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Liquidity risk has emerged as a critical concern for financial institutions
due to increasing market volatility, regulatory scrutiny, and the
growing complexity of global financial systems. Traditional liquidity
risk management approaches, which rely on static assumptions and
low-frequency data, are often inadequate for capturing rapid intraday
fluctuations in cash flows and funding requirements. This paper
explores the application of machine learning techniques combined
with big data architectures to enhance intraday liquidity prediction
and risk modeling. The study presents a data-driven framework that
leverages high-frequency transactional data, market indicators, and
behavioral patterns to forecast liquidity positions in near real time.
Advanced machine learning models, including ensemble methods and
deep learning architecture such as Long Short-Term Memory (LSTM)
networks are evaluated for their ability to capture nonlinear
dependencies and temporal dynamics inherent in liquidity flows. The
proposed approach integrates scalable big data technologies to support
real-time ingestion, processing, and predictive analytics. Results
demonstrate that machine learning-based models significantly
outperform traditional methods in forecasting accuracy and
responsiveness to market stress conditions. The paper also discusses
practical implementation  considerations, including model
interpretability, regulatory compliance, and integration with enterprise
treasury systems. By enabling proactive liquidity management and
early detection of stress scenarios, the proposed framework offers
substantial improvements in financial resilience and operational
efficiency for modern banking institutions.
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1. INTRODUCTION

Liquidity risk represents one of the
most critical dimensions of financial risk
management, financial
institution’s ability to meet its short-term
obligations without incurring unacceptable
losses. Broadly categorized into funding

liquidity risk and market liquidity risk, it

reflecting  a

plays a significant role in ensuring the
stability and resilience of banking systems.
Funding liquidity risk arises when an
institution cannot efficiently meet cash flow
demands, whereas market liquidity risk refers
to the inability to execute transactions
without significantly affecting asset prices.
The interconnected nature of modern
financial markets amplifies both forms of
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liquidity risk, particularly during periods of
economic stress of modern financial markets
(1], [2].

The importance of liquidity risk
management has increased significantly in
the aftermath of the 2008 global financial
crisis, which exposed severe weaknesses in
traditional liquidity monitoring frameworks.
Financial institutions face sudden liquidity
shortages due to rapid withdrawal of
funding, market freezes, and a breakdown in
interbank lending mechanisms. In response,
regulators introduced stringent frameworks
such as the Basel III Liquidity Coverage Ratio
(LCR) and Net Stable Funding Ratio (NSFR),
along with the Basel Committee on Banking
Supervision (BCBS) 248 guidelines, which
emphasize the need for robust intraday
liquidity monitoring and reporting. These
regulations require institutions to maintain
adequate liquidity buffers and develop
capabilities for real-time liquidity risk
assessment [3], [4].

Despite these regulatory
advancements, traditional liquidity risk
modeling approaches remain static, rule-
based, and reliant on low-frequency data,
such as end-of-day balances or monthly
reporting cycles. Such approaches often
depend on deterministic assumptions and
simplified behavioral models that fail to
capture the dynamic, nonlinear, and highly
time-sensitive nature of liquidity flows. As
financial markets become increasingly
complex and digitized, these limitations
hinder the ability of institutions to anticipate
rapid changes in cash positions, particularly
within intraday horizons where liquidity
shocks can materialize within minutes [1], [3].

At the same time, the financial
industry is experiencing an unprecedented
surge in data volume, velocity, and variety,
driven by digital banking, real-time payment
systems, high-frequency trading, and global
interconnected markets. This big data
ecosystem includes granular transaction-level
records, streaming payment data from real-
time gross settlement (RTGS) systems, market
microstructure data, and external signals such
as macroeconomic indicators and news

sentiment. The availability of such rich and
high-frequency =~ datasets  creates  an
opportunity to fundamentally transform
liquidity risk management from a reactive
process into an initiative-taking and
predictive discipline [5].

Machine learning (ML) techniques
provide a powerful framework for leveraging
these large-scale datasets to model complex
patterns and dependencies that are difficult to
capture using traditional statistical methods
(6l [7]-

Unlike conventional models, ML
algorithms can learn nonlinear relationships,
adapt to evolving data patterns, and
incorporate diverse feature sets, enabling
more accurate and timely predictions of
liquidity positions. Advanced models such as
gradient boosting machines, random forests,
and deep learning architectures, including
Long Short-Term Memory (LSTM)
networks—are particularly well-suited for
capturing temporal dependencies and
intraday dynamics in liquidity flows [6], [8].

