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Abstract: Liquidity risk has emerged as one of the most critical threats to financial system stability, particularly in increasingly 

interconnected markets where shocks can propagate rapidly across institutions, asset classes, and geographies. Traditional liquidity 

measurement techniques often rely on static balance-sheet indicators or linear sensitivity models, which fail to capture nonlinear 

spillovers, dynamic feedback loops, and cross-market contagion. With growing market complexity and the rise of high-frequency 

trading, funding dependencies, and tightly coupled financial infrastructures, more advanced analytical tools are required to measure 

how liquidity stress travels through the system. Machine-driven quantitative modeling offers a powerful framework for detecting, 

quantifying, and forecasting liquidity risk propagation with far greater precision. This study examines machine-driven quantitative 

modeling approaches designed to measure liquidity transmission across interconnected financial systems. Broadly, the discussion 

begins by outlining the limitations of traditional liquidity metrics such as bid-ask spreads, coverage ratios, and static liquidity buffers 

in environments prone to rapid regime shifts and correlated withdrawals. It then shifts to advanced techniques capable of modeling 

systemic liquidity behaviour, including nonlinear network models, agent-based simulations, and machine learning algorithms that 

identify hidden propagation channels and emergent liquidity clusters. These methods allow for the identification of transmission 

pathways that may not be directly observable through conventional financial indicators. Narrowing the focus, the study explores how 

machine-driven models such as graph neural networks, stochastic process learning, and reinforcement-learning-based stress simulators 

capture dynamic liquidity interactions under stressed conditions. These tools enable more accurate forecasting of liquidity drains, 

intraday funding pressures, and cascading margin calls. By incorporating real-time market data, adaptive learning processes, and 

systemic interaction structures, these models provide early-warning insights that strengthen liquidity management frameworks. The 

paper concludes with practical considerations for implementation, data governance, and integrating machine-driven liquidity analytics 

into regulatory oversight. 
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1. INTRODUCTION 
1.1 Rising Liquidity Fragility in Interconnected Financial 

Systems 

Liquidity fragility has intensified across global financial 

systems as markets have become increasingly interconnected 

through dense funding linkages, cross-asset exposures, and 

synchronized trading architectures [1]. Modern financial 

networks rely heavily on real-time settlement, collateralized 

funding, and short-term refinancing channels, which amplify 

sensitivity to shifts in market liquidity. When one segment of 

the system experiences strain whether through declining 

market depth, widening spreads, or collateral shortages 

liquidity stress often propagates rapidly across multiple 

markets rather than remaining confined to its point of origin 

[2]. 

This interconnectedness contributes to liquidity spirals, where 

declining asset prices trigger higher margin requirements, 

which then force further liquidation and accelerate market 

dislocation. Such spirals are particularly pronounced during 

episodes of intraday volatility, where even small shocks can 

escalate into systemic disruptions through feedback loops 

within algorithmic trading, repo markets, and derivatives 

clearing systems [3]. 

Post-crisis structural reforms have not eliminated these 

vulnerabilities. Although higher capital standards and 

improved transparency have strengthened certain buffers, they 

have also increased reliance on collateralized funding 

channels and reduced market-making capacity in key fixed- 

income markets, inadvertently heightening fragility during 

stress episodes [4]. The combination of tighter balance-sheet 

constraints and interconnected liquidity dependencies 

underscores the need for more adaptive approaches to 

modelling liquidity dynamics across financial networks [5]. 

1.2 Limitations of traditional liquidity measurement 

techniques 

Traditional liquidity assessment tools such as static liquidity- 

coverage ratios, bid-ask spread indicators, and average daily 

trading volumes provide useful baseline information but are 

insufficient for capturing the nonlinear transmission of 

liquidity shocks in modern markets [6]. These metrics assume 

stable relationships between funding conditions and market 

depth, an assumption that collapses during rapid stress events 

when liquidity evaporates unevenly across assets and trading 

venues. 

Static buffer ratios capture inventory sufficiency under normal 

conditions but fail to identify dynamic vulnerabilities created 

by intraday margin  cycles or collateral shortages [7]. 
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Similarly, bid-ask metrics reflect local market tightness but 

overlook network-level transmission, where stress in one 

liquidity node alters behaviour in another. The inability of 

conventional measures to capture nonlinear spillovers, 

contagion effects, and microstructure disruptions limits their 

usefulness for systemic-risk forecasting, particularly in 

environments characterized by high-frequency market 

interactions and leveraged funding dependencies [8]. 

1.3 Purpose, research objectives, and article overview 

This article proposes a machine-driven modelling framework 

for identifying liquidity fragility and tracing how shocks 

propagate across interconnected financial networks [9]. The 

objective is to integrate market-microstructure signals, 

funding-stress indicators, and cross-asset dependencies into a 

unified analytical system capable of capturing nonlinear 

liquidity dynamics. The broader contribution lies in advancing 

systemic-risk analysis by moving beyond static liquidity 

assessments toward models that adapt to evolving market 

conditions [5]. The article proceeds by outlining liquidity- 

shock transmission mechanisms, reviewing nonlinear 

modelling foundations, and presenting an integrated machine- 

learning–supported framework. Figure 1 illustrates the 

primary liquidity-shock transmission pathways across 

financial networks. 

