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Abstract

The exponential growth of financial data, driven by digitization, regulatory mandates, and
market complexity, has outpaced the capabilities of traditional data management
infrastructures. In response, financial institutions are increasingly adopting cloud-native
data lake architectures to meet the demands of advanced financial modelling and
compliance analytics. These architectures combine the scalability and flexibility of cloud
computing with the agility of data lake designs, enabling seamless ingestion, storage, and
processing of diverse financial datasets—including structured, semi-structured, and
unstructured data. This explores the core components and strategic advantages of cloud-
native data lakes in the context of modern financial operations. Key technologies include
scalable object storage systems (e.g., Amazon S3, Azure Data Lake), distributed processing
engines (e.g., Apache Spark, Flink), and real-time ingestion tools (e.g., Kafka, AWS
Kinesis). When integrated with AI/ML toolchains and robust metadata management
frameworks, these ecosystems support complex use cases such as credit risk assessment,
portfolio optimization, regulatory stress testing, and anti-money laundering (AML)
analytics. A major benefit of cloud-native data lakes is their support for schema-on-read
and lakehouse paradigms, which enhance data agility and analytical flexibility without the
rigidity of traditional ETL pipelines. In compliance contexts, they facilitate real-time
monitoring, audit trails, and regulatory reporting by enabling unified access control,
encryption, and data lineage tracking. However, the shift to cloud-native platforms is not
without challenges. Data quality assurance, governance, and interoperability across cloud
providers remain significant concerns. Nonetheless, when designed with architectural best
practices and regulatory alignment, cloud-native data lakes empower financial institutions
with a future-proof platform for data-driven innovation, operational resilience, and
compliance adherence. This provides a conceptual and technical foundation for
understanding and implementing cloud-native data lake architectures tailored to the
evolving needs of the financial services sector.
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1. Introduction

In today’s rapidly evolving financial landscape, the ability to process, store, and analyze vast volumes of heterogeneous data has
become a strategic imperative for financial institutions (Osabuohien, 2017; Oni et al., 2018). As markets globalize and
regulations grow in complexity, traditional data infrastructure—largely reliant on rigid, on-premises data warehouses—is
increasingly unable to meet the demands of real-time analytics, scalability, and regulatory transparency. In response, cloud-
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native data lake architectures have emerged as a flexible,
cost-effective, and scalable solution for managing and
extracting value from financial data (Osabuohien, 2019;
Ogundipe et al., 2019). These architectures blend the
principles of cloud computing with the storage and
processing capabilities of data lakes, creating an integrated
environment for advanced financial modeling and
compliance analytics (Awe and Akpan, 2017; Akpan et al.,
2019).

Data lakes are centralized repositories designed to store raw,
unstructured, semi-structured, and structured data at scale.
Unlike traditional data warehouses, which enforce a
predefined schema and structured format, data lakes operate
on a “schema-on-read” paradigm (Otokiti, 2012; Lawal et al.,
2014). This enables users to define the structure at the point
of analysis, granting flexibility in handling evolving data
sources and types. When implemented on cloud platforms—
such as Amazon Web Services (AWS), Microsoft Azure, or
Google Cloud—these data lakes benefit from elastic
compute, high availability, and seamless integration with
machine learning and artificial intelligence (Al) toolchains
(Akinbola and Otokiti, 2012; Lawal et al., 2014). Cloud-
native data lake architectures thus support high-throughput
ingestion, distributed processing, and on-demand analytics,
which are essential capabilities in modern financial
environments (Amos et al., 2014; Ajonbadi et al., 2014).
The financial sector is witnessing unprecedented growth in
both data volume and complexity. Regulatory compliance
frameworks such as Basel 111/IV, MIFID I1l, and IFRS 9
demand granular transparency and real-time reporting across
asset classes and geographies (Ajonbadi et al., 2015; Otokiti,
2017). Simultaneously, advanced financial modeling
techniques—ranging from Monte Carlo simulations to Al-
driven credit scoring and portfolio optimization—require
massive datasets, high-performance compute environments,
and real-time orchestration. This dual demand for regulatory
adherence and advanced analytics necessitates an
architectural shift from siloed data management to unified,
scalable, and cloud-native data ecosystems (Otokiti, 2017;
Ajonbadi et al., 2016).

The purpose of this review is to explore the architectural
principles, benefits, and use cases of cloud-native data lakes
tailored for the financial services industry. It examines how
financial institutions can leverage cloud-native technologies
to build data infrastructures capable of supporting real-time
fraud detection, personalized financial services, capital
adequacy monitoring, and automated compliance reporting.
This outlines the core components of a modern data lake
architecture, including data ingestion frameworks,
distributed processing engines, governance layers, and
security protocols. It also analyzes how these systems enable
new forms of analytics while addressing key concerns such
as data sovereignty, interoperability, and operational
resilience.

Furthermore, this investigates future directions in this field,
including the integration of Al agents for autonomous
decision-making, blockchain for transparent auditability, and
sustainability-driven enhancements for greener computing.
The broader objective is to provide both a conceptual and
technical foundation for financial institutions seeking to
modernize their data infrastructure while maintaining
compliance and unlocking new strategic value (Otokiti and
Akorede, 2018; ILORI et al., 2020).

