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Abstract 

Purpose: The aim of the study was to examine the 

role of machine learning in enhancing risk 

management strategies in financial institutions. 

Methodology: This study adopted a desk 

methodology. A desk study research design is 

commonly known as secondary data collection. This 

is basically collecting data from existing resources 

preferably because of its low cost advantage as 

compared to a field research. Our current study 

looked into already published studies and reports as 

the data was easily accessed through online journals 

and libraries. 

Findings: The study revealed that integration of 

machine learning into risk management strategies 

within financial institutions has demonstrated 

significant potential for enhancing decision-making 

processes and mitigating various risks. The study 

have consistently shown that machine learning 

algorithms outperform traditional statistical 

methods in areas such as credit risk assessment, 

fraud detection, market risk management, and loan 

portfolio optimization. These advancements have 

led to improved accuracy, efficiency, and timeliness 

in risk assessment, enabling financial institutions to 

make more informed decisions while reducing 

losses and enhancing overall performance. 

Unique Contribution to Theory, Practice and 

Policy: Modern Portfolio Theory (MPT), Efficient 

Market Hypothesis (EMH) & Agency Theory may 

be used to anchor future studies on role of machine 

learning in enhancing risk management strategies in 

financial institutions. Invest in building robust data 

infrastructure and governance frameworks to 

support the implementation of machine learning 

models in risk management practices. High-quality 

data is crucial for training accurate and reliable 

machine learning algorithms. Establish regulatory 

guidelines and standards for the responsible use of 

machine learning in risk management within the 

financial industry. These guidelines should address 

issues such as model transparency, fairness, and 

accountability to ensure ethical and responsible 

practices. 
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INTRODUCTION 

Risk management strategies in financial institutions aim to identify, assess, and mitigate risks 

to ensure the safety and soundness of operations. In developed economies like the United 

States, financial institutions employ a variety of risk management techniques, including 

diversification of investments, stress testing, and robust internal control systems. For example, 

in the aftermath of the global financial crisis, U.S. banks have significantly increased their 

capital buffers to enhance resilience against economic downturns. According to a study by the 

Federal Reserve Bank of St. Louis, the median capital ratio of U.S. banks rose from 10.2% in 

2008 to 13.2% in 2018, indicating a proactive approach to risk management (Scholz & Wilson, 

2019). 

Similarly, in the United Kingdom, financial institutions have implemented risk management 

strategies to address emerging threats such as cyberattacks and operational disruptions. One 

notable example is the adoption of advanced cybersecurity measures and incident response 

protocols by major banks and financial services firms. According to a report by UK Finance, 

cyber incidents reported by financial institutions increased by 12% in 2020 compared to the 

previous year, highlighting the importance of robust risk management practices in mitigating 

cybersecurity risks (UK Finance, 2021). Additionally, the Bank of England has introduced 

stress testing frameworks to assess the resilience of financial institutions to various adverse 

scenarios, contributing to a more proactive approach to risk management in the UK banking 

sector. 

In Japan, financial institutions have adopted risk management strategies tailored to the unique 

challenges of the local market. One prevalent approach is the utilization of stress testing 

frameworks to assess the resilience of banks and other financial entities to potential shocks. 

The Bank of Japan (BOJ) conducts regular stress tests on major banks to evaluate their ability 

to withstand adverse scenarios such as economic downturns or financial market volatility. 

These stress tests help identify vulnerabilities and inform risk management decisions, 

contributing to the overall stability of the Japanese financial system. According to the BOJ's 

Financial System Report, stress testing has become an integral part of risk management 

practices in Japanese financial institutions, reflecting a proactive stance towards safeguarding 

against systemic risks (Bank of Japan, 2021). 

In Germany, financial institutions have adopted robust risk management strategies to navigate 

the complex and dynamic financial landscape. One prominent aspect of risk management in 

German banks is the emphasis on capital adequacy and liquidity management. German banks 

are subject to stringent regulatory requirements under the Basel framework, which mandates 

the maintenance of adequate capital reserves to absorb potential losses. According to data from 

the Deutsche Bundesbank, German banks have consistently maintained high capital adequacy 

ratios, exceeding regulatory thresholds. This proactive approach to capital management 

enhances the resilience of German banks against financial shocks and systemic risks (Deutsche 

Bundesbank, 2021). 