 

 

Figure 1 Primary liquidity-shock transmission pathways 

across financial networks. 

2. FOUNDATIONS OF LIQUIDITY 

RISK, MARKET MICROSTRUCTURE, 

AND SYSTEMIC PROPAGATION 
2.1 Liquidity formation mechanisms and intraday market 

behaviours 

Liquidity in modern financial markets is shaped by a 

combination of market-microstructure features, order-flow 

interactions, and balance-sheet constraints that influence how 

quickly assets can be traded without inducing significant price 

impact [7]. Market microstructure determines how trading 

venues aggregate buy and sell interests, match orders, and 

adjust prices in response to incoming information. These 

mechanisms shape the sensitivity of liquidity to shocks 

because market depth and order-book resilience vary 

significantly across assets and trading environments. 

Order-flow dynamics play a particularly central role. 

Liquidity tends to thin quickly when aggressive order flow 

concentrates on one side of the market, causing spreads to 

widen and depth to evaporate. This behaviour intensifies 

during periods of uncertainty, where even small information 

shocks can produce outsized liquidity withdrawals as traders 

adjust positions abruptly [8]. High-frequency interactions 

amplify these effects: as algorithmic traders detect shifts in 

order-book imbalance, they modify strategies in milliseconds, 

accelerating the rate of liquidity depletion. 

Dealer balance-sheet constraints further shape liquidity 

formation across intraday cycles. Because many dealers rely 

on repo financing and face regulatory capital requirements, 

their ability to intermediate markets during stress is limited 

[9]. Balance-sheet optimization forces them to reduce 

inventories as volatility rises, which diminishes their market- 

making capacity. This withdrawal reduces available depth 

across multiple asset classes simultaneously, reinforcing 

fragility at precisely the moment when liquidity is most 

needed. 

The convergence of microstructure frictions, order-flow 

imbalances, and dealer constraints creates a landscape where 

liquidity is both dynamic and highly sensitive to short-lived 

stresses. As a result, traditional liquidity assessments those 

assuming stable market depth fail to capture the nonlinear 

intraday patterns that define modern trading systems [10]. 

These systemic features highlight the need for analytical 

frameworks capable of interpreting liquidity behaviour as a 

continuously evolving process influenced by structural and 

behavioural factors. 

2.2 Nonlinear contagion mechanisms in funding and 

trading networks 

Liquidity stress spreads through financial systems via 

nonlinear contagion pathways that link trading venues, dealer 

inventories, and funding networks [11]. One mechanism 

arises from feedback loops, which intensify stress through 

recursive interactions. When asset prices fall, margin 

requirements increase, forcing leveraged traders to liquidate 

positions. These liquidations depress prices further, triggering 

additional margin calls and exacerbating liquidity withdrawal. 

This recursive cycle represents a core mechanism through 

which relatively small shocks transform into system-wide 

dislocations [12]. 

Another pathway is fire-sale contagion, which occurs when 

distressed actors liquidate assets rapidly, transmitting price 

declines across otherwise unrelated markets. Because many 

institutions hold overlapping portfolios, fire sales can 

propagate quickly, especially when assets share common risk 

factors or collateral classifications. As institutions respond 
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simultaneously to falling prices, market depth collapses, 

creating discontinuities that amplify volatility [13]. 

Clearinghouses introduce additional nonlinear amplification 

channels. Although designed to reduce counterparty risk, 

clearinghouses impose intraday variation margin calls that 

adjust rapidly in response to price movements. During 

volatility spikes, these margin adjustments escalate sharply, 

draining liquidity from participants and forcing additional 

asset sales [14]. As participants struggle to meet rising margin 

requirements, funding stresses cascade across the network, 

pushing liquidity pressure into markets that were not initially 

affected. 

These contagion mechanisms underscore that liquidity 

fragility is rarely linear. Instead, stress propagates through 

interconnected channels where behavioural synchrony such as 

simultaneous risk aversion merges with structural 

dependencies embedded in funding and collateral networks. 

Table 1, “Liquidity Risk Characteristics in Linear vs. 

Nonlinear Systemic Environments,” summarizes these 

amplification channels and highlights why small disturbances 

can translate into abrupt system-level liquidity deterioration 

[15]. 

Understanding these nonlinear processes is critical for 

constructing models capable of forecasting liquidity 

withdrawal under dynamic and stressed conditions. Without 

such insights, risk assessments underestimate the speed and 

scale of liquidity contagion. 

Table 1. Liquidity Risk Characteristics in Linear vs. 

Nonlinear Systemic Environments 
 

Dimension 
Linear Liquidity 

Environment 

Nonlinear (Systemic) 

Liquidity Environment 

 

Market Depth 

Response 

Depth adjusts 

proportionally to 

order-flow changes; 

spreads widen 

gradually. 

Depth evaporates 

suddenly once stress 

thresholds are crossed; 

spreads widen 

exponentially. 

 

Correlation 

Behaviour 

Asset correlations 

remain stable across 

regimes; 

diversification 

benefits persist. 

Correlations spike 

abruptly across markets, 

eliminating 

diversification and 

synchronizing stress. 

 

 

Price Impact 

Price responds 

smoothly to trades; 

impact functions 

remain predictable. 

Small trades trigger 

disproportionate price 

jumps due to order-book 

thinning and liquidity 

withdrawal. 

