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Abstract: As financial data management changes quickly, it has become imperative to have a scalable framework that adapts
to these transformations and can support real-time risk scoring in data lake applications. Batch processing-based traditional
ETL pipelines rarely deliver the agility and complexity required to handle today's financial transactions, especially when
connecting subledger systems with external market feeds. This research focuses on the design and development of a cloud
ETL architecture on Azure with PySpark and SQL to facilitate the integration of structured and unstructured data streams. The
industry reports show that global investments in financial data lakes are more than $12 billion, with more than 70% of financial
institutions emphasizing the importance of data architect positions for ensuring resilience and compliance. The proposed
solution reads subledger data and market feed and applies adaptive transformations to cleanse, normalize and enrich the data
in a centralized data lake. The results show an increase in fraud detection accuracy, a decrease in time spent assessing a credit
risk, and easy integration with BI dashboards for real-time data visualization. The adaptive ETL design also complies with the
requirements of IFRS 9 and Basel I1I for schema evolution, scalability and regulatory transparency. This framework connects
operational data and analytical intelligence, providing a strategic platform for financial institutions to become resilient,

compliant, and competitive in the data-driven economy.
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Introduction

Scalable adaptive ETL workflows are
increasingly essential in the finance space for
providing real time risk scoring in today's data lake
environment. Financial institutions are leveraging
cloud ETL solutions, such as Azure, to break from
the confines of the subledger and design flexible
pipelines to manage high-velocity transactions.
More than 70% of banks are seeking data architects
to create robust ETL workflows and connect BI and
SQL to provide immediate insights into data, says
Gartner. Financial data lakes and cloud ETL are
expected to see global spending surpass $12 billion
in response to regulatory demands for transparency,
and quick risk assessments. Adaptive ETL
guarantees the timely synchronization of structured
subledger entries and unstructured market feeds,
minimizing fraud detection and credit scoring
latency. As fintech businesses grow, orchestrating
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ETL pipelines across an Azure data lake with BI

dashboards is no longer a choice, it's a requirement
in competition.

Problem Statement

The key challenge when designing scalable
adaptive ETL frameworks for real-time risk scoring
in financial data lakes is speed vs accuracy vs
compliance. Many traditional subledger systems and
legacy ETL pipelines are unable to process large
volumes of transactional data in an agile manner for
the finance domain to support today's risk models.
According to market reports, more than 65% of
banks are experiencing latency problems in
connecting BI dashboards to SQL queries through
cloud ETL platforms, such as Azure, causing
delayed fraud detection and credit risk evaluation. In
addition, broken structures add to operating costs
and hamper regulatory clarity, particularly when
complying with Basel III and IFRS 9 standards. If
you haven't integrated adaptive ETL, you are
running the risk of having data that is not uniform,
isn't scalable, and doesn't provide real-time insights.
This means there is a real need for data architects to
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create resilient, cloud-native, ETL pipelines that
bring together all the subledger entries and all the
market feeds into a single trustworthy data lake, in
order to use it for instant risk scoring.

Literature review

Guntupalli (2021) states that scalable adaptive ETL
frameworks in finance have been discussed in the
literature, wherein the need for real-time integration
of subledger data with market feeds to support risk
scoring in data lake environments are discussed. It is
important to note that while traditional ETL
pipelines are trustworthy, they're not agile enough to
support high velocity financial transactions and
that's why the focus is switching toward cloud ETL
solutions on platforms such as Azure. According to
industry reports, more than 68% of banks worldwide
are using cloud-native ETL for reduced latency and
compliance; the financial data lake market will reach
more than $15 billion by 2027. Maniar ef al., (2021)
highlights that the researchers say adaptive ETL
allows for schema changes that evolve over time,
which allows both structured and unstructured data
to be seamlessly ingested for BI and SQL-driven
analytics. Adaptive ETL frameworks are shown to
cut fraud detection times by up to 40% in financial
institutions according to recent evidence from
Deloitte and Accenture, and increase transparency in
accordance with IFRS 9 and Basel III regulations.
Additionally, the data architect has emerged as a
critical designer in the creation of resiliant and
scalable ETL pipelines that integrate subledger data
and external market data in a controlled and
managed manner. Rahul (2021) states that literature
as a whole highlight that adaptive ETL is not a mere
technical improvement but a key strategy for
financial services to gain a competitive edge in
real-time risk scoring.

