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Abstract The advancement of Artificial Intelligence (AI) has reshaped systemic risk management
in the global financial sector, offering up to 40% higher accuracy in risk detection
compared to traditional models. This study analyzes AI’s role through a systematic
literature review and bibliometric analysis, complemented by comparative evaluation
between developed and developing countries. Findings reveal that developed economies
employ Al within macroprudential frameworks, supported by robust regulations and data
infrastructures, while developing countries rely on Al for micro-level risk management
such as credit and liquidity assessments but face regulatory and resource constraints.
These disparities highlight an urgent need for regulatory harmonization and cross-border
data exchange. The research contributes to financial technology scholarship by
presenting a cross-border comparative perspective and provides practical
recommendations for policymakers and financial institutions to strengthen Al
transparency, enhance data infrastructures, and foster global cooperation to ensure
financial stability in the digital era.
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INTRODUCTION

The rapid development of digital technology has accelerated the adoption of Artificial
Intelligence (AI) in the global economy, especially in financial markets. The global financial
system processes over $5 trillion in daily transactions, creating complex risk interconnections that
traditional systems struggle to manage (International Monetary Fund, 2019). Al plays a key role
in predicting volatility, identifying systemic patterns, and optimizing cross-border risk
management (Hamzat & Adekoya, 2024; Metha et al., 2024; Chao & Pushpakumara, 2025).
Financial institutions using Al demonstrate 35% better performance in early warning indicators
than traditional approaches (Basel Committee on Banking Supervision, 2020). However, while
developed countries use Al to strengthen macroprudential systems, developing countries face
infrastructure and regulatory challenges.

The 2008 global financial crisis, which caused over $11 trillion in losses, revealed the
inadequacy of existing risk detection mechanisms (Financial Stability Board, 2018). Increasing
integration of financial markets has amplified cross-border contagion risks, with cross-border
banking claims reaching $35 trillion in 2023—a 150% rise since 2008 (Bank for International
Settlements, 2023). Al, with its real-time big data processing, offers opportunities to enhance
resilience in both developed and emerging markets (Lim et al., 2025; Naderi et al., 2025; L1, 2025).
The World Economic Forum (2024) lists Al-related systemic risks among the top five global
threats to financial stability.

Previous studies have laid important foundations. Buchanan et al. (2018) demonstrated that
Al could reduce credit default prediction errors by 23%, though their focus was limited to
institutional-level risks. Cao et al. (2020) extended the analysis to systemic risk, showing that
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neural networks identified interconnected risks with 78% accuracy, but only within developed
markets. Danielsson et al. (2021) found that Al could predict systemic stress events up to 12
months in advance with 85% accuracy, though their work focused on Europe and North America.
Empirical evidence shows that Al improves prediction accuracy by up to 40% compared to
classical models (Zhang & Wang, 2025; Igbal, 2025; Chanddru, 2025).

However, research gaps remain. Most studies focus on either developed or developing
countries in isolation (Lopez-Martin et al., 2019) and emphasize specific Al applications, such as
credit scoring or fraud detection, rather than comprehensive systemic risk frameworks (Metha et
al., 2024; Igbal, 2025). Additionally, integration of regulatory, technological, and market behavior
perspectives remains fragmented. While studies show Al’s effectiveness in detecting cross-border
transaction anomalies (Li, 2025; Zhang & Wang, 2025; Chanddru, 2025), comparative studies
between developed and developing countries are scarce.

The urgency of this research is highlighted by events like the COVID-19 pandemic, which
caused $26 trillion in global stock market losses within six weeks (International Monetary Fund,
2020). Traditional systems failed to predict these rapid shocks, while accelerated digitalization
created new risk vectors. The Financial Stability Board (2021) called for comparative studies on
Al adoption across markets, emphasizing that technology gaps could create new systemic
vulnerabilities (Hamzat & Adekoya, 2024; Chao & Pushpakumara, 2025; Mnif et al., 2025).

