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Abstract - In financial risk management, one of the main concerns has been the risk of liquidity, particularly in the 

contemporary volatile, complex, and highly interconnected markets, where the conventional models have proven to be 

inadequate. The novel role of artificial intelligence (AI), including machine learning (ML), deep learning (DL), and 

reinforcement learning (RL), in altering liquidity risk management procedures is examined in this paper. AI methods 

provide new opportunities to liquidity forecasting, stress testing, behavioral modeling, and the identification of early 

warning signals, as they allow processing large and heterogeneous volumes of data. This paper explains the major AI 

approaches, how they are used in financial organizations. It assesses the existing drawbacks related to explainability of 

models, regulatory compliance, data standards and compatibility with older systems. Additionally, it highlights the 

importance of explainable AI (XAI), hybrid AI systems, and collaborative systems involving data scientists, regulators, 
and financial professionals. The survey offers an extensive basis for future studies and practical implementation to reduce 

the gap between theoretical developments and real-world use of AI in liquidity risk management. 

 

Keywords - Liquidity Risk Management, Artificial Intelligence, Financial Forecasting, Risk Analytics, Financial 

Technology. 

 

1. Introduction 
The risk of liquidity is the inability to pay short-term obligations because of a lack of cash inflow or the existence of an adequate 

source of funding but obstacles to using this source to create cash, is one of the greatest financial risks to business these days. Also, 

because of a more interconnected and volatile financial system, the failure of the firm to manage liquidity not only results in a crisis 

in the firm, but it can also create systemic risk. [1]. Although the conventional risk management practice is not yet obsolete, it 

operates on the premise that there is adequate time to respond to the spontaneous market shift or other liquidity jolts. Financial 

markets are becoming more complex and dynamic than ever before, and therefore, it is increasingly becoming evident that the 

traditional approaches might not be sufficient to recognize, comprehend or manage liquidity risk issues in a timely manner. 

 

Regarding the handling of liquidity risk, AI [2]ML, DL, and NLP can be hugely beneficial in assisting institutions to satisfy 

changing liquidity requirements [3]. They allow institutions to work with big, varied datasets, identify latent structures, and adapt to 

dynamic surroundings, none of which are features available in the traditional models. Institutions are currently using AI technologies 
in liquidity forecasting, depositor behaviour modelling, stress tests, and raising early warning indicators about market stress or flood 

outflow. [4]. The move is driven by the previously constrained computing power, a deeper big data revolution, and an emphasis on 

planning to achieve greater agility or perfection in risk decision-making models. Moreover, AI tools enable institutions to forecast 

and manage liquidity pressure more efficiently and promptly by enhancing a more proactive or smarter evaluation of liquidity risk. 

 

Although it promises to revolutionise liquidity risk management, AI use in the field remains in early stages and is beset by 

several practical and regulatory issues. Concerns about explain ability of AI models, data quality, regulatory pressures and 

challenges presented by the legacy financial infrastructure to integrators have prevented the spread of AI in financial services [5]. 

This survey article will comment upon the way AI is being applied to liquidity risk management, what methods and data are used, 

and what practical challenges need to be surmounted. Additionally, it will go over potential directions for future study and 

application in the discipline concerned with managing liquidity risk, the importance of developing explainable and hybrid models, 

improving data governance and processes, as well as bringing regulators, technologists and financial practitioners together for the 
appropriate and responsible use of AI in this space. 
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1.1. Structure of the Paper 

The structure of this paper is as follows: Section II explains A Primer on Liquidity Risk Management Concepts and Techniques. 

Section III investigates the use of AI to financial risk management. Section IV outlines AI-related challenges and future directions in 

liquidity risk. Section V presents a review of relevant literature, and Section VI concludes with key insights and future research 

directions. 
 