This paper proposes a machine
learning-driven framework for intraday
liquidity prediction, integrating big data
technologies with advanced predictive
modeling techniques. The approach focuses
on utilizing high-frequency transactional and
market data to forecast liquidity needs in near
real time, thereby enhancing decision-making
capabilities in treasury and risk management
functions. By incorporating scalable data
processing  architectures and real-time
analytics, the framework addresses critical
challenges associated with data ingestion,
feature engineering, and model deployment
in large financial institutions.

2. REGULATORY CONTEXT

The management of liquidity risk has
undergone significant transformation over
the past two decades, driven by regulatory
reforms introduced in response to systemic
financial crises. The 2008 global financial
crisis exposed fundamental weaknesses in
banks” liquidity management practices,
including  overreliance on  short-term
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wholesale funding, inadequate liquidity
buffers, and lack of transparency in intraday
liquidity positions. As a result, global
regulators  strengthened liquidity  risk
frameworks to ensure greater financial
system resilience and stability [3], [4].
2.1 Basel 1II Liquidity Framework
The Basel Committee on Banking
Supervision (BCBS) introduced Basel III,

which established two key quantitative
liquidity standards [3]:
1. Liquidity Coverage Ratio (LCR)
a. Requires banks to maintain a
sufficient stock of High-Quality
Liquid Assets (HQLA) to survive
a 30-day stressed funding
scenario.
b. Formula:

High-Quality Liquid Assets

LCR =

> 100%

Net Cash Outflows over 30 days

c. Focus:  Short-term  liquidity
resilience

d. Limitation: Primarily based on
daily aggregated data, not
intraday dynamics.

2. Net Stable Funding Ratio (NSFR)

a. Ensure banks maintain a stable
funding profile relative to the
liquidity characteristics of their
assets.

b. Encourages use of long-term
funding sources.

Available Stable Funding

NSFR =

c. Focus: Structural, long-term
stability.

d. Limitation: Not designed to
capture  intraday  liquidity
fluctuations.

2.2 Intraday Liquidity Monitoring — BCBS
248
Recognizing gaps in LCR and
NSFR, the BCBS introduced “Monitoring
tools for intraday liquidity management”
(BCBS 248) [4].
a. Key Objectives:

1. Enable banks to monitor intraday
liquidity usage in real time.

2. Improve payment and settlement
risk management.

3. Enhance operational
preparedness for stress scenarios.

b. Core Metrics:
1. Daily  maximum  intraday

liquidity usage

2. Timing of intraday liquidity
flows

3. Total payments made and
received.

4. Value of time-specific obligations
(e.g., CLS, CCP settlements)

" Required Stable Funding

2.3

=100%

5. Intraday credit usage
These metrics highlight the need
for granular, high-frequency data, which
traditional systems struggle to process
effectively [3].
Need  for  Advanced  Analytical
Approaches
While regulatory frameworks
have significantly improved liquidity risk
management, they present several
implementation challenges:
1. Granularity Requirements
Intraday monitoring requires
high-frequency, transaction-level
data, often in real time.
2. Dynamic Risk Assessment
Static ratios (LCR, NSFR) fail
to capture:
a. Sudden liquidity shocks
b. Nonlinear dependencies
c. Behavioral changes in customer
activity
3. Data Complexity
Integration of multiple data
sources:
a. Payment systems (RTGS)
b. Treasury systems
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c. Market data feeds
Managing data
streams requires big data infrastructure.

Role of Machine Learning in Regulatory

Compliance

Machine learning techniques can
enhance regulatory compliance in several

ways [6], [9]:

a. Real-time intraday liquidity
forecasting aligned with BCBS 248
expectations.

b. Early warning systems for liquidity
stress events

large-scale

c. Improved accuracy and
responsiveness compared to rule-
based models.

d. Enhanced scenario analysis and
stress testing capabilities

Additionally, explainable Al
techniques (e.g., SHAP values) support
compliance with model risk management

regulations, such as [10]:

3.1

3.2

a. SR 11-7 (Federal Reserve guidance on
model risk)
b. ECB model governance expectations