Funding 

Market 

Sensitivity 

Funding conditions 

move steadily with 

macro indicators; 

haircuts remain 

Funding constraints 

tighten sharply; haircuts 

surge and unsecured 

funding evaporates 

 

Dimension 
Linear Liquidity 

Environment 

Nonlinear (Systemic) 

Liquidity Environment 

 stable. rapidly. 

 

Contagion 

Pathways 

Stress transmits 

slowly and is often 

contained within 

individual markets. 

Stress propagates 

through collateral 

chains, clearing cycles, 

and cross-market 

linkages at high speed. 

 

Dealer 

Balance-Sheet 

Constraints 

Dealers absorb 

order-flow 

fluctuations with 

stable inventories 

and market-making 

capacity. 

Dealers retreat 

simultaneously due to 

leverage limits and 

regulatory constraints, 

deepening liquidity 

freezes. 

 

Feedback 

Loops 

Minimal feedback; 

liquidity conditions 

respond linearly to 

shocks. 

Strong positive feedback 

loops (fire sales, margin 

spirals, volatility bursts) 

amplify initial shocks. 

 

Volatility– 

Liquidity 

Interaction 

 

Volatility has a mild, 

linear relationship 

with liquidity 

metrics. 

Volatility accelerates 

liquidity depletion; 

liquidity withdrawal 

further accelerates 

volatility in a reinforcing 

loop. 

Stress 

Propagation 

Speed 

Gradual adjustments 

allow time for 

intervention and 

rebalancing. 

Shock propagation is 

instantaneous or near- 

instantaneous, especially 

in algorithmic markets. 

 

System-Level 

Fragility 

System remains 

stable under 

moderate stress; 

buffers are sufficient. 

Even small disturbances 

can trigger systemic 

breakdowns due to 

nonlinear amplification 

mechanisms. 

2.3 Statistical foundations for modeling liquidity 

propagation 

Statistical modelling of liquidity propagation requires tools 

capable of capturing heavy-tailed behaviours, high-frequency 

volatility, and network-driven transmission patterns that 

define stress episodes in modern financial markets [16]. High- 

frequency  volatility  models  such  as  realized-variance 

estimators and intraday volatility signatures enable 

researchers to detect rapid market-depth fluctuations and 

microstructure noise that traditional daily volatility metrics 

obscure [10]. These models reveal how liquidity transforms in 

real time, highlighting patterns such as volatility clustering 

and asymmetric depth responses during stressed trading 

intervals. 

Liquidity propagation is also influenced by tail-risk 

distributions, which capture the probability of extreme 

liquidity shortfalls. Heavy-tailed distributions better represent 
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the abrupt, discontinuous declines in market depth observed 

during stress periods, where price jumps and sudden spread 

widening dominate market behaviour [12]. Incorporating tail- 

risk features improves the accuracy of stress-scenario 

modelling and enhances understanding of how rare events 

cascade across assets. 

Network-based statistical metrics provide another essential 

foundation. Measures such as node centrality, connectivity 

density, cross-asset correlation structures, and contagion path 

lengths offer insight into how liquidity shocks traverse 

interconnected markets [9]. By quantifying structural 

vulnerabilities, network metrics help identify nodes such as 

major dealers or collateral hubs where local liquidity stress is 

most likely to propagate into broader systemic disruptions. 

These statistical methods converge to support a unified 

modelling framework where liquidity propagation is treated as 

a dynamic, nonlinear process rather than a static equilibrium 

outcome. Methods that combine high-frequency volatility 

analytics, tail-distribution modelling, and network metrics 

provide a more realistic lens for evaluating how shocks 

evolve. Table 1 reinforces the distinction between linear 

assumptions and nonlinear propagation behaviours by 

summarizing structural differences in liquidity response 

patterns. This integration forms the analytical base for 

developing machine-supported liquidity fragility models in 

subsequent sections. 

3. EMPIRICAL EVIDENCE OF 

LIQUIDITY RISK PROPAGATION AND 

NETWORK SPILLOVERS 
3.1 Historical liquidity crises and spillover signatures 

Historical liquidity crises reveal consistent patterns of abrupt 

market dysfunction, rapid funding-route deterioration, and 

cascade effects that spread across multiple asset classes long 

before price indicators fully reflect the level of stress. Crisis- 

era liquidity collapses have often emerged from seemingly 

localized disruptions such as funding shortages in short-term 

credit markets or sharp reductions in dealer market-making 

capacity before rapidly escalating into system-wide 

dislocations [13]. During these episodes, liquidity evaporates 

simultaneously across instruments, highlighting deep 

structural linkages that traditional linear models fail to 

capture. 

One defining feature of past crises is the breakdown of 

funding routes, particularly within repo markets and 

unsecured overnight lending channels. As lenders become 

increasingly risk-averse, haircuts rise, collateral eligibility 

tightens, and borrowers experience unexpected freezes in 

critical funding lines [14]. These disruptions spread outward, 

affecting institutions not directly connected to the initial stress 

point but exposed indirectly through collateral chains, 

derivative obligations, or asset holdings. 

Spillover signatures become especially visible when liquidity 

declines in one market trigger sudden withdrawals in others. 

For example, forced deleveraging in credit markets has 

historically spilled into equities, while disruptions in money 

markets have propagated to FX and derivatives markets 

through heightened margin requirements and cross-market 

hedging pressure [15]. 