2. Essential Concepts and Strategies in Liquidity Risk Management 
A strategy for controlling liquidity risk that is fundamental to the bank's overall risk management process. One of the main 

objectives of the liquidity risk management framework should be to provide high confidence that the firm can meet its daily liquidity 

needs and weather a period of liquidity stress that impacts both secured and unsecured financing. This stress might be caused by 

things particular to the bank or the market as a whole. The following sections will go over the best practices for liquidity risk 

governance and management, which will help a bank weather periods of severe liquidity stress: maintaining a large liquidity buffer 
of readily marketable assets [6]. A bank should demonstrate how its level of liquidity cushion is influenced by a variety of elements, 

such as the scale of its financing inconsistencies, the solvency of its assets and liabilities, the intricacy of its on- and off-balance-

sheet operations, and the variety of its revenue streams and business models (Figure 1).  In times of crisis, a bank should make 

suitably cautious assumptions regarding the capacity to obtain both secured and unsecured financing, as well as the marketability of 

its assets. Additionally, competitive pressures shouldn't compromise a bank's control operations, limit systems, liquidity buffer, or 

liquidity risk management. 

 
Fig 1: Fundamentals of Liquidity Risk Management 

2.1. Liquidity  

In economics, "liquidity" refers to an actor's ability to quickly turn their cash into goods and services or other assets. This 

definition is flawed in two ways. First, liquidity is a flow notion that may be explained in terms of flows, in contrast to stocks. In our 

paradigm, liquidity will be defined as the free flow of information between those involved in the financial system, namely the 

transactions involving the central bank, commercial banks, and markets. A second term for this ability to actually make these flows 

is liquidity. The financial company would become illiquid if it couldn't. The existence of imperfect markets and information 

asymmetries can impede this capacity, as will be shown later [7]. 

 Central bank liquidity: The liquidity that the financial industry needs come from the central bank's capacity to supply it. It 

is often measured by the quantity of money that is available, the resources that the central bank injects into the economy, or 

the monetary base that is moved from the bank to the financial sector.  

 Funding liquidity: Financial liquidity is defined by the Basel Committee on Banking Supervision as an organization's 

ability to meet its short-term obligations, settle its positions, or quickly dissolve itself. Similarly, finance liquidity is defined 

by the IMF as the ability of financially sound organizations to fulfil their commitments to make payments on schedule.  

 Market liquidity: An idea known as "market liquidity" has been around for some time. However, a common definition was 

not accessible for a long time. Market liquidity is defined as the ease, speed, and low cost of trading an asset in the market 

without significantly changing its price, according to many studies published recently. 

 Asset markets: A change from financing liquidity risk to market liquidity risk can occur in the asset market. Since the 

interbank market's ability to provide liquidity has been seriously hampered, banks may turn to fire sales to get liquidity, 
which might have an effect on asset prices and asset market liquidity. 
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2.2. Managing Liquidity Risk 

Another lesson from the recent wholesale financing market volatility is that banks with solid risk management departments are 

better able to deal with new funding problems as they arise.  Additionally, it has raised awareness of the need for efficient liquidity 

risk management techniques [8]. These issues have prompted the banking sector to come up with a number of creative solutions, 

some of which are included here. Since banks differ greatly in their financing requirements, funding composition, operating 
environment, and risk tolerance, there isn't a universally applicable set of methods for managing liquidity risk.  A common six-step 

method is used by well-managed banks to control liquidity risk, even if their approaches are not very similar. 

 Strategic Direction: In order to transmit the combination of assets and liabilities that will be employed to preserve liquidity 

must be decided by bank management, often through ALCO, as part of the broader strategic direction of the bank's 

financing activities.  The institution's main operations create inherent liquidity concerns, which should be addressed via this 

approach.  

 Integration: An essential component of asset/liability management must include liquidity management. The function of 

liquid assets should be spelt out in detail in the asset and liabilities management policy of the bank, as well as certain 

objectives and limitations. 

 Measurement Systems: The majority of banking professionals concur that the foundation of A sufficient collection of 

indicators is being upheld by the liquidity risk management framework. 

 Monitoring: Banks must be able to keep an eye on and evaluate their liquidity and capacity situations, both now and in the 

future. Guidelines, limitations, and trend development must be included in a monitoring system that allows management to 

keep an eye on compliance with authorized funding objectives and, if not, identify any deviations.  

 Balance Sheet Evaluation: The funding market is dynamic, where banks operate. The bank should thus develop plans to 

deal with these tendencies and frequently assess its balance sheet and market access trends for any new patterns that can 

negatively impact liquidity.  

 Contingency Liquidity Plan Preparation: In the event that banks are unable to provide timely and inexpensive funding 

for some or all of their activities, they must have a thorough contingency plan including guidelines and processes. 