Cloud-native data lake architectures are not merely technical
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upgrades—they represent a paradigm shift in how financial
institutions collect, analyze, and govern data. By adopting
these architectures, organizations can future-proof their data
capabilities, accelerate innovation, and meet the growing
expectations of regulators, customers, and shareholders alike
(Otokiti, 2018; ONYEKACHI et al., 2020). This aims to
guide stakeholders through this transformation by offering a
structured, research-based exploration of cloud-native data
lakes in the context of financial modeling and compliance
analytics.

2. Methodology

The PRISMA methodology applied in the study "Cloud-
Native Data Lake Architectures for Advanced Financial
Modelling and Compliance Analytics" followed a systematic
review framework to ensure transparency, reproducibility,
and rigor in identifying, selecting, and synthesizing relevant
literature. The review process began with a comprehensive
search across major academic and technical databases
including IEEE Xplore, Scopus, ScienceDirect, ACM Digital
Library, and Google Scholar. The search terms included
combinations of ‘“cloud-native,” “data lake architecture,”
“financial modelling,” “regulatory analytics,” “compliance
reporting,” “data governance,” and “big data in finance,”
using Boolean operators to refine relevance.

The initial search yielded 652 articles. After duplicate
removal using reference management software, 497 unique
records were retained for screening. Titles and abstracts were
then assessed against predefined inclusion criteria, which
required studies to focus on cloud-native technologies, data
lakes, or their applications in financial analytics and
compliance. Articles were excluded if they were unrelated to
finance, focused solely on traditional data warehousing, or
lacked a technological architecture component. After this
stage, 146 studies were shortlisted for full-text review.

In the eligibility phase, full texts were examined to ensure
methodological rigor and alignment with the research focus.
Only peer-reviewed journal articles, conference proceedings,
and high-quality industry whitepapers published between
2015 and 2025 were considered. Exclusion criteria included
studies that addressed only general cloud computing without
architectural detail, and works that lacked empirical or
architectural depth. Following this stage, 63 studies met the
full eligibility criteria and were included in the final
synthesis.

The selected studies were systematically analyzed for their
treatment of key themes including data lake architectural
design, cloud-native services and tools, scalability,
performance optimization, security mechanisms, support for
financial modelling, and regulatory compliance use cases.
Data extraction was guided by a thematic framework, and the
synthesis employed narrative and comparative analysis
methods to draw out cross-study insights and emerging
architectural patterns. This PRISMA-aligned review process
enabled a robust, evidence-based understanding of how
cloud-native data lake architectures are being leveraged to
support advanced financial modelling and compliance
analytics in modern financial institutions.

2.1 Evolution of Financial Data Management

The evolution of financial data management reflects the
broader technological and operational transformation
occurring within the global financial services sector.
Traditionally rooted in on-premises relational databases and
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structured data warehouses, financial institutions have
rapidly transitioned toward more flexible, cloud-native
architectures capable of handling vast, heterogeneous
datasets. This shift has been catalyzed by a combination of
structural drivers, including the proliferation of big data,
growing regulatory scrutiny, and the demand for real-time
analytics (Otokiti and Akinbola, 2013; Akinbola et al., 2020).
The emergence of data lakes and cloud-native computing
marks a critical inflection point in how financial data is
collected, stored, processed, and governed.

Historically, financial institutions relied heavily on
traditional data warehouse systems to support reporting,
analytics, and decision-making. These systems were
designed for structured data and operated on batch-
processing models with tightly controlled schemas and
predefined reporting formats. While suitable for stable,
periodic financial reporting, traditional warehouses were
limited in flexibility and scalability. The Extract-Transform-
Load (ETL) processes were complex and time-consuming,
often leading to latency in data availability and insights. As
financial data sources diversified — including unstructured
documents, high-frequency trading data, customer
interactions, and external risk indicators — these legacy
systems struggled to accommodate new demands.

The limitations of traditional systems laid the groundwork for
the adoption of data lakes, which provide a more adaptable
architecture for ingesting raw, structured, semi-structured,
and unstructured data. Unlike data warehouses, data lakes
follow a schema-on-read approach, allowing financial
institutions to store vast volumes of data without requiring
immediate structuring. This flexibility enables institutions to
retain more information at lower costs, supporting diverse
analytics use cases such as fraud detection, credit risk
modeling, and regulatory reporting (FAGBORE et al., 2020;
Mgbame et al., 2020). As a result, data lakes have become
the backbone of modern financial data ecosystems,
facilitating deeper insights through advanced analytics,
machine learning, and historical trend analysis.
Concurrently, the industry has witnessed a paradigm shift
toward cloud-native computing, with financial institutions
increasingly deploying their data infrastructure on public,
private, or hybrid cloud platforms. Cloud-native
environments offer significant advantages over traditional
on-premises setups, including elastic scalability, high
availability, automated provisioning, and global accessibility.
This shift has been instrumental in supporting real-time data
processing and analytics, which are critical in use cases such
as algorithmic trading, real-time compliance monitoring, and
instant credit scoring. Moreover, cloud platforms provide a
rich ecosystem of tools — from serverless functions and
container orchestration to managed databases and Al services
— that empower financial institutions to rapidly develop and
deploy data-driven applications.

One of the primary drivers behind this transformation is the
explosive growth of big data in financial services.
Transactional data, market feeds, geolocation records, social
media signals, 10T telemetry from ATMs and POS systems,
and third-party compliance data all contribute to the
exponential increase in data volume and variety. To remain
competitive and operationally resilient, financial institutions
must be able to ingest, store, and analyze these data streams
at scale. Data lakes and cloud-native architectures, with their
ability to decouple storage and compute, are uniquely
positioned to handle these requirements efficiently (Akpe et
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al., 2020).