These crisis signatures demonstrate that liquidity stress rarely 

behaves as an isolated phenomenon. Instead, it spreads 

through multiple transmission pathways including collateral 

cycles, margining dynamics, and synchronized investor 

behaviour that amplify the original shock. Recognizing these 

patterns is essential for constructing models that realistically 

reflect historical liquidity fragility and its nonlinear spillovers 

[16]. 

3.2 Empirical studies on cross-market liquidity co- 

movement 

A robust body of empirical research demonstrates that 

liquidity co-movement across markets intensifies during 

periods of uncertainty, revealing interconnected stress 

behaviours that challenge assumptions of asset-class 

independence. Studies of debt-equity linkages show that 

liquidity shocks in corporate-bond markets often precede 

tightening conditions in equity order books, as investors 

rebalance portfolios or unwind positions to manage funding 

constraints [17]. These interactions reflect co-dependence in 

market microstructure features, trading strategies, and dealer 

balance-sheet management. 

Similarly, cross-market studies highlight strong FX–interest 

rate spillovers, especially when global macro uncertainty 

rises. Liquidity declines in FX markets frequently align with 

abrupt rate-market repricing, driven by shared reliance on 

leveraged carry strategies, collateralized funding, and hedging 

flows that directly impact both asset classes [18]. Intraday 

liquidity patterns demonstrate strong co-movement as 

volatility accelerates and traders adjust exposures across 

currency, bond, and derivative instruments in near real time. 

These empirical findings emphasize that liquidity is not 

merely a market-specific characteristic but a system-wide 

property shaped by cross-market interdependencies. 

Interconnected trading strategies, margin call dynamics, and 

risk-transfer channels cause liquidity conditions to tighten in a 

synchronized manner when stress emerges in any part of the 

network [19]. 

As cross-asset liquidity co-movement intensifies during stress, 

diversification benefits deteriorate. Portfolio managers relying 

on cross-class hedging discover that liquidity constraints 

emerge simultaneously across their hedges and underlying 

assets, undermining risk-management strategies [15]. The 

empirical literature consistently finds that co-movement 

increases disproportionately in stressed environments, 

revealing nonlinear dependencies that traditional liquidity 

metrics fail to capture [20]. Recognizing these patterns is 

crucial for modelling liquidity dynamics accurately in multi- 

asset systems. 
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3.3 Failure of traditional models during stressed liquidity 

regimes 

Traditional liquidity models often based on stable buffer 

ratios, average spreads, and historical turnover measures 

break down sharply during stressed conditions due to their 

inability to represent nonlinear liquidity deterioration. As 

volatility surges, static liquidity buffers deplete far faster than 

expected because margin requirements rise, repo haircuts 

widen, and balance-sheet constraints limit the willingness of 

dealers to absorb order-flow imbalances [14]. These changes 

occur abruptly, causing liquidity to disappear across multiple 

markets within minutes rather than gradually. 

Classical prediction tools assume that liquidity responds 

proportionally to changes in order flow or volatility; however, 

empirical evidence shows steep nonlinear drops in market 

depth once stress thresholds are crossed [18]. This 

misalignment results in significant underprediction of 

liquidity shortages, particularly during events that trigger 

funding-market disruptions or forced deleveraging. 

Moreover, regression-based liquidity models calibrated on 

historical averages exhibit prediction breakdown, as structural 

changes during crises invalidate underlying assumptions about 

market-making capacity, trader behaviour, and funding-cost 

stability [16]. These failures are particularly evident in multi- 

asset portfolios where liquidity strain emerges simultaneously 

across asset classes due to synchronized risk aversion. 

 

 

Figure 2, “Empirical Failure of Classical Liquidity Metrics 

Under Stress Conditions 

The shortcomings of traditional approaches are illustrated in 

Figure 2, “Empirical Failure of Classical Liquidity Metrics 

Under Stress Conditions,” which depicts how standard 

indicators collapse in explanatory power as liquidity regimes 

transition from normal to stressed. These observations 

underscore the need for dynamic, nonlinear modelling 

frameworks capable of adapting to evolving market 

conditions and capturing systemic liquidity fragility. 

4. MACHINE-DRIVEN QUANTITATIVE 

MODELING TECHNIQUES FOR 

LIQUIDITY PROPAGATION 
4.1 Network-based machine learning for liquidity 

transmission 

Machine-driven modelling has opened new pathways for 

understanding how liquidity shocks propagate across modern 

financial networks, particularly through the use of graph- 

based learning architectures that capture structural 

dependencies between markets, institutions, and funding 

channels [11]. Network-based machine learning approaches, 

especially graph neural networks (GNNs), have emerged as 

powerful tools for representing liquidity as an evolving 

process influenced by node connectivity, edge weights, and 

dynamic market features [19]. Unlike traditional regression 

models, GNNs encode market structure directly, allowing 

them to model how stress originating in one node (such as a 

dealer, clearing member, or collateral pool) diffuses across the 

network through nonlinear contagion pathways [20]. 

Within these frameworks, centrality-weighted contagion 

models play a central role, as they incorporate concepts such 

as eigenvector centrality, betweenness, and funding-flow 

intensity to identify “systemically influential” nodes whose 

liquidity deterioration is likely to trigger broader market stress 

[21]. For example, a central dealer with high connectivity to 

multiple funding markets may amplify liquidity shocks 

disproportionately compared to peripheral participants. 