 

3. Role of Artificial Intelligence in Financial Risk Management 
AI is essential for revolutionizing financial risk management because it enables smarter decision-making, more accurate 

forecasting, and deeper data analytics [9]. The intricacy and volatility of contemporary financial systems may be missed by 

traditional risk management techniques, which frequently rely on static models and predetermined assumptions (Figure 2).  A more 

adaptable and dynamic approach is provided by AI techniques like ANN, fuzzy logic systems, and ML algorithms, which allow 

businesses to identify hidden patterns, model nonlinear relationships, and analyses enormous volumes of organized and unstructured 

data.  Detecting and mitigating various risks is made easier with these abilities, including market, operational, credit, and liquidity 

risks. Financial institutions can react proactively to shifting market conditions thanks to AI's assistance for real-time monitoring and 

scenario analysis.  AI greatly increases the speed, accuracy, and efficiency of risk management procedures by automating repetitive 
work and offering greater insights into risk exposures. 

 

 
Fig 2: AI financial Risk Management 
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3.1. Overview of AI, ML, and DL in Finance 

The application of AI and ML by financial institutions.  AI and ML provide several avenues for financial institutions to increase 

efficiency, decrease risk, and minimize costs. Increased profitability could facilitate buffer accumulation and eventually improve 

system stability [10]. Providing an overview of the functions and effects of AI, ML, and DL in the financial industry in Table I 

below:  

 The machine-based processing of many financial institution operations may be enhanced by AI and ML, which would 

increase revenue and reduce costs. Financial institutions could more effectively devote resources to serving those clients 

who generate significant fees or have room to grow if AI and ML, for instance, are used to better target or customise 

products for profitable clients and discern their needs. Routine business process automation might result in decreased 

operating expenses. 

 Early and more precise risk quantification is one way that AI and ML may be applied to risk management. To effectively 

manage these risks, financial institutions might use AI and ML to make decisions based on past correlations between the 

prices of different assets.  The system as a whole may benefit particularly from tools that reduce tail risks.  AI and ML may 

improve risk management by detecting and predicting problems like cyberattacks, fraudulent transactions, default, and 

dubious financial dealings. 

 The data volume and open-source nature of machine learning and artificial intelligence research can inspire partnerships 
between banks and sectors such as sharing economy and online retail 

 

Table 1: Summarizing the roles and impacts of AI, ML, and DL in the financial sector 

Aspect Artificial Intelligence (AI) Machine Learning (ML) Deep Learning (DL) 

Definition A broad field concerned with 

machine intelligence simulation 

A branch of AI that learns from 

data using algorithms 

An application of machine learning 

that employs ML's multi-layer neural 

networks 

Primary Role 

in Finance 

Automates decision-making and 

customer interaction 

Analyzes historical data for 

predictive insights 

Handles complex, high-dimensional 

data for deeper pattern recognition 

Use in 

Operations 

Chatbots, robo-advisors, 

automated trading, fraud 

detection 

Credit scoring, portfolio 

optimization, churn prediction 

High-frequency trading, sentiment 

analysis, image/document analysis 

Efficiency 

Gains 

Reduces manual workload, 

increases automation 

Learns and improves with more 

data, enhances scalability 

Reduces need for feature engineering, 

automates complex tasks 

Profitability 

Contribution 

Personalized marketing, 

customer retention 

Product recommendation, cross-

sell strategies 

Advanced customer segmentation, 

real-time market prediction 

Risk 

Management 
Capability 

Rule-based fraud and anomaly 

detection 

Predictive risk modeling, early 

warning systems 

Real-time detection of fraud, cyber 

threats, and financial irregularities 

Cost Reduction 

Impact 

Streamlines operations and 

customer service 

Minimizes losses via predictive 

analytics 

Automates expensive tasks like 

compliance and surveillance 

Data 

Requirements 

Moderate – can work with 

structured logic 

High – requires quality labeled 

data 

Very high – requires large datasets 

and computational resources 

Collaborative 

Potential 

Integrates across industries 

(e.g., e-commerce, insurance) 

Enables cross-domain modelling 

and application 

Leverages unstructured data from 

IoT, social media, etc. 