Another major driver is the intensifying regulatory pressure
imposed by international and national supervisory bodies.
Frameworks such as Basel Ill, MiFID II, GDPR, and the
Dodd-Frank Act demand granular, timely, and transparent
access to data for compliance, auditability, and risk
assessment. These regulations have shifted the focus of data
management from operational efficiency to accountability
and traceability. Cloud-native data lakes equipped with
metadata management, audit trails, data lineage, and
automated compliance tools are now essential for satisfying
these requirements. Financial institutions can configure data
access policies, encryption protocols, and retention schedules
with greater precision and automation, enhancing both
governance and responsiveness to regulatory audits.
Real-time analytics has also emerged as a critical capability
in modern financial operations. Whether for detecting
fraudulent transactions, recalibrating risk exposures, or
personalizing customer experiences, the ability to analyze
data in motion rather than in hindsight has become a
competitive necessity. Traditional data warehouses are ill-
suited for such demands due to their reliance on batch
processing. In contrast, cloud-native data lakes can be
integrated with real-time data ingestion engines (e.g., Apache
Kafka, AWS Kinesis) and stream processing frameworks
(e.g., Apache Flink, Spark Streaming), enabling continuous
intelligence and rapid decision-making.

The evolution of financial data management reflects a
decisive departure from rigid, centralized systems toward
more agile, scalable, and intelligent platforms. The migration
from traditional data warehouses to data lakes, and the
embrace of cloud-native architectures, has been driven by the
necessity to manage big data, meet escalating regulatory
requirements, and harness the value of real-time analytics.
These transformations are not merely technological upgrades
but strategic imperatives that redefine how financial
institutions compete, comply, and innovate in a data-
intensive world (Gomber et al., 2018; Pramanik et al., 2019).

2.2 Core Components of Cloud-Native Data Lake
Architectures

Cloud-native data lake architectures are designed to
efficiently manage the complexity, velocity, and volume of
modern financial data. These architectures are modular,
scalable, and highly integrated, enabling institutions to
ingest, process, store, and govern data with precision and
resilience. At the heart of these systems are several critical
components that work together to ensure high performance,
regulatory compliance, and analytical versatility as shown in
figure 1(Sha et al., 2018; Ray et al., 2019). This explores the
foundational elements of cloud-native data lake architectures,
including data ingestion frameworks, storage layers,
metadata and cataloging systems, data processing engines,
and access/governance mechanisms.

Data ingestion is the first step in populating a data lake and is
critical for ensuring timely and accurate data availability.
Cloud-native data lakes must handle a diverse set of financial
data sources—ranging from core banking systems and ERP
tools to market data feeds and transaction logs. Two primary
modes of ingestion are employed: batch and streaming.
Batch ingestion frameworks are used for scheduled data
uploads, often from legacy systems or static reports. Tools
like AWS Data Pipeline, Azure Data Factory, and Google
Cloud Dataflow facilitate ETL processes in batch mode,
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making them suitable for non-real-time analytics and
historical modeling.

Data ingestion frameworks

Storage layers

Metadata and cataloging

Data processing engines

Access and governance layers

Fig 1: Core Components of Cloud-Native Data Lake Architectures

In contrast, streaming ingestion enables real-time data flow
from sources such as trading platforms, fraud detection
systems, or regulatory monitoring dashboards (Di Castri et
al., 2019; NWAIMO et al., 2019). Apache Kafka and AWS
Kinesis are widely used streaming platforms that can handle
high-throughput, low-latency data streams. These tools
support continuous ingestion, which is essential for time-
sensitive applications like risk assessment and anomaly
detection in financial services.

Once ingested, data is stored in highly scalable and durable
object storage systems. Cloud-native data lakes rely on
storage solutions such as Amazon S3, Azure Blob Storage,
and Google Cloud Storage, which allow seamless scaling and
cost-effective archival of large datasets. Object storage
supports various data formats—CSV, Parquet, Awvro,
JSON—making it ideal for storing structured, semi-
structured, and unstructured financial data.

Lakehouse models represent an architectural evolution that
combines the flexible storage of data lakes with the
transactional consistency of data warehouses. Delta Lake,
Apache Iceberg, and Apache Hudi are leading lakehouse
implementations that enable ACID-compliant transactions,
versioned data management, and schema evolution. These
features are critical for compliance audits and financial
reconciliations where data integrity and traceability are non-
negotiable.

Metadata management is foundational for discoverability,
lineage, and governance of data within the lake. Cataloging
tools index and maintain information about datasets,
including schema definitions, data types, timestamps, and
access controls.

AWS Glue provides a managed metadata catalog with
support for automated schema discovery and job
orchestration. Hive Metastore, an open-source alternative,
integrates well with tools like Apache Spark and Presto,
while Google Dataplex offers a unified data management
platform that spans multiple storage and processing
environments. Effective metadata management ensures that
data scientists, compliance officers, and business analysts can
find and use data reliably while adhering to governance
policies (Haynes, 2018; Stathias et al., 2018).
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Data processing in a cloud-native data lake is distributed,
scalable, and multi-paradigm. Apache Spark is a general-
purpose engine widely used for large-scale batch and micro-
batch processing. Its in-memory computation capabilities
make it ideal for modeling complex financial simulations or
aggregating regulatory reports.