3. TRADITIONAL LIQUIDITY
RISK MODELS
Overview

Traditional liquidity risk models
have long served as the foundation for
liquidity
positions within financial institutions.
These models are typically rule-based,
deterministic, and built on aggregated
historical data, making them suitable for

measuring and managing

regulatory reporting and high-level
monitoring.  However, with  the
increasing complexity of financial

markets and the rise of real-time payment
systems, these approaches exhibit
significant limitations particularly for
intraday liquidity prediction [1], [2].
Model Comparison and Description

Table 1. Model Comparison and Description

Model Type Concept Key Features Use Cases Limitations
a. Coarse
h
l(ﬁfefiilel;ise the a. Time  bucket | a. Identifying granularity (no
between  cash classification funding intraday insight)
Gap Analysis | inflows and (overnight, 1- gaps b. Assuming
Models outflows across week, I-month) | b. Liquidity deterministic
redefined time b. Static maturity planning timing
Euckets structure c. Ignores
’ behavioral
variability
Proiects Based on Dependent  on
Cash Fl 4 ted infl contractual Forecasting historical
MaiZmatch ow Z)r?:ie(c:)jt ﬂl(zlw(s)‘/\t’s cashflows liquidity averages
Models estimate et Many include positions Poor at capturing
liquidit simple d. Treasury sudden changes.
gsitiori/ behavioral planning Limited real-time
P ) overlays capability
Static
Adjusts Deposit Retail assumptions
Behavioral contractual stickiness deposit Breakdown
Assumption- flows using modeling. modeling under stress
Based assumptions Prepayment Loan/credit scenarios
Forecasting about customer and withdrawal utilization Limited
behavior assumptions. forecasting adaptability  to
market changes
. Evaluates Market-wide
Scenario- liquidity under and g. Regulatory Infrequently
Based  Stress ) . . compliance updated
. predefined idiosyncratic .
Testing stress scenarios scenarios (Basel IT scenarios
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Model Type Concept Key Features Use Cases Limitations
h. Regulatory- h. Real k. Cannot capture
driven  stress resilient real-time
assumptions assessment dynamics.
l.  Limited intraday
applicability
4. INTRADAY LIQUIDITY 2. Macroeconomic indicators:
PREDICTION USING BIG GDP, inflation,
DATA AND MACHINE unemployme-nt.
LEARNING 3. News& sfentm.lent data:
Financial news, market
Big data plays a transformative role sentiment signals.
c¢. High Frequency Data

in modern liquidity risk modeling by
enabling the processing of high-volume, high-
velocity, and diverse datasets required for
accurate intraday liquidity prediction. Unlike

traditional

systems, big data platforms

support real-time ingestion, storage, and

analytics, making them essential for next-
generation liquidity management [5], [11].
4.1 Role of Big Data in Liquidity Modeling

Big data plays a transformative

role in modern liquidity risk modeling by
enabling the processing of high-volume,

high-velocity,

and diverse datasets

required for accurate intraday liquidity
prediction. Unlike traditional systems,
big data platforms support real-time
ingestion, storage, and analytics, making

them

essential for next-generation

liquidity management.
4.2 Data Sources for Liquidity Modeling

a.

b.

Internal Data
1. Transaction-level
flows:

payment
Real-time inflows and
outflows from payment systems.
2. Account balances:
Current and historical
account balances.
3. Treasury funding activities:
Borrowing, lending, and
funding decisions.
External Data
1. Market Data:
Yield curves, interbank
rates, liquidity spread.

1. Tick-level market data:
Millisecond-level
and trade data.
2. Intraday
(RTGS):
Real-time

price
payment  patterns

gross
settlement system flows.

4.3 Big Data Characteristics (The 4Vs)

a.

b.

d.

Volume: Massive datasets from
transactions, markets, and systems
Velocity: Continuous real-time data
streams

Variety: Structured, semi-structured,
and unstructured data

Veracity: Data quality and reliability

challenges

4.4 Big Data Architecture

a.