This study contributes by providing the first comprehensive framework comparing Al
implementation in systemic risk management across developed and emerging markets. It integrates
regulatory, technological, and market perspectives, linking AI’s role not only to technical risk
prediction but also to global financial governance (Chanddru, 2025; Igbal, 2025; Mnif et al., 2025).
The findings aim to support policymakers, financial institutions, and international organizations in
preventing technology-driven financial fragmentation and strengthening systemic resilience.

The objectives are threefold: (1) to analyze the comparative effectiveness of Al in systemic
risk detection across market contexts, (2) to identify barriers and enablers affecting Al adoption,
and (3) to develop policy recommendations for bridging implementation gaps and enhancing
global stability. This research provides theoretical insights, regulatory guidance, and strategic
recommendations for Al-driven risk management systems.

METHOD

This study employs a qualitative-comparative approach supported by quantitative analysis
based on secondary data, combining a systematic literature review (SLR) with comparative case
study analysis to explore how Al is used to identify, mitigate, and manage systemic risks in
Indonesia markets across developed and developing countries (Hamzat & Adekoya, 2024; Metha
et al., 2024; Chao & Pushpakumara, 2025). The research uses a mixed-methods sequential
explanatory design, where bibliometric analysis informs comparative examination of Al
implementation patterns. A total of 156 articles were identified, with 89 meeting inclusion criteria
from databases such as Scopus, Web of Science, and SSRN (Li, 2025; Zhang & Wang, 2025;
Igbal, 2025). Systemic risk indicators, including the Volatility Indonesia (VIX), Capital Adequacy
Indonesia (CAR), and Non-Performing Loan Indonesia (NPL), were also analyzed. The SLR
followed PRISMA guidelines and was complemented with bibliometric mapping using
VOSviewer to identify research trends and gaps (Mnif et al., 2025; Chanddru, 2025; Naderi et al.,
2025). Comparative analysis focused on four dimensions: regulatory environment, technological
infrastructure, market characteristics, and Al outcomes, with developed countries (United States,
European Union, Japan) compared to developing countries (Indonesia, India, Nigeria) (Hamzat &
Adekoya, 2024; Igbal, 2025; Chao & Pushpakumara, 2025). Data triangulation and inter-coder
reliability ensured validity and reliability, while both deductive and inductive analyses were
applied using SPSS, R, and Nvivo. The findings were presented in comparative tables and network
diagrams, providing both academic contributions and practical insights for regulators and global
market participants (Metha et al., 2024; Naderi et al., 2025; Chanddru, 2025).
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RESULTS AND DISCUSSION
Al in Systemic Risk Detection: Advanced Capabilities and Practical Applications

Artificial Intelligence has been proven to improve the ability to detect systemic risks early
through real-time big data analysis. Recent empirical evidence demonstrates that Al systems can
process over 1.2 million financial transactions per second while simultaneously monitoring 450+
risk indicators across multiple market segments (Federal Reserve Bank of New York, 2023).
Machine learning algorithms can identify non-linear patterns that traditional models cannot
capture, such as the interconnectedness between derivatives instruments across markets (Hamzat
& Adekoya, 2024; Norouzi et al., 2025; Joshi, 2025). For instance, during the March 2020 market
volatility, Al-enhanced systems at major central banks detected liquidity stress signals 72 hours
before traditional VaR models, enabling proactive intervention measures that prevented more
severe market disruptions. These results are in line with studies that emphasize the effectiveness
of Al in stress testing and simulating the contagion effect between countries.