Apache Flink specializes in true real-time streaming analytics
and is gaining traction in use cases such as fraud detection
and transaction monitoring. Presto (now Trino) supports
interactive SQL queries over heterogeneous data sources,
enabling ad hoc analysis without data movement.
Snowflake, although a cloud data warehouse, functions
within modern data lake ecosystems by offering external
table access to S3 or Blob storage. This interoperability
allows for unified analytics across structured warehouse data
and raw data lake content, ideal for hybrid analytic
workflows.

Data governance is paramount in financial institutions where
regulatory compliance, security, and privacy are tightly
enforced. Identity and Access Management (IAM)
frameworks such as AWS 1AM, Azure Active Directory, and
Google IAM define who can access what data and under what
conditions. Fine-grained access policies and role-based
permissions protect sensitive financial datasets and ensure
least-privilege access principles.

Encryption is a foundational security layer, typically
enforced both at rest and in transit using technologies such as
AWS Key Management Service (KMS) or Azure Key Vault.
Tokenization—replacing sensitive data elements with non-
sensitive equivalents—is increasingly used to protect
Personally ldentifiable Information (PIl) while preserving
referential integrity for analytics.

These governance mechanisms work in tandem to create a
secure, compliant, and transparent data environment, meeting
the rigorous standards imposed by regulations such as GDPR,
CCPA, and PCI-DSS (Paik et al., 2019; Hussien et al., 2019).
The core components of cloud-native data lake architectures
are intricately connected, forming a robust, scalable
foundation for modern financial data management. From
real-time ingestion to metadata-driven governance, each
layer plays a pivotal role in enabling financial institutions to
meet both their analytical and compliance objectives. As
financial data continues to expand in complexity and volume,
these components will remain essential to maintaining
agility, insight, and integrity across the data lifecycle.

2.3 Advanced Financial Modelling Use Cases

Advanced financial modelling is central to strategic planning,
risk mitigation, regulatory compliance, and performance
optimization in modern financial institutions. As financial
markets evolve in complexity, data-driven decision-making
demands architectures that are capable of processing high-
volume, high-velocity, and high-variety data (Biswas and
Sen, 2017; Palanivel, 2019). Cloud-native data lake
architectures provide the ideal foundation for such use cases,
enabling scalable, cost-effective, and real-time modelling
workflows. This discusses four critical areas of advanced
financial modelling that benefit from the capabilities of
modern cloud-native data lakes: credit risk and default
modeling, portfolio optimization and scenario analysis,
algorithmic trading and forecasting, and stress testing with
Monte Carlo simulations.

Credit risk assessment—the probability that a borrower will
default on obligations—is a core component of financial
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stability and regulatory compliance. Traditional risk models,
such as logistic regression or scorecard methods, often
struggle with heterogeneous data and limited scalability. In
contrast, cloud-native data lakes allow institutions to
incorporate vast and diverse datasets such as credit histories,
transaction  records, macroeconomic indicators, and
behavioral analytics from social media or mobile apps.
Machine learning models like XGBoost, LightGBM, and
neural networks can be trained on historical default data
stored in cloud data lakes to predict risk levels at scale. With
real-time data ingestion frameworks such as Apache Kafka
and AWS Kinesis, risk models can be updated dynamically
to reflect changes in borrower behavior or market conditions.
Moreover, integration with regulatory compliance systems
allows institutions to automate Basel I1I/IV risk-weighted
asset calculations and produce transparent audit trails.
Portfolio optimization involves the allocation of financial
assets to maximize expected returns while minimizing risk.
Modern approaches often employ quantitative methods,
including mean-variance optimization, risk parity, and factor-
based investing. Cloud-native data lakes enhance these
models by enabling the ingestion and analysis of diverse data
types—such as real-time market feeds, ESG scores,
geopolitical news sentiment, and derivative positions.
Scenario analysis, a critical extension of portfolio modeling,
evaluates the impact of hypothetical market events—such as
interest rate hikes, commodity shocks, or political crises—on
portfolio value and volatility. By leveraging the scalability of
data lakes, financial institutions can run simulations across
multiple scenarios and asset classes simultaneously.
Distributed processing engines like Apache Spark and Flink
facilitate large-scale matrix computations, while machine
learning algorithms can adjust portfolios in response to
evolving risk-return profiles.

Through data lake integration with Bl tools and visualization
platforms (e.g., Tableau, Power Bl), portfolio managers gain
real-time dashboards for performance monitoring, scenario
visualization, and automated rebalancing strategies.
Algorithmic trading relies on high-frequency data processing
and predictive analytics to execute buy/sell decisions at
microsecond scales. These models depend on the ability to
process streaming data from financial markets, including
order books, tick data, and alternative signals such as weather
patterns or Twitter sentiment.

Cloud-native data lakes provide the elasticity and throughput
required to support algorithmic trading workflows.
Streaming engines like Apache Kafka or Flink can ingest
real-time feeds, while serverless architectures allow for
horizontal scaling during trading peaks (Erik and Emma,,
2018; Kovacevic and Mekterovic, 2018). Time-series
forecasting models—such as ARIMA, Prophet, and recurrent
neural networks (e.g., LSTM)—can be trained on historical
price data and retrained frequently to account for market
shifts.