Data Ingestion

1. Function: data
collection from multiple sources.

2. Technologies: Kafka, APIs, ETL
pipelines.

Storage Layer:

1. Function: Scalable storage for

Real-time

structured/unstructured data

2. Technologies: Azure Data Lake,
Hadoop HDFS

Processing Layer:

1. Function: Batch and real-time
data processing

2. Technologies:
Streaming

Analytics Layer:

1. Function: Feature engineering
and model training

2. Technologies:  Python, @ ML
Frameworks

Spark,  Spark
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e. Output Layer: 2. Technologies: Dashboards, APIs
1. Function: Real-time liquidity
insights and alerts

Data Sources

« Internal datal: Tansament flows

Account balances, Treasury fundindtivites
External Data: Market date (interest, sprads)
News and sentiment data

High-Frequency data: Tic-k-lev.

market data, Intraday payment ;atterns (RTGS)

Data Sources Data Ingestion Big Data Platform Dashboard
Batch ETL Batch ETL streaming Data Lake | DStst: Hadoop & Alerts

Data Ingestion

« Stream processing
pipelines

* Model training: rine-
time prediction

Analytics & Machine
Learning

Feature Engineering
Model Training
Real-time Prediction

Figure 1. Intraday Liquidity Prediction using Big Data and Machine Learning

5. MACHINE LEARNING b. Time-Series Forecasting: Predict
APPROACHES FOR sequential liquidity values over time,
INTRADAY LIQUIDITY capturing temporal dependencies.
PREDICTION c. Classification: Predict discrete

outcomes such as stress vs. non-stress

Machine learning (ML) provides a events.

powerful framework for modeling complex, Mathematical Representation

nonlinear, and high-frequency liquidity (Regression Example)

dynamics. Unlike traditional models, ML

techniques can learn patterns from large-scale Le=/XoXe o Xen) + e

Where:
datasets and adapt to evolving market ere
behavior, making them particularly suitable
for intraday liquidity prediction [8]. a. L, Liquidity position at time ¢
5.1 Problem Formulation b. X;: Feature set at time t
Intraday liquidity prediction can ¢.  f:Machine learning function
be framed as multiple machine learning d. e: Error term
problem types depending on the 5.2 Model Types
objective: a. Supervised Learning Models

a. Regression: Predict continuous
liquidity metrics such as cash
position or liquidity buffer

These models use labeled
historical data to learn relationships
between input features and liquidity
outcomes [6].

Table 2. Supervised Learning Models

Model Description Advantages Limitations
Simple linear
Linear Regression . P . Easy to interpret, Cannot capture
i relationship between . . .
(Baseline) fast. nonlinear relationships
features and target
Manages Less interpretable,
Ensemble of decision . g. . p
Random Forest . . nonlinearities, computationally
trees using bagging . .
robust to noise heavier
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Model Description Advantages Limitations
S tial t High ,
Gradient Boosting o tiriglzlii? larelc;leiiiion ma;ga ZSCCC];EC}IIE}X Risk of overfitting,
(XGBoost, LightGBM) P &P nages cormp tuning required
errors interactions

b. Supervised Learning Models

particularly

Deep learning models are
effective for time-

dependent and sequential data [12].

Table 3. Deep Learning Models

Model Description Use in Liquidity Modeling
LSTM (Long Short-Term Captures long-term temporal Models’ intraday liquidity
Memory dependencies in sequences patterns and trends
GRU (Gated Recurrent Lightweight alternative to LSTM Faster training with similar
Unit) with fewer parameters performance
Transformer-based Uses attention mechanisms to Captures complex temporal and
Models model dependencies feature interactions

c¢. Supervised Learning Models

Used when labeled data is
limited or for discovering hidden
patterns.

Table 4. Unsupervised Learning Models

Technique

Purpose Application

Clustering (K-Means,
Hierarchical)

Identify liquidity behavior

Segment client transaction

patterns behaviors

Anomaly Detection (Isolation
Forest, Autoencoders)

Detect unusual liquidity

Early warning signals for
liquidity stress

events

6. MODEL ARCHITECTURE FOR
INTRADAY LIQUIDITY
PREDICTION

The model architecture for intraday
liquidity = prediction  integrates  data

6.1 Architecture Overview
The architecture consists of the
following key layers:
a. Data Sources Layer
b. Data Ingestion Layer
c. Data Processing Layer (Cleaning &

engineering, machine learning, and real-time Transformation)
analytics into a unified pipeline. It is designed d. Feature Engineering Layer
to process high-frequency financial data and e. Model Training Layer
generate accurate, low-latency liquidity f.  Real-Time Scoring Layer
forecasts. g. Visualization & Alert Layer
Data Data | | Data | | Feature | | Dashboard/
Sources Ingestion Cleaning Engineering Alert System
Model
Training
Real-Time
Scoring

Figure 2. Mode Architecture for Intraday Liquidity Prediction
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6.2 Components Enables intraday liquidity

1. Data Sources
Provides raw input data from
multiple systems:
a. Internal systems
1) Payment transactions
2) Account balances

6.3

forecasting in real time.