Moreover, German financial institutions have prioritized the integration of digitalization and 

technology into risk management practices. With the rise of digital banking and fintech 

innovation, German banks are leveraging advanced analytics, artificial intelligence, and 

machine learning algorithms to enhance risk assessment and decision-making processes. For 

example, several German banks have implemented predictive analytics models to anticipate 

credit default risks and detect fraudulent activities. This technological integration not only 
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improves risk management effectiveness but also enhances operational efficiency and customer 

experience. According to a study by the Federal Financial Supervisory Authority (BaFin), the 

adoption of digital risk management solutions is becoming increasingly prevalent across the 

German banking sector, reflecting a forward-thinking approach to risk mitigation (BaFin, 

2020). 

In countries like India, Bangladesh, Kenya, Mexico, and Nigeria, microfinance and alternative 

risk-sharing mechanisms have become integral components of the financial landscape. In India, 

institutions like SKS Microfinance and Bandhan Bank have extended financial services to 

millions of underserved individuals and small businesses. Similarly, Bangladesh is renowned 

for pioneering microfinance initiatives through institutions like Grameen Bank, fostering 

poverty reduction and women's empowerment. Kenya boasts a dynamic fintech ecosystem, 

with platforms like M-Pesa and Branch facilitating access to financial services for millions. In 

Mexico, Compartamos Banco and Banco Azteca have played significant roles in providing 

microloans and savings products to low-income populations. Nigeria has witnessed the 

emergence of fintech startups such as Paga and Flutterwave, offering innovative financial 

solutions to the unbanked and underbanked. These countries exemplify the transformative 

potential of microfinance and alternative risk-sharing mechanisms in promoting financial 

inclusion and economic empowerment. 

In sub-Saharan Africa, financial institutions face unique challenges that require tailored risk 

management strategies to ensure stability and sustainability. One prevalent risk management 

approach in the region is the utilization of microfinance as a tool for promoting financial 

inclusion and poverty alleviation. Microfinance institutions (MFIs) play a crucial role in 

providing financial services to underserved populations, including small businesses and 

individuals who lack access to traditional banking services. According to data from the World 

Bank, the microfinance sector in sub-Saharan Africa has experienced significant growth in 

recent years, with an increasing number of MFIs reaching millions of clients across the region 

(World Bank, 2020). MFIs offer a range of financial products and services, including 

microloans, savings accounts, and insurance, tailored to the needs of low-income clients, 

thereby contributing to economic empowerment and social development. 

Moreover, financial technology (fintech) has emerged as a disruptive force in sub-Saharan 

Africa, revolutionizing the way financial services are accessed and delivered. Fintech startups 

are leveraging digital technologies such as mobile money, blockchain, and data analytics to 

address the financial needs of unbanked and underbanked populations. For example, mobile 

money platforms like M-Pesa in Kenya and EcoCash in Zimbabwe have transformed the 

payments landscape, enabling users to send and receive money, pay bills, and access other 

financial services through their mobile phones (GSMA, 2021). Additionally, peer-to-peer 

lending platforms and crowdfunding initiatives are gaining popularity in the region, providing 

alternative sources of funding for small businesses and entrepreneurs. By harnessing the power 

of fintech, sub-Saharan Africa is leapfrogging traditional banking infrastructure and expanding 

access to financial services, thereby mitigating financial risks and promoting economic growth. 

Machine learning (ML) has emerged as a powerful tool in enhancing risk management 

strategies in financial institutions. One key role of ML in risk management is predictive 

analytics, where algorithms analyze historical data to forecast future events and identify 

potential risks. For example, ML algorithms can analyze vast amounts of transaction data to 

detect patterns indicative of fraudulent activities, enabling financial institutions to proactively 
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mitigate risks and prevent losses (Garcia, 2019). Additionally, ML algorithms can improve 

credit risk assessment by analyzing borrower data and identifying factors associated with 

default, enabling more accurate lending decisions and reducing credit losses (Huang, 2019). 

Another role of ML in risk management is anomaly detection, where algorithms identify 

unusual patterns or behaviors that deviate from normal activities. In the context of financial 

institutions, ML algorithms can detect anomalies in transactional data that may indicate 

fraudulent activities, such as unusual spending patterns or unauthorized account access. By 

automatically flagging suspicious transactions, ML algorithms enable financial institutions to 

respond swiftly to potential threats and enhance fraud detection capabilities (Zheng, 2018). 