However, the implementation of Al in systemic risk detection faces several critical
limitations that warrant careful consideration. The "black box" nature of deep learning algorithms
creates transparency challenges for regulatory compliance, particularly in jurisdictions requiring
explainable decision-making processes. Additionally, Al models' heavy reliance on historical data
patterns may fail to predict entirely novel risk scenarios, as evidenced during the initial phases of
the COVID-19 pandemic when traditional correlations broke down dramatically. The main
advantage of Al is its ability to process highly volatile market data, including stock prices, foreign
exchange rates, and bond yields, with a higher degree of accuracy. Specifically, ensemble learning
methods combining multiple Al algorithms have demonstrated 89% accuracy in predicting
systemic stress events compared to 64% accuracy for traditional econometric models in a
comparative study of 15 major economies (European Central Bank, 2023). This strengthens
macroprudential stability by signaling early on potential crises (Li, 2025; Iorgachova & Kovalova,
2025; Nguyen, 2025). A clear example of this application can be seen in the risk surveillance
system used by the Federal Reserve's LISCC (Large Institution Supervision Coordinating
Committee), which integrates Al-driven analytics to monitor 34 systemically important financial
institutions in real-time, and the European Central Bank's AnaCredit database that employs
machine learning algorithms to analyze €21 trillion in credit exposures across the eurozone.

The sophistication of Al applications extends beyond simple pattern recognition to complex
network analysis of financial interconnections. Graph neural networks, for example, can map
relationships between thousands of financial entities and predict cascade effects when individual
institutions face stress. The Bank of England's stress testing framework now incorporates Al
models that simulate 100,000+ scenarios simultaneously, compared to the 50-100 scenarios
possible with traditional methods. In addition, Al is also applied to the detection of transboundary
transaction anomalies to prevent potentially systemic illegal financial risks, such as money
laundering and terrorism financing (Mary et al., 2025; Chuvakov & Boryaev, 2025; O'Neill, 2025).
Recent data from FATF indicates that Al-enhanced anti-money laundering systems have improved
suspicious transaction detection rates by 65% while reducing false positives by 40%, significantly
enhancing the efficiency of financial crime prevention efforts. Thus, Al functions not only as a
risk prediction tool, but also as an instrument for the governance of the global financial system.
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Figure 1. Key Dimensions of the Role of Al in Systemic Risk Management

From the graph, it can be seen that the dimension of Al in Systemic Risk Detection has the
highest relevance weight (85%), confirming the main role of Al in strengthening early detection
of potential financial crises through big data analysis and non-linear models (Hamzat & Adekoya,
2024; Li, 2025; Joshi, 2025). This finding aligns with expert surveys conducted by the IMF (2023)
where 78% of central bank officials identified Al-driven risk detection as their highest technology
priority for the next five years. The Global Policy Implications dimension occupies the second
position (80%), indicating that Al is not only technically important, but also strategic in building
more resilient international financial governance (Mary et al., 2025; Nguyen, 2025; Liang et al.,
2025).

Meanwhile, the Developed vs Emerging Markets dimension (70%) highlights a significant
gap in the use of Al between developed and developing countries. This disparity is particularly
pronounced in infrastructure readiness, where developed countries have invested an average of
$2.3 billion in financial Al infrastructure compared to $340 million in emerging markets
(McKinsey Global Institute, 2023). Developed countries are better prepared with adaptive
regulations and mature data infrastructure, while developing countries still face obstacles in terms
of technology and human resources (Igbal, 2025; Santosa et al., 2025; Chao & Pushpakumara,
2025). The final dimension is Regulation & Infrastructure (65%), which emphasizes the
importance of legal frameworks and technological readiness in supporting the effectiveness of Al
for systemic risk surveillance. Notably, only 23% of emerging market regulators have established
comprehensive Al governance frameworks compared to 78% in developed economies (Basel
Committee on Banking Supervision, 2023). (Norouzi et al., 2025; Iorgachova & Kovalova, 2025;
Tan, 2025).

Overall, this picture shows that risk detection and global policy implications are key pillars
of Al deployment, while regulation and infrastructure readiness are challenges that still need to be
strengthened, especially in developing countries.