Components

a. Real-Time Processing: Streaming
pipelines for live data.

b. Scalability: Distributed big data
systems

3) Treasury funding c. Predictive Analytics: ML/DL models
activities Automation: End-to-end pipeline
b. External data e. Integration: Connects multiple
1) Market indicators systems

(interest rates, spreads)
2) Macroeconomic signals
c. High-frequency data
1) RTGS payment flows

6.4

Tools & Technologies

The implementation of intraday
liquidity —prediction using machine
learning and big data requires a robust

2) Tick-level market data technology  stack  spanning  data
2. Data Ingestion ingestion, storage, processing,
Handles data collection and modeling, and visualization layers.

streaming;: These tools enable financial institutions to
a. Batch ingestion (ETL handle high-volume, high-frequency data
pipelines) while supporting real-time predictive
b. Real-time ingestion (Kafka, analytics.  (Microsoft Azure, n.d.;
APIs) Goodfellow et al., 2016; Chen & Guestrin,
c. Event-driven streaming 2016)
3. Data Cleaning & Processing 1. Programming Languages & Core
Prepares raw data for Libraries
modeling: a. Primary Languages
a. Missing value handling 1) Python
b. Outlier detection a) Most widely used for
c. Data normalization machine learning and
d. Time alignment data analytics

(synchronizing multiple data b) Strong ecosystem for
streams) data processing and
4. Model Training modeling
Builds predictive models 2) Scala/]Java
using historical data: Commonly used in
a. Machine Learning models: big data frameworks (e.g.,

Random Forest, XGBoost
b. Deep Learning models: LSTM,
GRU, Transformers
Training Pipeline:
a. Train-validation split
b. Hyperparameter tuning
¢. Model evaluation (RMSE, MAE)
5. Real-Time Scoring
Applies trained models on
live data streams:
a. Real-time feature generation
b. Continuous prediction updates
c. Low-latency inference

Apache Spark).
3) Key Python Libraries

a) Pandas/NumPy — Data
manipulation and
numerical computation

b) Scikit-learn — Classical
machine learning models
(regression,
classification)

¢) Statsmodels — Statistical
analysis and time-series
models
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d) SciPy —  Advanced
mathematical
computations

Machine Learning & Deep Learning

Frameworks

a. Traditional ML:

XGBoost, LightGBM
b. Deep Learning: TensorFlow,
Keras, PyTorch

c. Time-Series Libraries: Prophet,
Darts

d. Model Explainability: SHAP,
LIME

Big Data & Distributed Processing

a. Distributed Storage: Hadoop
HDFS, Azure Data Lake

b. Distributed Processing: Apache
Spark

c. Streaming Processing: Spark
Streaming, Apache Flink

d. Messaging Systems:
Kafka

Data Ingestion & Integration Tools

a. Apache Kafka:
streaming of payment and
market data

b. ETL Tools: Informatica, Talend,

Azure Data Factory

c. APIs: Integration with external

market data providers
Cloud Platforms
a. Microsoft Azure: Azure Data
Lake, Azure Synapse, Azure ML

. AWS: 53, Redshift, SageMaker

c¢. Google Cloud: BigQuery, Vertex
Al

Data Storage & Querying

a. Relational Databases: SQL
Server, PostgreSQL

b. NoSQL Databases: Cassandra,
MongoDB  (for high-velocity

Scikit-learn,

Apache

Real-time

data)

¢. Query Engines: Hive, Presto,
Spark SQL

Model Deployment & MLOps

a. Model Deployment: Docker,
Kubernetes

b. MLOps Platforms: MLflow,
Kubeflow

8.

7.

c. CI/CD  Pipelines:  Jenkins,
GitHub Actions

d. Monitoring Tools: Prometheus,
Grafana

Visualization & Reporting

a. BI Tools: Power BI, Tableau

b. Dashboards: Real-time liquidity
monitoring, Alert generation,
and visualization

c. Reporting Systems: Regulatory
compliance reporting (Basel III)

USE CASES

Machine learning—driven intraday

liquidity models enable financial institutions
to move from reactive liquidity management
to initiative-taking, predictive decision-
making. Key use cases include:

7.1 Intraday Cash Position Forecasting

a.

b.