Machine learning models trained on historical stress events 

can learn these patterns and forecast which nodes are likely to 

transmit liquidity strain during emerging disruptions. 

Because GNNs incorporate both topological and statistical 

features, they excel at modelling interconnected market 

behaviours, including cross-asset liquidity co-movement, 

funding-route fragility, and intraday correlation spikes. Their 

ability to learn nonlinear transformation functions allows 

them to capture state-dependent liquidity deterioration far 

more effectively than linear risk tools, especially during 

periods characterized by abrupt margin adjustments or 

synchronized risk aversion [22]. 

Collectively, network-based machine learning tools provide a 

structural foundation for modelling liquidity transmission as a 

dynamic, relational phenomenon, enabling earlier detection of 

fragility in systems where shocks rarely remain isolated but 

instead cascade rapidly through interconnected trading and 

funding channels [23]. 

4.2 Agent-based and simulation-driven liquidity stress 

models 

Agent-based models (ABMs) complement machine learning 

approaches by simulating the behaviour of heterogeneous 

market participants whose decisions collectively shape 

liquidity conditions. In these models, agents such as dealers, 

hedge funds, clearing members, asset managers, and high- 

frequency traders act according to predefined behavioural 
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rules that reflect budget constraints, regulatory requirements, 

leverage restrictions, and trading strategies [24]. Because 

agents interact with one another and respond adaptively to 

evolving market signals, ABMs can recreate the nonlinear 

feedback loops observed in real markets. 

One advantage of agent-based simulation is its ability to 

incorporate adaptive agents whose behaviour changes under 

stress. For example, when volatility rises, agents may reduce 

inventories, widen bid–ask spreads, or retreat from market- 

making activities, thereby reducing market depth. These 

endogenous reactions generate liquidity spirals similar to 

those documented in historical crises, revealing how small 

shocks can escalate into major dislocations through 

behavioural synchrony [19]. 

Fire-sale simulations extend these insights by modelling how 

forced asset liquidations propagate across portfolios and asset 

classes. When one institution liquidates assets to meet margin 

calls or funding shortages, price declines force other 

institutions with similar holdings to respond in kind, 

generating system-wide contagion [25]. ABMs can 

incorporate price-impact functions, portfolio overlap metrics, 

and collateral eligibility rules to simulate how quickly fire 

sales spread and which participants are most vulnerable to 

cascading losses. 

Another critical component is clearinghouse bottleneck 

modelling, which examines how margin cycles, variation- 

margin calls, and collateral demands contribute to liquidity 

strain. Clearinghouses play a stabilizing role under normal 

conditions but can amplify stress when margin schedules 

tighten abruptly. ABMs that incorporate clearinghouse rules 

and counterparty exposures can simulate how liquidity 

demands escalate across intraday cycles and identify 

thresholds where funding constraints trigger systemic liquidity 

withdrawal [26]. 

Through adaptive, rule-driven simulations, agent-based 

models offer a granular view of liquidity stress evolution, 

capturing the behavioural and structural nonlinearities that are 

often invisible in classical liquidity analyses. Their strength 

lies in reproducing the dynamic interactions that shape 

contagion pathways, making them an essential tool for 

forward-looking liquidity stress testing. 

4.3 Hybrid statistical–ML frameworks for liquidity 

forecasting 

Hybrid modelling frameworks integrate statistical time-series 

methods with machine learning algorithms to capture the dual 

nature of liquidity dynamics its predictable patterns under 

normal conditions and its nonlinear behaviour under stress. 

These frameworks often combine ML-augmented vector 

autoregression (VAR) models with flexible nonlinear 

regressors to improve the accuracy of liquidity forecasts [27]. 

Under this approach, traditional VARs handle stable linear 

relationships, while ML components capture regime shifts, 

intraday volatility bursts, and structural breaks that arise 

during stress. 

Nonlinear regressors such as gradient boosting machines, 

random forests, or recurrent neural networks enhance 

predictive performance by learning complex interactions 

between microstructure signals, funding spreads, and cross- 

market liquidity indicators that linear models overlook [23]. 

These algorithms excel at identifying early-warning signals of 

liquidity deterioration, such as synchronized order-book 

thinning or widening cross-asset spreads. 

Ensemble-based spillover prediction frameworks provide 

additional resilience by aggregating multiple modelling 

approaches, reducing sensitivity to individual model 

weaknesses. Ensembles can combine statistical features (e.g., 

autocorrelation, volatility signatures) with machine learning 

outputs to produce more stable forecasts across diverse market 

conditions [22]. 

Hybrid frameworks often outperform standalone models 

because they capture both structural liquidity behaviours and 

dynamic contagion effects. By integrating statistical 

interpretability with machine learning flexibility, these models 

form a strong foundation for monitoring and forecasting 

liquidity risk in high-frequency, highly interconnected trading 

environments. Table 2 summarizes the strengths of these 

hybrid systems relative to traditional and purely machine- 

driven approaches. 

4.4 Real-time liquidity signal extraction using advanced 

analytics 

Real-time liquidity signal extraction has become essential in 

markets where liquidity can evaporate within minutes. 