Materials and Methods

This study is focused on how to design a
cloud ETL pipeline to process transaction and
subledger entry in Azure Data Lake for a real-time
risk scoring requirement in financial domain. The
data architect used a modular approach that involved
SQL scripts and Python code for dynamic schema
mapping and adaptive transformations. Structured
subledger data and unstructured market feeds were
loaded into the data lake, and subjected to cleansing,
normalization, and enrichment rules in the ETL
workflow. Azure Data Factory was used for
orchestrating the pipeline and scalable parallel
transformations were performed using PySpark
scripts (Arul, 2021). BI dashboards were used to
combine risk scoring models and see fraud detection
and credit risk metrics at a glance. The coding
standard focused on the ability to have functions that
can be reused, error handling, and metadata logging
to ensure compliance and transparency. For
financial institutions, this adaptive ETL design
provided high-speed, low-latency, and regulatory
compliance (Maniar et al., 2021).

Results
1. Real-Time Subledger Integration

The adaptive ETL pipeline has been able to
ingest many of these subledger entries into the
Azure Data Lake in a near real-time fashion and
synchronize with the transactional systems.
Traditional batch ETL meant slow ingestion of data
within several hours per transaction, but with the
PySpark ingestion it took less than 5 seconds per
transaction (Aitha, 2021). This enhancement
enabled financial institutions to have up-to-date
subledger balances and also to fill in financial risk
scoring models. The integration also included
schema evolution, which allowed for the addition of
new subledger attributes without impacting any
current processes.
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Figure 1: ETL Process

There is market evidence of banks adopting
real-time subledger ETL that directly accelerates
compliance for IFRS 9 by reducing reconciliation
errors by 35%. The pipeline integrated structured
subledger data with unstructured market feed to
deliver a consistent data source for downstream BI
dashboards and SQL queries. This allowed for the
risk analysts to have consistent and reliable data for
fraud detection and credit scoring, making subledger
integration an integral part of adaptive ETL success
(Muntala, 2021).

DATA WAREHOUSE ANALYTICS
2. Market Feed Normalization
The ETL  framework  successfully

processed unstructured market feeds such as CSV
and JSON files and was able to load the data into the
data lake in a normalized format (Seenivasan, 2021).
The pipeline cleansing rules and
deduplication in PySpark transformations, along
with formatting currencies. This normalization was
essential since the markets were not consistent; this
resulted in risk scoring that was incorrect.

utilized

Table 1: ETL-Based Market Feed Normalization for Real-Time Financial Risk Scoring

Result Area Findings Impact on  Financial Risk
Management

Processing of | The ETL framework processed CSV and JSON | Improved integration of fragmented

Unstructured Data market feeds and loaded them into the data lake | market data into centralized systems.

in normalized formats.

Data Cleansing and

PySpark transformations applied cleansing

Increased data consistency and

Deduplication rules, deduplication, and currency formatting. | reduced inaccuracies in risk scoring.
Correlation with | ETL processes linked market feeds with | Enhanced reliability and accuracy of
Subledger Entries subledger records for coherent datasets. financial risk models.

Improvement in Credit

Industry findings indicated that normalized

Strengthened predictive capability

Risk Accuracy feeds improved credit risk model accuracy by | and financial risk assessment.

up to 22%.
Dynamic Source | Adaptive ETL architecture enabled the addition | Increased scalability and reduced
Integration of new market data sources without manual | operational costs.

schema changes.
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Risk Scoring

continuous real-time risk evaluation.

SQL and BI | Analysts could directly access normalized feeds | Supported faster analysis and real-
Accessibility through SQL and BI dashboards. time decision-making.
Real-Time  Financial | Normalized market inputs became usable for | Improved responsiveness to changing

market conditions and compliance

requirements.