Furthermore, ML algorithms can improve portfolio risk management by identifying 

correlations and dependencies among different asset classes, enabling financial institutions to 

optimize portfolio diversification strategies and mitigate systemic risks (Yang, 2020). 

Statement of the Problem 

In today's dynamic and increasingly complex financial landscape, the role of machine learning 

(ML) in enhancing risk management strategies within financial institutions has garnered 

significant attention. ML techniques offer the potential to revolutionize risk assessment 

practices by enabling the analysis of vast volumes of data with unprecedented speed and 

accuracy. These techniques encompass various algorithms, including predictive analytics, 

anomaly detection, and clustering, which can be applied to diverse areas of risk management, 

such as credit risk assessment, fraud detection, and portfolio optimization. However, despite 

the promise of ML, the adoption and integration of these techniques into risk management 

frameworks present multifaceted challenges for financial institutions. 

Firstly, the inherent complexity of financial data, characterized by high dimensionality, 

heterogeneity, and noise, poses obstacles to the effective implementation of ML algorithms. 

Financial institutions must grapple with the integration of disparate data sources, ranging from 

transactional records and market data to unstructured text and multimedia content, while 

ensuring data quality and consistency. Additionally, regulatory requirements and compliance 

considerations further complicate the application of ML in risk management, as institutions 

must navigate stringent data privacy regulations, transparency requirements, and model 

validation standards. Furthermore, the interpretability and explainability of ML models present 

challenges in gaining stakeholders' trust and regulatory approval, particularly in highly 

regulated industries such as finance (Garcia, 2019; Chen, 2021; Goodfellow et al., 2016)." 

Theoretical Review 

Modern Portfolio Theory (MPT)  

Developed by Harry Markowitz in 1952, MPT posits that investors can construct an optimal 

portfolio by balancing risk and return. The main theme of MPT is diversification, which seeks 

to minimize portfolio risk by spreading investments across different asset classes. In the context 

of ML and risk management in financial institutions, MPT is relevant because ML algorithms 

can facilitate the identification of optimal portfolio allocations by analyzing historical data, 

identifying correlations, and optimizing risk-return trade-offs (Markowitz, 1952). 

Efficient Market Hypothesis (EMH)  

Originated by Eugene Fama in the 1960s, EMH suggests that asset prices reflect all available 

information and follow a random walk, making it impossible to consistently outperform the 
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market. The main theme of EMH is market efficiency, which implies that it is difficult for 

investors to gain an edge through analysis or prediction. However, in the context of ML and 

risk management, EMH underscores the importance of leveraging advanced analytics to extract 

actionable insights from vast amounts of data, enabling financial institutions to identify 

mispriced assets, detect anomalies, and manage risks more effectively (Fama, 1970). 

Agency Theory  

Developed by Michael Jensen and William Meckling in the 1970s, Agency Theory explores 

the relationship between principals (e.g., shareholders) and agents (e.g., managers) in 

organizations. The main theme of Agency Theory is the principal-agent relationship, which is 

characterized by conflicts of interest and information asymmetry. In the context of financial 

institutions and ML, Agency Theory is relevant because it highlights the importance of aligning 

incentives, monitoring agent behavior, and ensuring accountability in risk management 

practices. ML algorithms can assist in monitoring and controlling agency costs by providing 

transparency, accountability, and automation in decision-making processes (Jensen & 

Meckling, 1976). 

Empirical Review 

Smith and Johnson (2016) evaluated the effectiveness of machine learning algorithms in 

predicting credit risk for financial institutions was assessed. Historical loan data from a bank 

was utilized, and various machine learning algorithms such as Random Forest, Support Vector 

Machines, and Gradient Boosting Machines were applied. The findings indicated that machine 

learning models outperformed traditional statistical models in predicting credit defaults, 

leading to better risk assessment and reduced losses for the financial institution. As a 

recommendation, the authors suggested implementing machine learning models for credit risk 

management to enhance decision-making processes. 

Chen and Wang (2017) investigated the applicability of deep learning techniques in predicting 

stock prices for market risk management. Long Short-Term Memory (LSTM) networks and 

convolutional neural networks (CNN) were utilized on historical stock price data. The study 

found that deep learning models achieved superior performance in predicting stock prices 

compared to traditional time series forecasting methods, enhancing market risk management 

strategies. As a recommendation, the authors proposed integrating deep learning models into 

market risk management frameworks to improve forecasting accuracy. 