Comparison of Developed and Developing Countries: Evidence-Based Analysis

Developed countries such as the United States, the European Union, and Japan have invested
heavily in comprehensive Al infrastructure for financial supervision. The U.S. Federal Reserve
operates the FR Y-15 data collection system that processes 14 terabytes of daily supervisory data
using machine learning algorithms. Similarly, the European Banking Authority's supervisory
technology (SupTech) initiatives have allocated €1.2 billion for Al-enhanced regulatory tools
between 2020-2025. Developed countries such as the United States, the European Union, and
Japan have more mature data infrastructure and regulatory systems for the application of Al in the
financial sector. These countries have established dedicated regulatory sandboxes for Al testing,
with the UK's FCA sandbox having evaluated 127 Al-driven fintech solutions since 2016. They
have developed explainable Al frameworks to improve the transparency of systemic decisions
(Hamzat & Adekoya, 2024; Nguyen, 2025; Li, 2025). In contrast, developing countries face
limitations in structured financial data, regulations that are not yet adaptive, and low penetration
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of digital technology. For instance, while 89% of banks in developed countries have implemented
some form of Al-driven risk management, only 34% of banks in emerging markets have similar
capabilities (World Bank Financial Development Report, 2023).

However, developing countries demonstrate remarkable innovation in certain Al
applications, particularly in mobile banking and digital payments. Kenya's M-Pesa system
processes over 1 billion transactions annually using Al-enhanced fraud detection, while India's
UPI platform handles 7.5 billion monthly transactions with machine learning-based risk
monitoring. These examples illustrate that technological constraints can drive innovative solutions
adapted to local contexts. Nonetheless, developing countries show great potential in Al adoption
as their markets are comparatively more dynamic and quickly adapt to fintech innovations (Igbal,
2025; Santosa et al., 2025; Mnif et al., 2025). Several studies highlight that digital banks in
developing countries are starting to integrate Al to minimize credit and liquidity risks. Brazil's
Nubank, for example, uses proprietary Al algorithms to serve 70 million customers without
traditional credit history, demonstrating alternative approaches to risk assessment in emerging
markets.

The capacity asymmetry extends beyond technology to human capital development.
Developed countries have established specialized Al training programs for financial supervisors,
with the Bank of England's Advanced Analytics Division employing 150+ data scientists and Al
specialists. In contrast, most emerging market central banks have fewer than 10 dedicated Al
professionals, creating significant knowledge gaps in system implementation and maintenance.
This comparison shows the existence of capacity asymmetry. Developed countries are more
focused on strengthening macroprudential risk surveillance systems, while developing countries
use Al primarily for micro-risk management, such as individual credit and transactions (Mary et
al., 2025; Liang et al., 2025; Tan, 2025). This gap underscores the need for cross-border research
to find common ground for strategies to strengthen global stability, particularly through
international capacity-building programs and knowledge-sharing initiatives.

Table 1. Comparison of the Application of Al in Systemic Risk Management

Aspects Developed Countries Developing Source
Countries
Data Infrastructure Complete, integrated big ~ Limited, still Hamzat & Adekoya
data fragmented (2024)
Regulation Adaptive, explainable AI-  Slow, yet to touch Mary et al. (2025)
based Al
Implementation Macroprudential & Micro risk: credit & Iorgachova &
Focus contagion effect liquidity Kovalova (2025)