Predictive signals derived from these models inform trade
strategies, such as statistical arbitrage, momentum trading, or
mean-reversion. The ability to store and replay historical data
is also essential for backtesting trading algorithms, which
cloud-native data lakes support through cost-effective object
storage and versioned datasets.

Stress testing is used by financial institutions to assess capital
adequacy under adverse economic scenarios. These
simulations  must  consider  correlations  between
macroeconomic variables (e.g., GDP, inflation, interest rates)
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and their effects on portfolios, liquidity, and credit risk.
Monte Carlo simulations, a statistical method involving
repeated random sampling, are commonly used to model the
probability distribution of financial outcomes under
uncertainty.

Monte Carlo simulations are computationally intensive and
benefit significantly from the parallel processing capabilities
of distributed engines like Spark. With cloud-native data
lakes, institutions can run millions of simulation paths across
multiple risk factors and time horizons. These simulations
can be linked to regulatory requirements (e.g., CCAR,
DFAST), enabling automated compliance reporting with
transparency into assumptions and sensitivities.
Additionally, data lakes support the integration of external
datasets—such as climate risk models or pandemic outbreak
scenarios—into stress testing frameworks, enhancing
preparedness  for  non-traditional  systemic  risks.
Visualizations of tail risk distributions, Value at Risk (VaR),
and Conditional VaR can be integrated into risk dashboards,
providing stakeholders with intuitive insights into exposure
levels.

Advanced financial modelling has evolved from static,
spreadsheet-based processes into dynamic, data-intensive
analytics pipelines. Cloud-native data lake architectures
provide the necessary infrastructure for these use cases by
supporting high-throughput data ingestion, distributed
processing, machine learning integration, and robust
governance. Whether it is predicting borrower defaults,
optimizing portfolios, powering algorithmic trades, or
simulating systemic shocks, financial institutions stand to
gain precision, agility, and strategic foresight by embracing
these technologies. As data volumes and regulatory
expectations continue to rise, cloud-native architectures will
remain central to maintaining financial resilience and
competitive advantage in the digital era.

2.4 Compliance and Regulatory Analytics

Compliance and regulatory analytics have become central
pillars in the data management strategies of financial
institutions. As global regulatory environments continue to
grow in complexity and intensity, institutions are
increasingly turning to advanced analytics, automation, and
real-time data processing to maintain compliance and
mitigate operational and reputational risk (Alter and
Raustiala, 2018; Baker et al., 2019). Regulatory frameworks
such as Basel 111/1V, MiFID Il, and IFRS 9, along with anti-
money laundering (AML) and Know Your Customer (KYC)
requirements, necessitate agile, transparent, and traceable
data infrastructures. Modern data platforms, particularly
those leveraging cloud-native and data lake architectures, are
reshaping how financial institutions meet these challenges by
embedding compliance directly into data workflows.

One of the most critical use cases for regulatory analytics is
real-time anti-money laundering (AML) detection.
Traditional AML systems relied on static rules and post-
transaction monitoring, which often resulted in high false-
positive rates and delayed detection. With the advent of real-
time data processing and machine learning models, financial
institutions can now identify suspicious behavior patterns as
transactions occur. These systems ingest data from multiple
sources—transaction histories,  customer  profiles,
geolocation data, and external watchlists—and apply
dynamic behavioral models to detect anomalies indicative of
money laundering or fraud. The real-time nature of these
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platforms enables financial institutions to flag, investigate,
and report suspicious activity almost instantaneously,
aligning with regulatory mandates under AMLD5 and the
U.S. Bank Secrecy Act.

Similarly, Know Your Customer (KYC) processes have
evolved from static onboarding checklists into dynamic, data-
driven frameworks. KYC compliance requires the continuous
verification of customer identities, risk profiles, and
transactional behavior. Advanced analytics platforms now
automate identity verification using biometric data,
document recognition, and cross-referencing with global
sanction lists and politically exposed person (PEP) databases.
Integration with data lakes allows financial institutions to
maintain longitudinal customer profiles enriched with
structured and unstructured data, enabling proactive risk
scoring and alerts for unusual behavior. Automated KYC not
only reduces onboarding friction but also strengthens the
institution’s ability to detect identity fraud and maintain
ongoing customer due diligence as required by global
regulators.

Regulatory reporting obligations under Basel 111/1V, MiFID
I, and IFRS 9 have significantly increased the granularity
and timeliness of required disclosures. Basel 111/ mandates
comprehensive reporting on credit, market, and operational
risks, demanding that institutions aggregate risk exposures
across entities and geographies. MiFID 11 requires detailed
transaction reporting, market transparency, and investor
protection measures, while IFRS 9 introduces forward-
looking expected credit loss (ECL) models for financial
instruments. Meeting these requirements necessitates an
infrastructure capable of managing high-volume, multi-
source data with auditability and time-series consistency.
Data lake architectures, integrated with real-time ingestion
and advanced analytics, allow institutions to standardize and
model regulatory data at scale (Chessell et al., 2018; Gorelik,
2019). These platforms support compliance by automating
the generation, validation, and submission of regulatory
reports, reducing manual intervention and improving data
accuracy.