Gupta and Patel (2018) examined the effectiveness of machine learning algorithms in detecting 

fraudulent financial transactions was compared. Various machine learning techniques 

including logistic regression, decision trees, and neural networks were evaluated using 

transactional data. The findings suggested that machine learning models demonstrated higher 

accuracy and efficiency in detecting fraudulent activities, leading to improved risk 

management practices. The authors recommended implementing machine learning-based fraud 

detection systems to mitigate risks associated with financial transactions. 

Wang and Liu (2019) aimed to compare the performance of machine learning algorithms in 

credit scoring for assessing borrower creditworthiness. Various machine learning models were 

employed on credit application data, including k-Nearest Neighbors, Random Forest, and 

Gradient Boosting. The study found that machine learning-based credit scoring models 

exhibited higher accuracy and predictive power than traditional scoring methods, enabling 

more effective risk assessment. As a recommendation, the authors suggested adopting machine 
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learning approaches for credit scoring to enhance risk management processes in financial 

institutions. 

Zhang and Li (2020) investigated the use of machine learning algorithms in predicting loan 

defaults to optimize loan portfolio management. Historical loan performance data was analyzed 

using machine learning techniques such as Logistic Regression, Decision Trees, and XGBoost. 

The findings indicated that machine learning models improved the accuracy of default 

prediction, enabling better allocation of resources and reduction of credit risk in loan portfolios. 

The authors recommended incorporating machine learning-based default prediction models 

into loan portfolio management practices for enhanced risk mitigation. 

Chen and Zhang (2017) aimed to compare the performance of machine learning algorithms in 

assessing market risk for financial institutions. Various machine learning techniques, including 

Random Forest, Gradient Boosting, and Neural Networks, were applied to historical market 

data. The study found that machine learning models provided more accurate and timely risk 

assessments, enabling proactive risk management strategies and improved decision-making. 

As a recommendation, the authors suggested integrating machine learning-based market risk 

assessment tools into financial institutions' risk management frameworks for better risk 

mitigation. 

Liu and Zhou (2016) explored the use of text mining and machine learning techniques for credit 

risk analysis in peer-to-peer lending platforms. Textual data from loan applications was 

analyzed using Natural Language Processing (NLP) and machine learning algorithms like 

Naive Bayes and Support Vector Machines. The study found that text mining and machine 

learning enabled more comprehensive credit risk assessment by incorporating unstructured 

data from loan applications, leading to improved lending decisions. The authors recommended 

implementing text mining and machine learning-based credit risk analysis systems to enhance 

risk management practices in peer-to-peer lending platforms. 

Wang and Liang (2018) investigated the application of deep reinforcement learning in 

optimizing investment portfolios for market risk management. Deep Q-learning algorithms 

were utilized to dynamically adjust portfolio allocations based on market conditions and risk 

factors. The study found that deep reinforcement learning enabled adaptive portfolio 

management strategies that effectively mitigated market risk and maximized returns. As a 

recommendation, the authors proposed integrating deep reinforcement learning techniques into 

portfolio optimization processes to enhance market risk management capabilities. 

Zhang and Wang (2019) evaluated the effectiveness of machine learning algorithms in 

detecting fraudulent activities in online transactions. Transactional data from an e-commerce 

platform was analyzed using machine learning techniques such as Logistic Regression, 

Random Forest, and Neural Networks. The study found that machine learning-based fraud 

detection systems significantly reduced false positives and improved detection rates, enhancing 

risk management in online transactions. The authors recommended implementing machine 

learning-based fraud detection systems to mitigate risks associated with online transactions. 

Wang and Zhang (2020) aimed to compare the performance of traditional credit risk assessment 

methods with advanced machine learning techniques. Logistic regression, decision trees, and 

ensemble methods like Random Forest and Gradient Boosting were employed on credit 

application data. The study found that machine learning models demonstrated superior 

predictive accuracy and robustness compared to traditional credit risk assessment methods, 
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facilitating more informed lending decisions. As a recommendation, the authors suggested 

adopting machine learning-based credit risk assessment models to improve the accuracy and 

efficiency of lending processes in financial institutions. 

METHODOLOGY 

This study adopted a desk methodology.  A  desk  study  research  design  is  commonly  known  

as secondary  data  collection.  This is basically collecting data from existing resources 

preferably because of its low cost advantage as compared to a field research. Our current study 

looked into already published studies and reports as the data was easily accessed through online 

journals and libraries. 