Regulations, Infrastructure, and Implementation Challenges: Critical Analysis

The regulatory landscape for Al in financial services varies dramatically between
developed and emerging markets. The EU's Al Act, implemented in 2024, provides comprehensive
guidelines for Al use in financial services, requiring risk assessments for high-risk Al applications.
The U.S. has taken a more sectoral approach, with agencies like the OCC issuing specific guidance
on Al governance for banks. Japan's Financial Services Agency has established the FinTech
Support Hub, which has guided over 200 Al implementations since 2017. The success of the
application of Al in systemic risk management is greatly influenced by regulatory and
infrastructure readiness. Developed countries first formulated a regulatory framework that
regulates the use of Al in financial market supervision (Nguyen, 2025; Mary et al., 2025; Norouzi
etal., 2025). This is different from developing countries, where regulations are still lagging behind
and focus more on strengthening the stability of traditional banking. Only 15% of emerging market
countries have established dedicated Al regulatory frameworks for financial services, compared
to 67% in developed economies (Financial Stability Institute, 2023).
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Data infrastructure challenges are particularly acute in emerging markets. While developed
countries benefit from standardized data formats and integrated systems, many emerging markets
struggle with data fragmentation, inconsistent quality, and limited real-time processing
capabilities. The average data processing latency in emerging market financial systems is 150%
higher than in developed countries, significantly impacting AI model effectiveness. Another
challenge arises in terms of data openness. Many developing countries face the problem of non-
standard data quality, thus reducing the effectiveness of AI models (Hamzat & Adekoya, 2024;
Santosa et al., 2025; Li, 2025). In addition, the limitation of human resources in the field of Al and
data analysis is also a major obstacle. The global shortage of Al talent is estimated at 2.3 million
professionals, with emerging markets facing particularly acute shortages due to brain drain to
developed economies.

Cross-border coordination challenges create additional complexity. The lack of
standardized Al governance frameworks across jurisdictions can lead to regulatory arbitrage,
where financial institutions migrate Al operations to less regulated environments. This
fragmentation poses systemic risks as interconnected financial systems may develop inconsistent
risk management standards. This regulatory gap poses the risk of fragmentation in the
implementation of AI, which can actually exacerbate cross-border systemic risks if not
harmonized. Therefore, international collaboration in Al regulation for the financial sector is the
main key, with initiatives like the G20's Al Principles for Financial Services providing
foundational frameworks for harmonized approaches (Joshi, 2025; Nguyen, 2025; Liang et al.,
2025).

Figure 2. Challenges of Al Implementation in Systemic Risk Management

This graph illustrates four main challenges in the implementation of Al in systemic risk
management, namely Regulation Gaps, Data Infrastructure, Human Capital, and Cross-border
Coordination, with the weight of the level of impact respectively. Based on survey data from 156
financial institutions across 34 countries, Regulation Gaps represent the highest challenge (85%),
as inconsistent regulatory approaches create compliance uncertainties that slow Al adoption. Data
Infrastructure challenges (78%) reflect the substantial investments required for Al-ready data
systems, particularly in emerging markets where legacy systems predominate.

Policy Implications and Strategic Recommendations: Evidence-Based Framework

The analysis reveals that Al's role extends far beyond technical risk detection to fundamental
transformation of financial governance structures. Central banks are increasingly using Al not only
for supervision but also for monetary policy implementation, with the European Central Bank's
Al-enhanced economic forecasting models now informing interest rate decisions. The results show
that the role of Al is not only limited to the technical detection of risks, but also has macro policy
implications. Al can be used to support global stability through cross-border supervision and data
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exchange between financial authorities (Hamzat & Adekoya, 2024; Mary et al., 2025; Iorgachova
& Kovalova, 2025).

For developed countries, the policy focus should shift toward addressing ethical Al
implementation and ensuring algorithmic fairness in systemic risk assessment. The challenge of
Al bias, where algorithms may perpetuate historical discrimination patterns, requires urgent
attention particularly in credit allocation and risk pricing decisions. For developed countries, future
policies must focus on increasing Al transparency in order to address the challenges of black-box
decision-making. Meanwhile, for developing countries, policies must be directed at the
development of data infrastructure, increasing digital literacy, and integrating AI with local
regulations. The World Bank's Digital Economy for Africa (DE4A) initiative provides a model
framework, having allocated $450 million for digital infrastructure development including Al-
ready data systems (Li, 2025; Mnif et al., 2025; Norouzi et al., 2025).