Advanced analytics leverage streaming data ingestion 

pipelines that process order-book updates, quotes, and trade 

flows at sub-second frequencies to detect early signs of 

fragility [20]. These pipelines incorporate anomaly-detection 

algorithms capable of identifying unusual spikes in volatility, 

abrupt depth withdrawals, or sudden changes in trade intensity 

that precede liquidity stress. 

Microstructure-informed alert systems enhance monitoring by 

combining transactional indicators with network-based 

features, such as dealer withdrawal rates or cross-venue 

liquidity imbalances [24]. These systems generate alerts when 

market conditions deviate from historical norms, allowing risk 

managers to respond before disruptions escalate. 

Together, streaming analytics and microstructure-aware 

models enable real-time surveillance of liquidity risks, 

bridging the gap between traditional end-of-day metrics and 

the rapid dynamics of modern market stress. Table 2 provides 

a comparative overview of how these machine-driven 

approaches differ in analytical capability and predictive 

strength. 

Table 2. Comparison of Machine-Driven Liquidity 

Propagation Models and Their Analytical Strengths 
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Model 

Category 

Core 

Analytical 

Approach 

Strengths in 

Liquidity 

Propagation 

Analysis 

 

Limitations / 

Challenges 

  channels.  

 

 

Hybrid 

Statistical– 

ML 

Systems 

Combines 

VAR, time- 

series statistics, 

and ML 

regressors 

(GBM, RF, 

RNNs) for joint 

forecasting. 

• Balances 

interpretability 

with predictive 

power. 

• Adapts to 

structural 

breaks and 

nonlinear 

liquidity shifts. 

 

• Requires 

robust feature 

engineering. 

• May 

underperform 

without frequent 

retraining. 

 

 

Ensemble- 

Based 

Spillover 

Predictors 

Aggregates 

forecasts from 

multiple 

models across 

assets, markets, 

and temporal 

resolutions. 

• Provides the 

most stable 

and robust 

predictions. 

• Reduces 

overfitting and 

model-specific 

bias. 

• High 

computational 

cost. 

• Complex 

coordination of 

ensemble 

weights. 

  • Detects  

  emerging  

 Uses streaming liquidity stress  

Real-Time 

Streaming 

Analytics 

Engines 

pipelines and 

microstructure- 

aware anomaly 

detection for 

intraday 

within 

seconds. 

• Ideal for 

market 

surveillance 

• Requires 

dedicated 

infrastructure 

and low-latency 

data access. 

 monitoring. and real-time  

  risk  

  dashboards.  

 

5. INTEGRATED LIQUIDITY 

PROPAGATION MODELING 

FRAMEWORK 
5.1 Architecture for a unified machine-driven liquidity 

risk engine 

A unified machine-driven liquidity risk engine requires a 

robust and extensible computational architecture that 

integrates heterogeneous data sources, high-frequency market 

signals, and network-level structural indicators into a coherent 

analytical system [25]. At its foundation lies a multi-layer data 

architecture, incorporating transactional data from order 

books, quote feeds, and trade repositories, along with balance- 

sheet metrics, collateral flows, and cross-venue liquidity 

indicators. This architecture must support both streaming and 

batch-processing modes to accommodate intraday volatility 

monitoring as well as broader structural liquidity assessments. 

 

Model 

Category 

Core 

Analytical 

Approach 

Strengths in 

Liquidity 

Propagation 

Analysis 

 

Limitations / 

Challenges 

  • Excellent at  

  modelling  

  liquidity  

  contagion  

 Learns market- across • Requires large, 

 network interconnected high-quality 

Graph 

Neural 

Networks 

(GNNs) 

structure using 

node 

connectivity, 

edge features, 

and dynamic 

markets. 

• Captures 

nonlinear 

stress- 

transmission 

relational 

datasets. 

• Interpretability 

can be limited 

without 

 graph pathways. explainability 

 embeddings. • Identifies layers. 
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The next layer consists of a multi-stage modelling pipeline 

designed to capture the evolving dynamics of liquidity 

formation and stress propagation. The pipeline typically 

begins with microstructure preprocessing modules that clean, 

normalize, and align high-frequency data. These modules 

extract key attributes such as order-book depth, trade 

aggressiveness, quote revisions, and cross-asset price impacts 

[26]. Above this preprocessing layer sits a network-analytics 

module that transforms market interactions into graph 

structures, enabling the engine to evaluate centrality, 

connectivity, and stress-transmission intensity across 

institutions and trading venues. 

The modelling tier fuses statistical components with machine 

learning algorithms to generate both explanatory variables and 

predictive outputs. Statistical models capture baseline 

behaviours during normal regimes, while nonlinear 

architectures such as graph neural networks and ensemble- 

based predictors identify structural shifts indicative of 

emerging liquidity fragility [27]. A supervisory control layer 

evaluates model consistency, calibrates hyperparameters, and 

integrates scenario-testing modules for forward-looking stress 

simulations. Collectively, this architecture forms a holistic 

engine capable of synthesizing real-time signals and structural 

features into actionable liquidity-risk intelligence [28]. 

5.2 Feature engineering for liquidity stress detection 

Effective liquidity stress detection hinges on a rich, well- 

structured feature set that captures the behavioural and 

structural dimensions of liquidity variation. Trade-based 

features provide a fundamental signal layer, encompassing 

order aggressiveness, trade-size imbalances, quote depletion 

rates, and clustering of marketable orders. These metrics 

highlight early indications of liquidity withdrawal as traders 

shift toward defensive positioning [29]. 