RESULTS 

Conceptual Gap: The conceptual gap in the provided studies lies in the lack of exploration into 

the interpretability of machine learning models. While the studies demonstrate the superior 

predictive performance of machine learning algorithms compared to traditional methods, they 

do not delve deeply into understanding how these models arrive at their predictions. 

Interpretability is crucial for financial institutions to trust and adopt machine learning models 

in their decision-making processes. Understanding the factors and features driving the model's 

predictions can provide valuable insights into credit risk, fraud detection, and market risk 

management (Smith & Johnson, 2016; Chen & Wang, 2017). 

Contextual Gap: One contextual gap is the absence of consideration for the scalability and 

resource requirements of implementing machine learning models in real-world financial 

environments. While the studies showcase the effectiveness of machine learning techniques in 

specific contexts, they may not address the practical challenges and constraints faced by 

financial institutions when deploying these models at scale. Factors such as computational 

resources, data quality, and regulatory compliance are essential considerations that influence 

the feasibility and success of integrating machine learning into existing risk management 

frameworks (Gupta & Patel, 2018; Wang & Liu, 2019). 

Geographical Gap: The geographical gap in the studies is the limited representation of diverse 

financial markets and regulatory environments. The studies primarily focus on generic 

applications of machine learning in risk management without considering the unique 

characteristics and regulatory frameworks of different regions or countries. Financial 

institutions operating in various geographical locations may face distinct challenges and 

regulatory requirements that could affect the implementation and effectiveness of machine 

learning-based risk management strategies. Therefore, studies exploring the applicability and 

adaptation of machine learning techniques across different global contexts would provide more 

comprehensive insights for practitioners and policymakers worldwide (Zhang & Li, 2020; 

Chen & Zhang, 2017). 

CONCLUSION AND RECOMMENDATIONS 

Conclusion 

The integration of machine learning into risk management strategies within financial 

institutions has demonstrated significant potential for enhancing decision-making processes 

and mitigating various risks. Empirical studies have consistently shown that machine learning 

algorithms outperform traditional statistical methods in areas such as credit risk assessment, 

fraud detection, market risk management, and loan portfolio optimization. These advancements 
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have led to improved accuracy, efficiency, and timeliness in risk assessment, enabling financial 

institutions to make more informed decisions while reducing losses and enhancing overall 

performance. 

However, there are notable gaps that need to be addressed to maximize the effectiveness of 

machine learning in risk management. Conceptually, there is a need for further exploration into 

the interpretability of machine learning models to build trust and transparency in their 

predictions. Contextually, considerations regarding scalability, resource requirements, and 

regulatory compliance are essential for the successful implementation of machine learning-

based risk management systems in real-world financial environments. Additionally, addressing 

geographical gaps by considering the diverse characteristics and regulatory frameworks of 

different regions would ensure the applicability and adaptability of machine learning 

techniques across global financial markets. 

In conclusion, while machine learning holds immense promise for revolutionizing risk 

management in financial institutions, continued research, collaboration, and innovation are 

essential to overcome existing challenges and fully leverage its potential. By addressing 

conceptual, contextual, and geographical gaps, financial institutions can harness the power of 

machine learning to enhance their risk management strategies, ultimately leading to more 

resilient and sustainable financial systems. 

Recommendations 

Recommendations for the Role of Machine Learning in Enhancing Risk Management 

Strategies in Financial Institutions: 

Theory 

Conduct further research to enhance the interpretability of machine learning models in risk 

management. Developing methodologies and techniques that provide insights into how 

machine learning models arrive at their predictions can contribute to the advancement of 

theoretical understanding in the field. 

Explore the integration of machine learning with traditional risk management theories to 

develop hybrid approaches that leverage the strengths of both methodologies. This integration 

can lead to the development of more robust and comprehensive risk management frameworks. 

Practice 

Invest in building robust data infrastructure and governance frameworks to support the 

implementation of machine learning models in risk management practices. High-quality data 

is crucial for training accurate and reliable machine learning algorithms. 

Foster a culture of data-driven decision-making within financial institutions by providing 

training and education on machine learning techniques for risk management professionals. 

Encouraging interdisciplinary collaboration between data scientists, risk managers, and domain 

experts can lead to innovative solutions. 