 

3.2. Reinforcement Learning in Finance  

RL provides a logical answer to some economic and financial issues, such as multi-period portfolio optimisation and option 

pricing, where value function-based RL techniques were employed. to apply deep neural networks to policy search in order to learn 

how to trade. Better answers to some risk management problems would come from deep (reinforcement) learning. A foundational 

concept in finance is the market efficiency hypothesis [11]. Nonetheless, human decision-making under uncertainty is known to 

exhibit behavioural biases, particularly in prospect theory. The adaptable markets hypothesis, which may be addressed by 

reinforcement learning, is a reconciliation. Academics in the fields of finance and economics find it difficult to embrace "black box" 

techniques like neural networks, they may be considered an exception. ML and Forecasting in Finance and Economics. Additionally, 
financial businesses are likely to have cutting-edge research and application outcomes. 

 

4. Challenges and Future Directions in Ai-Driven Liquidity Risk Management 
Banking might undergo a radical change as a result of AI, particularly in the area of risk management. Its advancements in this 

field are not without difficulties, though. Ensuring that the AI systems integrated into banks' technologies and procedures are secure 
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is an important factor to take into account moving ahead. This must be accomplished by making certain that the technology is 

adequately validated, verified, secured, and controlled. One major issue that GDPR compliance should aid in addressing is data 

privacy [12]. The necessity that AI technology performs its role to a predefined standard, removing any inherent algorithmic bias 

when necessary and appropriate, is related to the data security risk. It will be essential to provide algorithmic transparency, but doing 

so might have unforeseen effects. 

 

4.1. Limitations and Policy Implications 

AI-driven database systems have disadvantages even though they increase transaction efficiency and fraud detection. AI 

technologies, especially ML and DL ones, need large datasets for training, which may be unavailable or biased, resulting in 

erroneous predictions and unintentional discrimination [13]. Fraudsters may use model shortcomings to avoid detection in these 

systems. Real-time processing requires expensive computer resources, making it difficult for smaller institutions. Due to these 

restrictions, robust regulatory frameworks are needed. Policymakers should set openness, data quality, and ethical requirements for 

AI decision-making. AI models must be audited often to reduce prejudice and preserve user privacy. Security standards should be 

created to prevent hostile exploitation and allow financial institutions to use AI while retaining data integrity and public confidence. 

 

4.2. Future Directions and Research Opportunities 

The first potential direction is the creation of more explainable and XAI models, since financial institutions and regulators need 
the transparency of decision-making processes [14]. In addition, the integration of AI with state-of-the-art technologies like as 

blockchain and big data analytics has the potential to enhance the validation and real-time monitoring of liquidity indicators. The 

reinforcement learning is in an early development state in finance risk management, but has the prospect of dynamism and 

adaptability of liquidity strategy in an uncertain market. Transfer learning and multimodalities may enable the use of models trained 

on one financial sector or area to be used on other sectors or areas where there is a scarcity of data. What is more, interdisciplinary 

research (integrating finance, data science, and regulatory), is critical to guaranteeing ethical application, compliance, and stability of 

AI-driven LRM systems. On the whole, further development of these research strands will be important in designing the future 

generation of intelligent, resilient and compliant liquidity risk management systems. 

 

4.3. Model Interpretability and Explainability 

One of the major challenges in applying artificial intelligence to liquidity risk management is the limited interpretability and 
explain ability of complex models. Numerous artificial intelligence systems, particularly DL models, function as "black boxes," 

offering great accuracy but little information about the methods by which certain judgements are made. In financial contexts, where 

transparency, accountability, and regulatory compliance are critical, this lack of interpretability can hinder trust and adoption. 

Stakeholders, including risk managers and regulators, often require clear justifications for model outputs to assess reliability and 

ensure alignment with institutional risk policies. The necessity for creating XAI methods that can offer significant, human-

understandable explanations without sacrificing prediction accuracy is thereby increasing. To improve transparency, strategies 

including feature significance analysis, model reduction, surrogate models, and visualization tools are being investigated more and 

more. Ensuring interpretability not only aids regulatory compliance but also encourages more confident and knowledgeable 

decision-making when it comes to controlling liquidity risk. 