Complementing trade-based attributes are funding-pressure 

indicators, which capture liquidity stress emerging from the 

funding ecosystem rather than from trading behaviour alone. 

These include repo-rate dislocations, collateral-haircut 

adjustments, dealer inventory compression, and changes in 

unsecured funding spreads. During stress periods, these 

indicators often react before observable liquidity declines, 

making them valuable early-warning features [30]. 

A third class of engineered features focuses on margin-call 

predictors, capturing variables related to volatility 

acceleration, cross-asset hedging pressure, and intraday 

variation-margin sensitivity. These features allow machine- 

driven systems to detect when price moves are likely to 

trigger forced deleveraging or collateral exhaustion. Feature- 

engineering frameworks integrate these dimensions into a 

unified dataset, enabling models to detect both microstructure- 

driven and funding-driven liquidity stress with greater 

precision [31]. 

5.3 Scenario construction and liquidity-shock simulation 

Scenario-building frameworks are essential for evaluating 

how liquidity shocks propagate across markets under different 

structural and behavioural conditions. Multi-market stress 

scenarios integrate simultaneous shocks to equities, fixed 

income, FX, and derivatives markets, focusing on how pricing 

shifts translate into collateral demands, dealer balance-sheet 

pressure, and cross-market liquidity withdrawal [28]. These 

scenarios incorporate volatility escalation, rate dislocations, 

and cross-venue liquidity gaps to simulate interactions 

between risk factors that traditional models typically treat in 

isolation. 

A second set of scenarios involves intraday propagation 

modelling, which emphasizes short-horizon contagion 

pathways. These simulations replicate stress mechanisms such 

as order-book evaporation, intraday variation-margin cycles, 

and correlated asset liquidations. By modelling microstructure 

reactions at sub-minute intervals, these simulations reveal 

nonlinear dynamics that emerge well before end-of-day 

liquidity metrics reflect stress events [32]. 

Advanced scenario engines integrate empirical market 

microstructure parameters, network-topological metrics, and 

behavioural assumptions derived from historical crisis data. 

Through these simulations, institutions can evaluate how 

liquidity shocks spread, identify systemically influential 

nodes, and determine which markets are most vulnerable to 

accelerated contagion. This multi-layer stress architecture 

supports early-risk detection and informed decision-making 

under rapidly evolving market conditions. 

5.4 Combining statistical inference with adaptive ML 

algorithms 

Combining statistical inference with adaptive machine- 

learning techniques enables a more resilient liquidity-risk 

modelling framework. Statistical models contribute 

interpretability, stable baseline relationships, and economic 

coherence, while adaptive ML algorithms provide flexibility 

for capturing nonlinear interactions, structural breaks, and 

emergent contagion patterns [27]. Hybrid integration 

frameworks blend autoregressive structures with nonlinear 

predictors, ensuring that both stable-regime dynamics and 

stress-specific anomalies are represented. 

This joint approach enhances robustness by mitigating 

overfitting, improving scenario reliability, and enabling 

models to adjust dynamically to evolving market conditions. 

Figure 3 illustrates the full architecture of the proposed 

machine-driven liquidity-propagation framework. 
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Figure 3 Full architecture of the proposed machine-driven 

liquidity-propagation framework. 

6. APPLICATION CASE STUDIES 
6.1 Liquidity stress modelling in equity and derivative 

markets 

Liquidity stress in equity and derivative markets is 

characterized by rapid shifts in intraday order-book dynamics, 

sudden reductions in market depth, and cross-asset spillovers 

that reflect tightly coupled trading behaviours. During 

volatility spikes, order books thin dramatically as liquidity 

providers widen spreads or retract quotes, causing price 

impact to rise sharply even for moderate trade sizes [30]. This 

behaviour is amplified in algorithmically dominated markets 

where order-flow imbalance triggers automated withdrawal of 

quotes, accelerating liquidity evaporation. 

Derivatives amplify these stresses through margining cycles 

and cross-hedging pressures. When volatility rises, variation- 

margin calls increase substantially, prompting leveraged 

traders to liquidate positions or reduce exposures across 

related assets [33]. As positions unwind simultaneously, 

equity liquidity deteriorates further, and options market 

makers widen implied-volatility surfaces to compensate for 

increased risk. 

These dynamics frequently create cross-asset liquidity 

withdrawal, where liquidity vanishes not only in equities but 

also in options, futures, and volatility products linked through 

hedging flows. During stress episodes, a change in liquidity 

conditions in one asset often produces synchronized 

dislocations elsewhere, revealing non-linear dependencies that 

traditional liquidity models fail to anticipate [31]. The 

interaction between order-book fragility and derivative-driven 

funding pressure underscores the need for dynamic simulation 

frameworks capable of capturing intraday liquidity spirals 

[34]. 

6.2 Interbank funding liquidity contagion analysis 

Interbank funding markets present a distinct set of liquidity 

contagion mechanisms rooted in counterparty exposures, 

funding corridors, and collateralized lending structures. When 

liquidity dries up in the unsecured funding market, banks 

increasingly rely on secured lending facilities, which can 

trigger rapid escalation in haircuts and funding spreads [32]. 