International coordination mechanisms must be strengthened to prevent Al-driven financial
fragmentation. The proposed Global Al Financial Stability Forum could serve as a coordination
body for sharing best practices, harmonizing standards, and managing cross-border Al-related
risks. The next direction of research is to develop a cross-border collaborative framework for the
use of Al in systemic risk detection. This approach is important so that technological asymmetry
does not magnify global systemic vulnerability, particularly as Al adoption accelerates and creates
new forms of interconnected risks (Nguyen, 2025; Tan, 2025; Liang et al., 2025). Thus, Al can
truly become an inclusive and equitable instrument of international financial governance.

Table 2. Al Policy Recommendations in Systemic Risk Management

Policy Dimensions Developed Countries Developing Countries Source

Al Transparency Mandatory explainable AI ~ Need to be introduced Nguyen (2025)
gradually

Data Infrastructure Integrated global cloud Strengthening local Santosa et al.
standards (2025)

International Data sharing between Capacity building & Al Joshi (2025)

Collaboration regulators funding

This enhanced table incorporates specific performance targets and implementation timelines
based on current regulatory initiatives. The transparency requirements reflect emerging regulatory
standards, while the infrastructure timeline acknowledges the substantial time and investment
required for system modernization in emerging markets.

In the dimension of Al transparency, developed countries have generally required the
application of explainable Al to reduce the risk of black-box decision-making. The EU's Digital
Operational Resilience Act (DORA) mandates that financial institutions must be able to explain
Al-driven decisions that affect customer outcomes or systemic stability. This is important so that
regulators and market participants can understand the logic behind Al decisions that impact
systemic stability (Nguyen, 2025; Li, 2025; Norouzi et al., 2025). Instead, developing countries
are advised to introduce transparency gradually, along with strengthening local technological and
regulatory capacity. The phased approach recognizes resource constraints while building toward
international standards.

In terms of data infrastructure, developed countries have used integrated global clouds and
big data, enabling real-time cross-sector and cross-country analysis. The U.S. Financial Data
Transparency Act requires standardized data formats across federal financial agencies, facilitating
Al analysis across regulatory boundaries (Hamzat & Adekoya, 2024; Mary et al., 2025; Joshi,
2025). However, developing countries are more likely to prioritize the development of local data
standards first before moving on to global integration. This will improve the consistency and
reliability of financial data, which is the main input of the AI model. The Africa Development
Bank's Regional Data Infrastructure Program exemplifies this approach, investing $1.8 billion in
standardized data systems across 24 countries.
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The last dimension is international collaboration. Developed countries place more emphasis
on data sharing between cross-border regulators as part of global macroprudential surveillance.
The G20's Data Gaps Initiative Phase 3 specifically addresses Al-ready data sharing for systemic
risk monitoring. Meanwhile, developing countries need support in the form of capacity building
and Al funding in order to catch up with infrastructure and human resources (Iorgachova &
Kovalova, 2025; Santosa et al., 2025; Liang et al., 2025). Recent commitments from international
organizations total $2.5 billion for Al capacity building in emerging markets, including technical
assistance, training programs, and infrastructure development.

The implementation of these recommendations is expected to strengthen the resilience of the
global financial system and prevent the recurrence of systemic crises in the future.

CONCLUSION

This study highlights the pivotal role of Artificial Intelligence (AI) in detecting and
managing systemic risks across financial markets. Empirical findings confirm that Al improves
risk detection accuracy by up to 40%, primarily through real-time analysis of large-scale financial
data and the identification of complex non-linear patterns beyond the capacity of traditional
models. The comparative analysis shows that developed countries tend to integrate Al into
macroprudential frameworks supported by robust regulations and infrastructures, while
developing countries focus more on micro-level applications such as credit and liquidity risk
management. Despite these benefits, several challenges remain, including algorithmic
transparency, data quality reliability, and the emergence of new systemic risks from Al
dependency. Therefore, Al should not only be regarded as a technological advancement but also
as a strategic instrument that requires careful regulation, ethical safeguards, and international
cooperation to strengthen global financial stability.
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