The ETL correlated feeds with subledger
entries in order to provide coherent sets of data for
the risk models. According to industry standards,
normalised market feeds lead to a credit risk model
being more accurate by up to 22%. The adaptive
design also enabled the dynamic addition of new
sources to the market, without having to change the
schemas manually. This flexibility minimized
operating costs and enhanced scalability. Analysts
can directly access normalized feeds via SQL and
use them to create BI dashboards for faster decision
making (Orlovskyi & Kopp, 2020). In the end, it was
the normalization of the fragmented inputs in the
market that became usable data for a real-time
financial risk scoring.

3. Risk Scoring Accuracy

The transformations in the ETL pipeline
directly contributed to improved accuracy of risk
scoring (Arul, 2021). The pipeline enabled the
creation of a “composite dataset” by associating
subledger transactions with the normalized market
feeds, accounting for both transactional and external
risk factors. PySpark applied conditional logic to
mark high value transactions (such as >100,000
units) as having high risk scores. This was
supplemented with metadata logging to provide
transparency of how scores were obtained, and was
further enhanced by a rule based scoring system.
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Figure: Risk Scoring Accuracy

According to Deloitte, adaptive ETL
pipelines can boost fraud detection accuracy by 40%
over static ETL pipelines (Guntupalli, 2021). The
pipeline actually helped to improve the accuracy of
credit risk assessments and helped institutions
allocate their resources more effectively by reducing
false-positive scores. The integration with BI
dashboards enabled real-time visualization of the
risk scores, enabling analysts to make immediate
decisions. The inclusion of adaptive logic within the
ETL process provided greater reliability and speed

in risk scoring while meeting the regulatory
requirements for transparency.

4. Scalability and Performance

The ETL framework had good
performance and scalability. The pipeline leveraged
Azure Data Factory orchestration and PySpark
parallelism, without degradation in the ability to
process millions of records per minute. For
traditional ETL systems, throughput is a problem,
but adaptive coding guaranteed horizontal scaling
for distributed clusters (Badgujar, 2021).
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Figure: Evolution of Data Architecture: From Data Warehouse to Data Lakehouse.

The data indicates that banks with cloud-
native ETL processes are 2.5 times faster than those
with on-premise ETL processes. The modular
design of the pipeline enabled re-use of its
components, thus lowering development time and
maintenance expenses. Through performance
monitoring, the outputs from the risk score were
found to be consistently available within sub-second
response times when queried through SQL. This
scalability was also applied to schema evolution so
new attributes can be added dynamically without
downtime. This made it easy to have the ETL
pipeline scale with the increasing size of the
financial data
(Maniar et al., 2021). The framework was designed

to be scalable and adaptable to accommodate
varying data types and volumes, while also offering
a robust infrastructure for real-time risk assessment
and scoring in financial data lakes.

5. BI and SQL Integration

The result indicated seamless integration of
BI and SQL into the ETL pipeline. The risk scoring
results were saved directly to the Azure Data Lake
for easy access in Azure SQL and BI dashboards.
This integration connected the technical ETL
processes and business decision-making. Executives
could view BI dashboards for high level insights and
analysts could run ad-hoc SQL queries to drill into
risk scores (de Carvalho Mota, 2021).

Table 2: Integration of BI and SQL within the ETL Pipeline for Risk Management and Compliance
Reporting

Result Area Findings

Impact on Banking Operations

Integration with ETL

BI and SQL | The ETL pipeline was seamlessly integrated | Improved
with BI dashboards and Azure SQL systems.

connectivity between
technical ETL operations and business
intelligence processes.
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Risk Score Storage Risk scoring outputs were directly stored in | Enabled faster access to risk data for
Azure Data Lake for accessibility. reporting, analytics, and compliance
monitoring.
Executive  Decision | Executives accessed BI dashboards for | Enhanced real-time decision-making and
Support strategic insights, while analysts used SQL | operational transparency.
queries for detailed analysis.
Reduction in | Bl-integrated ETL  pipelines reduced | Increased efficiency and speed of Basel
Reporting Cycle reporting cycles by nearly 50%. IIT compliance reporting.
Real-Time Data | Adaptive ETL design continuously supplied | Improved reporting accuracy and
Availability updated data to BI dashboards without batch | minimized latency in risk assessment.
delays.
Predictive  Analytics | Integrated ETL framework supported | Enabled proactive risk management and
Capability predictive analytics and risk trend forecasting. | future financial planning.
Stakeholder Finance, compliance, and operations teams | Strengthened cross-functional
Collaboration shared unified ETL outputs. coordination and timely decision-
making.

