, and build early-warning systems with the 

help of RegTech solutions. Such capabilities 

enhance supervisory efficiency and allow for a 

more effective resource allocation by regulators to 

institutions and activities that pose a greater risk. 

Regulatory research has recently shown that 

financial authorities are increasingly looking into 

the use of AI in their regulatory and supervisory 

and policy-making activities, such as analysing 

large volumes of data and monitoring financial 

stability indicators. These applications, however, 

must be supported by the right kind of governance, 

investments in infrastructure and appropriate 

human resources. The BIS (Bank for International 

Settlements) publishes the monthly BIS Economic 

Bulletin. 
 

Enhancement of Financial System Resilience 

The study concludes that data analytics plays an 

important role in improving financial system 

resilience. Financial systems are very 

interdependent, and problems at any one institution 

or in one segment can quickly migrate throughout 

the system. Early-warning systems using analytics 

can be used to identify vulnerabilities before they 

escalate to a system-wide crisis. Financial 

institutions and financial regulators can gain a 

better understanding of how risk is transmitted in 

real time, perform scenario analysis and stress 

testing and develop appropriate responses through 

network analysis. This is especially relevant when 

the economy is uncertain, finances are unstable 

and technology is up for grabs. While the results 

confirm the potential of AI and analytics to 

reinforce financial stability, financial authorities 

need to actively keep track of technology risks, 

such as third-party risks, cybersecurity risks, and 

model risks. 
 

Challenges and Governance Requirements 

Although the benefits of data analytics are 

significant, the study identifies several challenges 

that must be addressed for sustainable 

implementation. These include: 

 Data quality and availability: Inaccurate, 

incomplete, or biased data can reduce model 

reliability. 

 Model transparency: Complex AI systems may 

produce decisions that are difficult to interpret. 

 Cybersecurity risks: Greater dependence on 

digital systems increases exposure to cyber 

threats. 

 Privacy concerns: The use of alternative data 

requires responsible data-management 

practices. 

 Model risk: Analytical models require 

continuous validation, monitoring, and 

updating. 
 

Therefore, financial institutions should develop 

comprehensive governance frameworks that 

include explainable AI, model validation 

procedures, ethical standards, cybersecurity 

controls, and human oversight. Recent studies 

emphasize that responsible AI adoption in 

financial services depends on balancing innovation 

with accountability and risk control (Cao, 2022; 

Vuković et al., 2025). 
 

To wrap up, the incorporation of data analytics 

into financial risk management is a game-changer 

in the understanding and management of 

uncertainty in the financial sector and among 

regulators. These analytics-driven approaches help 

predict risk, better support regulatory decision 

making, and create more resilient financial systems 

by making more timely and precise decisions and 

proactively addressing new threats. But if the 

application of analytics to financial risk 

management is to be successful for the future, 

there must be responsible implementation. 

Effective governance, transparency, cyber security 

protection, regulatory cooperation and human 

oversight should be in place to support advanced 

technologies. Data analytics, when managed 

appropriately, can be a strong base for developing 

a more adaptive, stable and resilient global 

financial system. 
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