A cornerstone of effective compliance analytics is robust data
lineage and auditability. Regulatory bodies increasingly
require financial institutions to demonstrate not just the
output of analytics but the origin, transformation, and control
processes of the underlying data. Data lineage tools track the
full lifecycle of data assets—from ingestion through
transformation to reporting—providing transparency into
how compliance data is generated. This includes metadata
such as timestamps, data sources, processing logic, and
access logs. In the event of an audit or regulatory inquiry,
institutions can produce a verifiable trail of how each data
point was processed and validated. This capability is essential
for demonstrating adherence to principles such as those laid
out in BCBS 239 for risk data aggregation and reporting.
Compliance and regulatory analytics are no longer back-
office functions but strategic enablers of trust, transparency,
and operational resilience in financial institutions. The
integration of real-time AML detection, intelligent KYC
processes, and scalable regulatory reporting frameworks into
modern data platforms allows institutions to respond to
regulatory requirements proactively and efficiently. With
increasing scrutiny from regulators and the growing
sophistication of financial crimes, the role of data-driven
compliance will continue to expand, requiring ongoing
investment in technology, data governance, and advanced
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analytics capabilities.

2.5 Advantages of Cloud-Native Data Lakes in Finance
Cloud-native data lakes have emerged as a critical enabler for
digital transformation in the financial services sector,
offering a robust foundation for handling complex, high-
volume, and fast-changing data environments. Unlike
traditional on-premises data warehouses, cloud-native data
lakes leverage the architectural flexibility of cloud computing
to support a broad range of analytical and operational use
cases as shown in figure 2(Burr, 2019; Vance et al., 2019).
Their design principles—scalability, schema-on-read, Al/ML
integration, and cost-efficiency—align closely with the
evolving needs of financial institutions, particularly in
managing high-frequency trading data, regulatory
compliance, fraud detection, and personalized customer
services.

One of the most prominent advantages of cloud-native data
lakes is their scalability and elasticity, which are essential for
processing high-frequency data in financial markets.
Financial institutions deal with massive volumes of streaming
data from trading platforms, market feeds, customer
transactions, and loT-enabled devices such as ATMs and
point-of-sale systems. Traditional systems struggle to handle
the velocity and variability of such data. Cloud-native data
lakes, by contrast, separate storage and compute resources,
allowing them to dynamically scale infrastructure in response
to workload demands. This elasticity ensures that institutions
can ingest, store, and analyze terabytes or even petabytes of
data without performance degradation, making it suitable for
latency-sensitive use cases like real-time portfolio
optimization or risk assessment during volatile market
conditions.

Scalability and

elasticity for high-
frequency data

Integration with
Al/ML frameworks
for real-time
insights

Schema-on-read
for diverse
financial datasets

I Costefficiency and [

pay-per-use
models

Fig 2: Advantages of Cloud-Native Data Lakes in Finance

Another core feature is the schema-on-read approach, which
supports the ingestion and analysis of diverse financial
datasets. Financial data originates from a multitude of
sources—structured relational databases, semi-structured
formats like JSON or XML from APIs, and unstructured data
such as contracts, emails, and voice transcripts. Schema-on-
read defers the imposition of a rigid schema until data is
queried, enabling institutions to store data in its raw form and
apply multiple interpretations based on the analysis context.
This flexibility is particularly useful in regulatory reporting,
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where different compliance frameworks require different
views of the same data. It also facilitates exploratory
analytics and machine learning, allowing data scientists to
iterate over various data formats without undergoing time-
intensive schema transformations.

Cloud-native data lakes are also designed to integrate
seamlessly with Al and machine learning (ML) frameworks,
enabling the development of intelligent, real-time analytics
capabilities. Platforms such as Amazon S3 with AWS
SageMaker, Google Cloud Storage with Vertex Al, and
Azure Data Lake with ML Studio offer pre-integrated
environments for training, deploying, and monitoring ML
models directly on top of large-scale financial datasets. This
integration allows financial institutions to build use cases
such as predictive credit scoring, fraud detection, automated
loan underwriting, and sentiment analysis from customer
interactions. In real-time scenarios, streaming data can be fed
into models hosted in the cloud to generate immediate
insights and trigger automated actions, such as flagging
suspicious transactions or dynamically adjusting credit
limits. The availability of GPUs and distributed training
infrastructure further enhances the capacity to work with
large and complex models, improving the precision and
scalability of financial Al applications (Hazelwood et al.,
2018; Sharma, 2019).

In addition to performance and intelligence, cloud-native data
lakes offer cost-efficiency through pay-per-use pricing
models. Traditional data infrastructure requires upfront
investment in hardware, ongoing maintenance, and capacity
planning to accommodate peak loads—often leading to
underutilization and sunk costs. In contrast, cloud-native
platforms charge based on actual usage, including compute
time, storage volume, and data transfer. This allows financial
institutions to align infrastructure costs directly with business
activities, such as increasing compute power during end-of-
quarter reporting or reducing storage tiers for archived data.
Tiered storage models and serverless query engines further
reduce costs by allowing data to reside in low-cost object
storage while being queried on demand without provisioning
persistent resources.

Cloud-native data lakes represent a transformative shift in
how financial institutions manage, analyze, and derive value
from data. Their scalability and elasticity address the
demands of high-frequency, high-volume environments.
Schema-on-read capabilities allow for flexible, multi-
purpose data usage. Native integration with Al/ML
frameworks accelerates the development of intelligent
financial services, and cost-efficient pay-per-use models
reduce the financial and operational burden of data
infrastructure. As financial markets continue to evolve in
complexity and speed, cloud-native data lakes will remain
central to institutions’ ability to compete, comply, and
innovate at scale (Scholl et al., 2019; Gonugunta and Leo,
2019).