Predict real-time cash inflows and
outflows throughout the day.
Optimize liquidity buffers at hourly
or minute granularity.

Reduce idle  liquidity = while
maintaining regulatory compliance.

Business Impact:

a.
b.

Improved capital efficiency
Reduced funding costs

7.2 Early Warning Systems for Liquidity
Stress

a.

b.

Detect abnormal liquidity patterns

using anomaly detection models.

Identify early signals of:

1) Sudden withdrawal spikes

2) Market stress conditions

3) Trigger alerts for initiative-taking
mitigation.

Business Impact:

a.
b.

Enhanced risk mitigation
Reduced probability of liquidity
crises

7.3 Regulatory Liquidity Reporting

a.

Enhance compliance with:

1) Basel III (LCR, NSFR)

2) BCBS 248 intraday liquidity
monitoring

3) Automate
reporting.

real-time liquidity
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b. Business Impact:

1) Improved regulatory
compliance.

2) Reduced reporting effort and
errors

8. CHALLENGES AND RISKS

The adoption of machine learning
(ML) and big data technologies for intraday
liquidity prediction introduces significant
advantages, but also presents a range of
technical, operational, regulatory, and
strategic challenges. These risks must be
effectively managed to ensure reliable,
compliant, and scalable deployment in
financial institutions.

Table 5. Challenges and Risks

Category Key Issues Mitigation Approach
Data Quality, volume, integration Data governance, validation
Model Overfitting, drift, explainability Monitoring, retraining, explainable Al
Regulatory Compliance requirements Strong governance frameworks
Operational Integration, scalability Cloud adoption, modular architecture
Security Data privacy, cyber risk Encryption, access controls

While machine learning introduces
significant ~advancements in intraday
liquidity prediction, its successful adoption
depends on addressing challenges related to
data, model governance, regulatory
compliance, and system integration. Financial
institutions that effectively manage these
risks can unlock substantial benefits in
predictive accuracy, operational efficiency,
and financial resilience.

9. FUTURE TRENDS

The evolution of liquidity risk
modeling is  closely  aligned  with
advancements in artificial intelligence, data
engineering, and financial technology.
Several emerging trends are expected to
shape the future of intraday liquidity
prediction:
9.1 AI-Driven

Systems

a. Integration of predictive models with
automated decision engines.

b. Real-time optimization of liquidity
buffers, funding, and collateral.

Autonomous Treasury

c. Reduced manual intervention in
treasury operations.
9.2 Real-Time Liquidity Digital Twins
a. Creation of digital replicas of
liquidity positions and cash flows.
b. Simulation of multiple stress
scenarios in real time.

c. Continuous monitoring and
prediction.
9.3 Advanced Deep Learning & Transformer
Models
a. Adoption of transformer-based time-
series architectures
b. Improved ability to capture long-
range dependencies and complex
patterns.
c. Hybrid models combining statistical
+ deep learning approaches.
9.4 Explainable Al (XAI) and Model
Governance
a. Increased regulatory demand for
transparency.
b. Adoption of explainability tools like
SHAP and LIME.
c. Integration with model risk
management frameworks.
9.5 Integration with Real-Time Payment
Systems
a. Growing adoption of instant
payment systems (RTGS, FedNow,
UPI).
b. Need for continuous, real-time
liquidity monitoring.

10. CONCLUSION

Liquidity risk management has
become a critical priority for financial
institutions operating in increasingly complex
and volatile global markets. Traditional
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liquidity modeling approaches, while
foundational, are constrained by their reliance
on static assumptions, low-frequency data,
and limited analytical capabilities.

This paper has demonstrated how
machine learning and big data technologies
can significantly enhance intraday liquidity
prediction. By leveraging high-frequency
data, advanced predictive models, and
scalable data  architectures, financial
institutions can transition from reactive
liquidity management to initiative-taking and
predictive frameworks.

Machine learning models—ranging
from traditional regression techniques to
advanced deep learning architectures such as
LSTM and transformer-based models—
enable the capture of nonlinear relationships,
temporal dependencies, and behavioral
patterns in liquidity flows. When integrated
with big data platforms, these models provide
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