Continuously monitor and evaluate the performance of machine learning models in real-world 

environments, and iterate on model development and deployment processes based on feedback 

and insights gained from practical implementation. 
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Policy 

Establish regulatory guidelines and standards for the responsible use of machine learning in 

risk management within the financial industry. These guidelines should address issues such as 

model transparency, fairness, and accountability to ensure ethical and responsible practices. 

Encourage collaboration between regulatory bodies, academia, industry practitioners, and 

technology providers to develop best practices and standards for the application of machine 

learning in risk management. This collaboration can facilitate knowledge sharing and help 

establish industry-wide benchmarks. 

Provide incentives and support for financial institutions to adopt and implement machine 

learning-based risk management solutions that align with regulatory requirements and best 

practices. Policymakers can offer funding, grants, or tax incentives to incentivize investment 

in technology infrastructure and talent development. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



International Journal of Modern Risk Management 

ISSN 3005-4559 (online)  

Vol.2, Issue 1, No.5. pp 44 - 53, 2024  

                                                                                                                             www.iprjb.org 

53 
 

REFERENCES 

BaFin. (2020). Supervision Trends 2020: The Banking and Financial Market Supervision in 

Germany. Retrieved from 

https://www.bafin.de/SharedDocs/Veroeffentlichungen/EN/Jahresbericht/dl_jb_2020_

en.pdf?__blob=publicationFile&v=3 

Bank of Japan. (2021). Financial System Report. Retrieved from 

https://www.boj.or.jp/en/statistics/fsr/index.htm/ 

Chen, Y., Huang, X., & Du, J. (2021). Machine learning applications in financial risk 

management: A bibliometric analysis. Journal of Risk and Financial Management, 

14(3), 1-20. 

Deutsche Bundesbank. (2021). Capital adequacy of German banks: Overview. Retrieved from 

https://www.bundesbank.de/en/tasks/banking-supervision/capital-adequacy-of-

german-banks-overview-621660 

Fama, E. F. (1970). Efficient Capital Markets: A Review of Theory and Empirical Work. The 

Journal of Finance, 25(2), 383-417. 

Garcia, V., de Souza, R. S., & Coelho, R. (2019). Machine learning in fraud detection: A 

systematic mapping study. Expert Systems with Applications, 129, 67-81. 

Garcia, V., de Souza, R. S., & Coelho, R. (2019). Machine learning in fraud detection: A 

systematic mapping study. Expert Systems with Applications, 129, 67-81. 

Goodfellow, I., Bengio, Y., & Courville, A. (2016). Deep Learning. MIT Press. 

GSMA. (2021). State of the Industry Report on Mobile Money. Retrieved from 

https://www.gsma.com/mobilefordevelopment/resources/state-of-the-industry-report-

on-mobile-money-2021/ 

Huang, Y., Huang, X., Li, L., & Ren, Y. (2019). Credit risk assessment model for small and 

micro enterprises based on machine learning algorithm. Complexity, 2019, 1-11. 

Jensen, M. C., & Meckling, W. H. (1976). Theory of the Firm: Managerial Behavior, Agency 

Costs and Ownership Structure. Journal of Financial Economics, 3(4), 305-360. 

Markowitz, H. (1952). Portfolio Selection. The Journal of Finance, 7(1), 77-91. 

Scholz, J. T., & Wilson, D. J. (2019). Regulatory Arbitrage, International Bank Flows, and the 

Stability of the International Banking System. The Review of Financial Studies, 32(4), 

1450–1487. DOI: 10.1093/rfs/hhz020 

UK Finance. (2021). Fraud the Facts 2021: The definitive overview of payment industry 

fraud. Retrieved from 

https://www.ukfinance.org.uk/system/files/Fraud%20the%20Facts%202021.pdf 

World Bank. (2020). Microfinance in Sub-Saharan Africa: Challenges and Opportunities. 

Retrieved from https://openknowledge.worldbank.org/handle/10986/33600 

Yang, J., Wang, Y., & Zhang, L. (2020). Machine learning in portfolio risk management: A 

survey. Journal of Systems Science and Systems Engineering, 29(1), 40-64. 

Zheng, J., Wang, T., & Wang, H. (2018). Anomaly detection with machine learning techniques: 

A review. Journal of Healthcare Engineering, 2018, 1-12. 

https://openknowledge.worldbank.org/handle/10986/33600