2.6 Challenges and Mitigation Strategies

As financial institutions transition to cloud-native data lake
architectures to support advanced modeling and regulatory
analytics, they encounter a range of technical, operational,
and strategic challenges. While these architectures offer
unprecedented scalability, flexibility, and performance, their
effective deployment in the finance sector requires careful
navigation of issues such as data quality, access control,
regulatory compliance, and vendor dependence as shown in
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figure 3(Palanivel, 2019; Bayyapu et al., 2019). This
examines these challenges in detail and outlines
corresponding mitigation strategies to ensure robust, secure,
and compliant data lake ecosystems.

Financial data is inherently diverse, sourced from transaction
systems, customer records, market feeds, and third-party
services, resulting in heterogeneous formats and varying
degrees of quality. Inconsistent schema definitions, missing
values, outdated records, and lack of metadata can
compromise the integrity of financial models, leading to
flawed forecasts or regulatory misreporting.

To address these issues, organizations must adopt a
comprehensive data governance framework. This includes
data profiling tools to assess completeness, accuracy, and
consistency, alongside automated data cleansing pipelines for
anomaly detection and correction. Schema evolution support
via tools like Apache Avro or Delta Lake enables flexible
management of changing data structures without disrupting
downstream applications. Furthermore, enforcing metadata
standards through cataloging services such as AWS Glue,
Google Cloud Dataplex, or Apache Hive Metastore ensures
traceability and transparency across the data lifecycle.

With sensitive financial and personal information stored in
cloud-native data lakes, security is paramount. Improper
configuration or weak access policies can expose institutions
to data breaches, fraud, and regulatory penalties. The
challenge lies in implementing granular access control across
distributed environments without hindering analytical
workflows.

Data quality Security and

and access control

heterogeneity

Regulatory
compliancein
multi-tenant
environments

Vendor lock-in
and
interoperability

Fig 3: Challenges and Mitigation Strategies

Mitigation strategies involve the implementation of robust
Identity and Access Management (IAM) protocols,
supporting role-based and attribute-based access controls.
Encryption should be applied both at rest (e.g., with AWS
KMS or Azure Key Vault) and in transit using TLS protocols.
Tokenization and anonymization techniques further
safeguard personally identifiable information (PIl) in
compliance with regulations such as GDPR and CCPA.
Monitoring tools like AWS CloudTrail or Azure Monitor
provide audit logs for all access and data manipulation
events, enabling real-time threat detection and forensic
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investigation.

Cloud-native environments, particularly public clouds, often
operate on multi-tenant architectures where infrastructure is
shared across clients. Financial institutions, subject to strict
data residency, segregation, and auditability requirements,
must ensure that compliance is not compromised by this
shared model.

To mitigate compliance risks, organizations should choose
cloud providers with financial-grade  compliance
certifications, such as ISO/IEC 27001, SOC 2 Type I, PCI
DSS, and regional standards like GDPR, MiFID 11, or APRA.
Logical and physical data isolation mechanisms—such as
Virtual Private Clouds (VPCs), private endpoints, and
dedicated tenant services—must be employed to prevent
cross-tenant data leakage. Additionally, real-time compliance
monitoring tools can track configuration drift and flag
potential violations, while policy-as-code frameworks (e.g.,
Open Policy Agent) automate enforcement of data
governance policies across environments.

A significant challenge in cloud-native data lake adoption is
the risk of vendor lock-in—where institutions become tightly
coupled to a single cloud provider’s tools, APIs, and
proprietary data formats. This dependency can restrict
portability, complicate integration with other platforms, and
inflate long-term costs.

To mitigate vendor lock-in, financial institutions should
adopt open-source and open-standard technologies where
possible. Storage formats such as Parquet, ORC, and Avro
ensure data portability, while data lake engines like Apache
Spark, Presto, and Apache Flink offer cross-platform
compatibility. Implementing a multi-cloud or hybrid-cloud
strategy allows institutions to distribute workloads across
providers, improving resilience and negotiating power.
Containerization and orchestration technologies such as
Kubernetes, along with data virtualization layers, further
enhance portability and simplify integration across disparate
systems (Watada et al., 2019; Truyen et al., 2019).

While cloud-native data lake architectures promise
transformative benefits for financial modeling and
compliance, their implementation is accompanied by
complex challenges. Addressing data quality, enforcing strict
security, achieving regulatory compliance in shared
environments, and avoiding vendor lock-in are essential to
building a trustworthy and future-proof data infrastructure.
Through a combination of best-practice governance, open
standards, and strategic architectural choices, financial
institutions can fully leverage the potential of data lakes while
safeguarding operational integrity, regulatory standing, and
long-term adaptability.

2.7 Future Directions

As financial institutions continue to modernize their data
infrastructure, future advancements in cloud-native data
management will be shaped by emerging paradigms that
prioritize decentralization, privacy, sustainability, and low-
latency computing. Innovations such as real-time data mesh
architectures, federated learning, ESG data integration, and
edge computing are poised to redefine how financial data is
accessed, modeled, and leveraged (Freeman et al., 2017
Leignel et al., 2019). These developments are particularly
significant as the financial sector faces mounting pressure to
deliver faster insights, ensure data privacy, address
environmental and social governance (ESG) concerns, and
meet the computational demands of increasingly complex
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and time-sensitive workloads.