 

The low interpretability and explain ability of complex models [15] It is one of the significant problems of applying artificial 

intelligence to liquidity risk management. Most AI models, and particularly DL models, are considered black boxes: they achieve 
high accuracy rates but offer limited explain ability of the steps by which they arrive at some decisions. In financial applications, 

where accountability, transparency, and regulatory compliance are crucial, this interpretability gap may act as a deterrent to adoption 

and confidence. Risk managers and other stakeholders, such as regulators, commonly demand explanations on model outputs in 

order to gauge reliability clear as well as compatibility with institutional risk policies [16]. Thus, there is an increasing need to create 

XAI techniques that can offer insightful, human-understandable explanations without sacrificing prediction accuracy. In an attempt 

to enhance transparency, methods such as feature significance analysis, model reduction, surrogate models and visualization tools 

are increasingly being explored. The interpretability will not only ensure compliance with regulations but more informed and 

confident decision-making when managing liquidity risk 

 

5. Literature Review 
The literature review provides an insight into various methods of addressing liquidity and credit risks management in financial 

institutions with a major focus on risk reduction methods, empirical studies, and use of statistical and technological applications. Gao 

et al. (2019) examine the issue of using put options to hedge against the risk exposure to stocks with poor liquidity.  First, they use 

measure transformation to construct a closed-form European put option pricing algorithm that adjusts for liquidity in a market with 

imperfections.   The optimal hedging method that reduces the best strike price for the put option is then used to determine the hedged 

portfolio's Var Additionally, present a novel perspective for estimating parameters that reach the lowest Var because the likelihood 
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function is analytically intractable.  The best strike price and the minimum Var are posteriorly inferred using a Bayesian statistical 

approach [17]. 

 

İncekara and Çetinkaya (2019) The study included quarterly financial data from both conventional and Islamic institutions. Six 

banks three participation and three traditional that were active from 2014 to 2018 were included in the analysis's purview. At a 99% 
confidence level, the study found that the variables of GDP, INF, and LA had a statistically significant negative association with 

Islamic banks' liquidity risk. The impact of nonperforming loans on Islamic banking is favorable and statistically significant, 

according to the 95% dependability rate. At the 95% confidence level, there was a statistically significant correlation between the 

liquidity risk of conventional banks and the NPL variable; at the 99% confidence level, the association was negative [18]. 

 

Mian and Santos (2018) To prolong If a company's credit is good, it will likely refinance early to extend the duration of its loan 

and delay the need to do so when issues arise.  Because they are better at hedging, high credit quality companies are more 

susceptible to credit cycles when it comes to refinancing than are less creditworthy companies. There is a direct correlation between 

loan refinancing and later increases in capital spending, particularly when the loan is refinanced early [19]. Ghenimi, Chaibi and 

Omri (2017) investigates the main reasons why banks become unstable. 49 banks that were active in the MENA area from 2006 to 

2013 are used as a statistical sample to investigate the interplay between liquidity risk, credit risk, and the stability of banks. Their 

research shows that there is no time-lagged or reciprocal link between credit risk and liquidity risk that is economically meaningful. 
But each risk affects bank stability in its own way, and the two together make banks even more unstable [20]. 

 

Scannella (2016) evaluates several methods for calculating the effects on banking policy and economics of financing and market 

liquidity risk. The organizational ramifications of liquid risk from the asset and liability management viewpoint are also examined in 

the research. Liquidity risk can be mitigated by a suitable ratio of highly liquid securities and liquid assets rather than equity. For this 

reason, financial limits based on liquidity ratios are the main focus of banking's regulation of liquidity risk [21]. Matiş and Matiş 

(2015) concentrate on stress-testing scenarios and carry out empirical studies on the monitoring and comparing the handling of 

liquidity risk in Romania with that of the European banking sector, comparing and contrasting the methods used by European banks 

to handle liquidity risk in Romania. It all begins with the idea that the liquidity problem at credit institutions is a major component of 

the financial crisis. In addition to implementing liquidity scenarios that are appropriate to the different stages of the crisis, the article 

offers a selection and analysis of crisis improvement methods [22]. 
 

Arias et al. (2015) describe the implementation and software architecture of an information system known as LRM, which aids 

in the real-time information gathering procedures needed for financial organizations to manage risk and liquidity. The system 

architectural components, functionality, and application of various risk value methodologies in a portfolio consisting of four 

portfolios are shown and described in the paper [23]. 