As these funding corridors become stressed, counterparties 

tighten lending terms or withdraw altogether, setting off a 

chain reaction that affects institutions far beyond the initial 

liquidity shortfall. 

Counterparty network failures represent a critical propagation 

channel. Banks are connected through overlapping funding 

positions, repos, and derivatives obligations, meaning a 

disruption in one node can transmit liquidity stress throughout 

the network [36]. The withdrawal of a major funding provider 

forces dependent institutions to seek alternative liquidity 

sources at elevated costs, which in turn exacerbates balance- 

sheet constraints and heightens the risk of a broader funding 

freeze. 

Empirical evidence shows that when a bank experiences a 

liquidity shock, its counterparties simultaneously reduce 

exposures, generating synchronized funding stress that can 

cascade into full-scale interbank dysfunction [30]. These 

network-driven propagation patterns demonstrate why stress 

in interbank markets often escalates faster than in trading 

markets. Because funding liquidity is a prerequisite for market 

liquidity, disruptions in the interbank system tend to magnify 

stress across all associated markets, reinforcing the need for 

network-aware modelling techniques [37]. 

6.3 Liquidity propagation across global multi-asset 

systems 

Global financial markets exhibit strong cross-asset and cross- 

region liquidity dependencies, which become particularly 

visible during systemic stress episodes. One prominent 

catalyst is sovereign-spread shocks, where widening credit 

spreads in sovereign debt markets transmit liquidity stress into 

equities, corporate bonds, and FX markets due to shared risk- 

premia channels and collateral requirements [35]. When 

sovereign yields spike, risk-sensitive funding channels 

tighten, causing liquidity to contract simultaneously across 

multiple asset classes. 

Another propagation mechanism is FX–equity–bond liquidity 

co-crashes, where liquidity collapses concurrently across 

several markets as investors unwind positions across 

currencies, equities, and rates to cover losses or meet margin 

calls [38]. These co-crashes tend to occur when global 

volatility indices rise sharply, triggering uniform deleveraging 

across risk-parity, carry-trade, and cross-asset arbitrage 

strategies. 
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Because global portfolios increasingly rely on integrated 

hedging and collateral chains, stress in one region rapidly 

affects liquidity conditions elsewhere. For example, funding 

stress in European repo markets can swiftly migrate to U.S. 

dollar funding markets due to extensive cross-currency swap 

activity, ultimately constraining liquidity in equity and fixed- 

income markets abroad [33]. 

Traditional liquidity models, which often evaluate markets in 

isolation, fail to capture these global feedback loops. 

Understanding multi-asset liquidity propagation therefore 

requires models capable of integrating sovereign-spread 

dynamics, FX-bond linkages, and cross-market hedging flows 

into a unified analytical system [36]. 

7. CONCLUSION 
7.1 Key insights from machine-driven liquidity 

propagation research 

Recent advances in machine-driven liquidity modelling have 

significantly improved understanding of how stress evolves 

and propagates across modern financial markets. Unlike 

classical liquidity models that rely on static assumptions, 

machine-driven approaches incorporate dynamic, nonlinear 

interactions across trading venues, funding channels, and 

collateral networks. This shift has enabled more accurate 

detection of early fragility signals, improved representation of 

stress amplification mechanisms, and deeper insight into how 

microstructure disruptions escalate into system-wide liquidity 

events. 

By integrating network analytics, high-frequency signals, and 

behavioural simulations, these methods reveal structural 

vulnerabilities that traditional models consistently overlook. 

Machine-driven research also contributes to broader market 

stability analysis by demonstrating how liquidity shocks 

spread across interconnected asset classes, how intra-day 

volatility accelerates funding pressure, and how feedback 

loops significantly amplify risk. Collectively, these insights 

provide a stronger analytical foundation for regulators, 

financial institutions, and market participants seeking to 

anticipate and mitigate liquidity-driven instability. 

7.2 Future opportunities for integrated systemic liquidity 

modelling 

Looking forward, multiple opportunities exist for building 

more comprehensive liquidity-risk frameworks capable of 

supporting both market participants and policy institutions. 

One promising direction is the development of real-time 

systemic-risk dashboards that synthesize high-frequency 

microstructure signals, network contagion metrics, and 

machine-learning forecasts into a single monitoring interface. 

Such dashboards would allow institutions to identify liquidity 

deterioration minutes or even seconds before it becomes 

systemically relevant, substantially improving early-warning 

capabilities. 

Another frontier lies in the use of multi-agent reinforcement 

learning, where heterogeneous agents learn optimal behaviour 

under varying market conditions. These systems can model 

dynamic feedback loops and competitive interactions in ways 

that more closely resemble real-world stress responses. By 

training agents under diverse simulation scenarios, researchers 

can uncover emergent behaviours and structural tipping points 

that traditional stress-testing frameworks cannot reproduce. 

At a broader level, machine-driven liquidity models hold 

significant promise for policy-level implementation. 

Regulators could apply these tools to evaluate the systemic 

implications of margin requirements, collateral standards, or 

dealer balance-sheet constraints under different stress 

environments. Embedding machine-learning-enhanced 

liquidity analytics into macroprudential policy design would 

enable more adaptive and responsive regulation, ultimately 

strengthening financial-system resilience. 
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