One of the most promising directions is the integration of
real-time data mesh architectures. Unlike traditional
centralized data lakes or warehouses, data mesh is a
decentralized approach to data architecture that treats data as
a product and assigns ownership to domain-specific teams. In
a financial context, this could mean giving distinct ownership
to teams managing data for trading, risk, compliance, and
customer analytics. Real-time data mesh architectures build
on this concept by integrating streaming data pipelines,
enabling teams to consume and serve fresh data without
relying on centralized ingestion or transformation layers.
This decentralization accelerates the delivery of insights,
improves agility, and enhances governance by embedding
compliance and quality controls directly into the domain
teams. When built atop cloud-native platforms, real-time data
mesh enables scalable, event-driven architectures ideal for
high-frequency trading, fraud detection, and dynamic credit
risk assessment.

Another transformative development is federated learning, a
privacy-preserving machine learning paradigm that trains
models across decentralized data sources without transferring
raw data. This approach is particularly relevant for financial
institutions that handle sensitive customer data protected by
regulations like GDPR, CCPA, and financial confidentiality
laws. In federated learning, model updates—not data—are
shared between clients and a central server, allowing
collaborative training across branches, subsidiaries, or even
institutions while preserving data locality. This is especially
valuable for credit risk modeling, anti-money laundering
detection, and financial forecasting in multinational contexts
where data sovereignty is a concern. Federated learning not
only enhances data privacy but also enables more inclusive
modeling by leveraging underrepresented or geographically
dispersed datasets that would otherwise be excluded from
centralized training.

As environmental, social, and governance (ESG)
considerations gain traction across global finance, integrating
ESG data into financial analytics is becoming a strategic
imperative. Financial institutions are under increasing
pressure from regulators, investors, and clients to account for
climate risk, social responsibility, and corporate governance
in their decision-making processes. However, ESG data is
often unstructured, inconsistent, and sourced from a wide
range of providers including satellite imagery, NGO reports,
sustainability disclosures, and third-party ratings. Cloud-
native data lakes are well-suited for ingesting and
harmonizing these disparate sources, enabling the
construction of comprehensive ESG metrics (Howson et al.,
2018; Burr, 2019). Going further, integrating ESG data with
transactional and portfolio data allows institutions to develop
sustainability analytics, such as carbon-adjusted credit
scores, green bond performance tracking, and climate stress
testing. As regulatory bodies like the EU and SEC push for
more standardized ESG disclosures, financial institutions
will need to embed ESG analytics deeply into their data
ecosystems.

Lastly, edge computing is poised to play a critical role in
supporting latency-sensitive financial applications. Edge
computing involves processing data closer to its source—
such as on ATMs, trading terminals, mobile devices, or
branch servers—rather than transmitting it to centralized
cloud environments. This is particularly advantageous in
applications like real-time payment authorization, biometric
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identity verification, fraud detection at the point of sale, and
mobile banking personalization. By deploying lightweight
analytics and machine learning models at the edge,
institutions can achieve sub-millisecond response times,
reduce bandwidth consumption, and ensure service
continuity even in network-constrained environments.
Coupled with cloud-native orchestration tools like
Kubernetes and containerized microservices, edge computing
can be dynamically managed and scaled, supporting hybrid
models that intelligently balance cloud and edge resources.
The future of cloud-native financial data management is
rapidly expanding beyond centralized architectures toward
distributed, privacy-aware, sustainable, and latency-
optimized paradigms. Real-time data mesh, federated
learning, ESG data integration, and edge computing represent
the next frontier in enabling agile, responsible, and intelligent
financial services. Financial institutions that invest early in
these capabilities will be better positioned to navigate
regulatory complexity, enhance customer experience, and
lead in the era of data-driven finance (Aaron et al., 2017; Al-
Ajlouni, 2018; Zachariadis et al., 2019).

3. Conclusion

Cloud-native data lake architectures represent a paradigm
shift in how financial institutions manage, analyze, and
derive value from large-scale, heterogeneous data. These
architectures offer substantial advantages over traditional
data management systems, including elastic storage and
compute separation, support for both batch and streaming
ingestion, and the ability to handle structured, semi-
structured, and unstructured data within a unified framework.
The integration of advanced processing engines such as
Apache Spark, Flink, and Presto, along with robust metadata
cataloging and fine-grained governance layers, enables
scalable, real-time analytics critical for advanced financial
modeling and regulatory compliance.

From a strategic perspective, the adoption of cloud-native
data lakes equips financial institutions with the agility to
respond to rapidly changing market dynamics, regulatory
updates, and evolving customer expectations. Use cases such
as credit risk modeling, stress testing, personalized financial
services, and real-time fraud detection benefit immensely
from the architectural flexibility and performance
optimization provided by these systems. Moreover, the
ability to automate compliance reporting and ensure
auditability through immutable logs and data lineage tracking
further underscores their relevance in today’s complex
regulatory environment.

Given these benefits, financial institutions are encouraged to
prioritize the adoption of cloud-native data lake architectures
as a core component of their digital transformation initiatives.
However, success requires more than just technical
implementation—it demands organizational readiness in data
governance, security, and cross-functional collaboration.
Institutions must develop clear policies around data quality,
access control, compliance monitoring, and vendor
interoperability to maximize returns on investment. As data
volumes continue to grow and financial modeling becomes
increasingly sophisticated, cloud-native data lakes will be
indispensable for maintaining competitiveness, ensuring
regulatory compliance, and unlocking future innovation in
the financial sector.
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