The Accenture research reveals that BI-
integrated ETL pipelines can cut reporting cycles in
half, thus increasing the speed of Basel III
compliance reporting. The adaptive design meant
that the BI dashboards were always supplied with
the freshest data and without the lag of batch ETL.
This integration also enabled predictive analytics
functions which enabled institutions to predict the
trends of risk. This integrated framework provided
finance, compliance, and operations stakeholders
with a seamless web of ETL outputs that enabled
them to make decisions in time (Parepalli, 2020).

Discussion

Scalable adaptive ETL in financial data
lake environments is a paradigm shift in financial
data management, processing, and analysis. The
conversation focuses on the synergy of cloud ETL,
cloud data lake, and BI-SQL integration
technologies which together create agility,
transparency, and predictive intelligence in dealing
with financials. Typical ETL (Extract, Transform,
Load) pipelines are batch-based and less flexible in
nature, which are not suitable for the velocity and
complexity of today's financial transactions (Mishra,
2020). Adaptive ETL frameworks, on the other
hand, use Azure Data Factory, PySpark, and SQL
orchestration to dynamically import and transform
subledger as well as market feed data. This
adaptability ensures schema evolution, fault

tolerance, and compliance with regulatory standards
such as IFRS 9 and Basel III.

The need for this transformation is clearly
evidenced in the market. According to IDC, global
spending on financial data lakes exceeded $12
billion, and more than 70% of banks have a team
focused on data architects to develop resilient ETL
workflows. According to Deloitte, the incorporation
of these frameworks with BI dashboards and SQL
analytics has cut the time needed to detect fraud by
up to 40%. The improvement highlights the ability
of adaptive ETL to align structured subledger data
with unstructured market feeds to power real-time
risk scoring and anomaly detection. The cloud ETL
architecture is also based on Azure, which provides
additional scalability, enabling million records per
minute processing with low latency (Arul, 2021).

Technically, the coding structure that was
created in this study showed the possibility of
integrating all of these data sources into a single
analytical level by using PySpark transformations
and SQL joins. The ETL pipeline can not only
cleanse and normalize data, but also use conditional
logic to dynamically assign risk scores. This
automation helps to minimize manual involvement
and creates uniformity in the financial reporting
systems. This data lake will be used to store
historical and streaming data, and it will be
important for predictive modelling and real-time
decision-making.
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Conclusion

The study concludes that scalable adaptive
ETL frameworks are key to delivering real-time risk
scoring and operational efficiency in financial data
lake environments. Cloud ETL via Azure eliminates
latency, fragmentation, and compliance issues that
plague legacy systems by consolidating subledger,
market data, and transactional data into one place.
The coding implementation, which was done using
PySpark and SQL, confirmed that the framework
has the capability of processing data streams with
high velocity with accuracy and transparency. The
outcomes were remarkable in terms of faster fraud
detection, more accurate risk scoring and better BI-
based decision support.

In addition, as data goes from being stored
in silos to becoming part of a data lakehouse
architecture, scalability and governance
improved and technical and business teams can
collaborate seamlessly. In conclusion, adaptive ETL
frameworks are a strategic cornerstone of
contemporary  financial facilitating
seamless schema changes, real-time insights, and

arc

analytics,

compliance with regulations. With the growth of
financial data, the use of cloud-native ETL solutions
will continue to be critical for maintaining
performance and trust. In the end, it is a strategy that
shifts data management from being a reactive
practice to adopting a proactive intelligence system
that helps finance organizations become resilient,
compliant, and innovative.
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