 

Table II provides an overview of the research on liquidity risk management, which includes, method, key findings, challenges, 

and future directions.  

 

Table 2: Summary of Related Studies based on Liquidity Risk Management 

Reference Study Focus Approach Key Findings Challenges Future Directions 

Gao et al. 

(2019) 

Hedging risk 

exposure in 
illiquid markets 

using put options 

Measure 

transformation and 
Bayesian inference 

for VaR 

minimization 

Closed-form solution 

for option pricing; 
optimal strike price 

minimizes portfolio 

VaR 

Model assumes 

specific market 
structures; no real-

world validation 

Apply to real market 

data; extend to other 
option types (e.g., 

American/Asian) 

İncekara and 

Çetinkaya 

(2019) 

Risk to liquidity 

in Islamic versus 

conventional 

banks 

Analysis of panel 

regression using 

quarterly bank data 

LA, GDP, INF 

negatively impact 

Islamic bank 

liquidity risk; NPL 

positive impact 

Limited sample size; 

Turkey-specific 

context 

Expand to more 

banks/regions; 

consider broader 

macroeconomic 

variables 

Mian and 

Santos 

(2018) 

Refinancing 

behavior in 

response to credit 

cycles 

Empirical loan-level 

data analysis 

High-quality firms 

refinance early 

during favorable 

credit cycles to 

support investment 

Lacks direct 

quantification of 

refinancing risk 

Explore effects on firm 

performance under 

tight credit conditions 

Ghenimi, 

Chaibi and 

Banking fragility 

and risk 

Panel data analysis 

of credit and 

Risks independently 

reduce bank stability; 

Simplistic lag 

modeling; ignores 

Investigate nonlinear 

or threshold 
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Omri (2017) interaction in 

MENA region 

liquidity risk 

interaction 

no strong dynamic 

link 

potential 

nonlinearities 

interactions; update for 

post-2013 data 

Scannella 

(2016) 

Liquidity risk 

regulation and 

management in 

banks 

Conceptual and 

theoretical analysis 

Liquidity risk 

managed through 

liquid assets; focus 

on liquidity ratios in 

regulation 

No empirical 

testing; purely 

theoretical 

framework 

Empirically test ALM 

implications in diverse 

banking contexts 

Matiş and 
Matiş (2015) 

Liquidity risk 
stress-testing in 

crises 

Comparative 
analysis of 

Romanian and EU 

banks using 

scenarios 

Identifies crisis 
triggers; suggests 

stage-specific stress 

scenarios 

Region-specific 
focus; limited 

generalizability 

Extend to global 
banks; adopt dynamic 

liquidity risk measures 

Arias et al. 

(2015) 

Real-time 

liquidity risk 

management 

system 

Software 

architecture and 

implementation of 

LRM system 

Provides functional 

real-time LRM with 

multiple risk 

evaluation methods 

Lacks benchmarks 

and broad 

adaptability 

Enhance with AI; 

validate across 

institution types and 

sizes 

 

6. Conclusion and Future Scope 
Liquidity risk continues to be a major worry in the banking sector, even though quick and precise risk assessment determines 

financial stability and regulatory compliance. Improving real-time liquidity risk assessment through the application of AI is the focus 

of this effort, which aims to increase prediction accuracy, efficiency, and flexibility. Liquidity risk management stands to benefit 

greatly from the incorporation of AI, as it opens the door to real-time monitoring, predictive insights, and adaptive actions that go 

above and beyond what is possible with traditional risk models. In order to improve decision-making accuracy, recognize market 

stress signals, and predict liquidity demands, AI approaches like DL, reinforcement learning, and ML have shown to be greatly 

valuable. However, challenges remain particularly around model interpretability, regulatory compliance, data governance, and the 

integration of AI with legacy systems. Future work should focus on developing explainable and auditable AI frameworks, 

incorporating hybrid modeling approaches that combine domain knowledge with data-driven insights, and fostering cross-

disciplinary collaboration among regulators, technologists, and financial experts. In order to properly use AI's potential and maintain 
accountable, transparent, and robust liquidity risk management in a financial ecosystem that is becoming more and more 

complicated, these issues must be resolved. 
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